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RESUME

Cette these adopte une approche programmatique visant a amener les grands modeles de
langage a consacrer leur capacité la ou celle-ci est la plus utile. Nous étudions quatre axes,
chacun répondant a une contrainte pratique moderne du traitement automatique des langues,
et proposons des conceptions qui, mises ensemble, tracent un chemin cohérent allant de la

structuration des entrées a la structuration architecturale.

Dans le Chapitre 2, pour le résumé de documents longs, nous placons en amont du générateur
Transformer une étape de sélection légere et contrainte, montrant que le conditionnement sur
une esquisse compacte favorise une abstraction véritable plutot que la copie de surface, sur

des évaluations de longs textes telles que arXiv, PubMed, Newsroom et BigPatent.

Dans le Chapitre 3, pour 'apprentissage multi-taches économe en parametres, nous figeons la
majeure partie des poids du modele et entrainons de petits modules d’adaptation conditionnés
par la tache, jumelée a une politique d’échantillonnage explicite qui priorise les taches selon
la taille du jeu de données et I'incertitude prédictive (pondérée par 'incertitude) a budget de
poids entrainés contraints. Notre adaptateur hyperréseau multi-taches réduit l'interférence
tout en améliorant le transfert sur plusieurs jeux de référence de classification de texte et de

compréhension linguistique.

Dans le Chapitre 4, nous traitons ’ambiguité inhérente a la génération linguistique qui appa-
rait lorsque les requétes des utilisateurs omettent un contexte crucial. L’absence d’informations
propres a l'utilisateur ou a la tache conduit les modeles a produire des sorties plausibles mais
mal alignées, ce qui dégrade la qualité et provoque souvent des reprises cotiteuses. Au moyen
d’évaluations ciblées en génération interlingue, nous reconcevons la génération comme 1'étape
finale d’'une breve interaction qui pose, avant le décodage, des questions ciblées pour révéler
les préférences manquantes (degré de formalité, réalisation du genre, résolution des pronoms).
Conditionner le modele sur ces clarifications I'oriente vers une réponse mieux alignée des le
premier passage, dans une courte phase d’élucidation, ce qui réduit I'incertitude sans allonger

la génération.

Dans le Chapitre 5, pour la modélisation linguistique a longue portée, nous présentons les
Block-State Transformers, une couche hybride combinant un modele en espace d’état, pour
une propagation efficace a long horizon, et une attention par blocs, pour un mélange local
sensible au contenu, offrant des compromis perplexité-mémoire favorables sur de longues
fenétres de contexte ainsi que de solides performances sur les jeux de tests Long Range

Arena.



Au fil des chapitres, le fil conducteur consiste a clarifier ’essentiel avant le décodage ou la
prédiction - en sélectionnant, en conditionnant, en interagissant ou en hybridant - afin de
concentrer la capacité préentrainée sur les parties de chaque probleme qui en ont le plus
besoin. Le Chapitre 6 synthétise ces axes et expose les liens avec les travaux récents ainsi

que les prolongements futurs des LLM efficaces.
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ABSTRACT

This thesis takes a programmatic view of getting large language models to spend capacity
where it matters. We study four settings each addressing a practical pressure in modern
Natural Language Processing and report designs that, taken together, form a coherent path

from input structuring to architectural structuring.

In Chapter 2, for long-document summarization we place a lightweight, constrained selection
step in front of a Transformer generator, showing that conditioning on a compact sketch
encourages genuine abstraction over surface copying across long text evaluations such as
arXiv, PubMed, Newsroom, and BigPatent.

In Chapter 3, for parameter-efficient multi-task learning we keep most of the Transformer lay-
ers frozen and route task variation through small, task-conditioned adapter modules, together
with an explicit sampling policy that prioritizes tasks by dataset size (temperature-scaled)
and predictive uncertainty (uncertainty-weighted) under a fixed trained-parameter budget.
Our multi-task hypernetwork adapter reduces interference while improving transfer on several

text classification and language understanding benchmarks with minimal added capacity.

In Chapter 4, we address the inherent ambiguity in language generation that arises when user
queries omit crucial context. Missing user-specific or task-specific information leads models
to produce plausible yet misaligned outputs, which degrades quality and often triggers costly
retries or longer prompts. With specific evaluations on cross-lingual generation, we recast
generation as the final step of a brief interaction that asks targeted pre-decoding questions
to surface the missing preferences (formality, gender realization, pronoun resolution). Condi-
tioning on these clarifications steers the model toward the intended output on the first pass,

within a brief elicitation phase, reducing uncertainty without lengthening generation.

In Chapter 5, for long-range language modeling we introduce Block-State Transformers, a
hybrid layer that composes a state-space models for efficient long-horizon propagation with
block-wise attention for local, content-aware mixing, yielding favorable perplexity—memory

trade-offs at long context and strong performance on Long Range Arena benchmarks.

Across chapters, the unifying theme is to clarify what matters before decoding or prediction
by selecting, conditioning, interacting, or hybridizing so that pretrained capacity is focused
on the parts of each problem that need it most. Chapter 6 synthesizes these threads and

outlines links to current works and future extensions of efficient LLMs.
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CHAPTER 1 INTRODUCTION

Building computer systems that handle human language without brittle, hand-written rules
has been a recurring ambition in AI. What began as carefully engineered pipelines gradu-
ally gave way to learning-based approaches that exploit the regularities latent in large text
corpora. Early neural language models showed that next-word prediction could induce use-
ful internal representations [41] where distributed word embeddings captured semantic and
syntactic affinities by predicting a word from its context and vice versa [42]. Yet recurrent
architectures effective at modeling sequences faced difficulties with long-range dependencies
and limited parallelism, constraining both the breadth of phenomena they could capture and

the practical scales at which they could be trained.

A decisive turn came with the Transformer, which replaces recurrence with self-attention [43].
Rather than propagating a state step by step, attention mixes information across positions
in a single, highly parallel operation. Multi-head variants compute several such mixtures
in parallel and then concatenate the results, allowing the model to represent a spectrum
of dependency patterns. This design unlocked deeper networks, better hardware efficiency,
and a shift toward pretraining on web-scale corpora. In encoder-decoder form (e.g., T5) the
same mechanism supports conditional generation, while in decoder-only form (e.g., GPT-3)

it enables left-to-right modeling with causal masks [44, 45].

Two pretraining paradigms became especially influential. The first is autoregressive modeling,
in which a decoder-only stack learns to predict the next token given its history, which aligns
directly with controlled generation and has proven surprisingly adaptable, with sufficiently
large models exhibiting in-context learning and few-shot generalization [45]. The second
paradigm is masked language modeling (MLM), in which an encoder reconstructs randomly
masked tokens from bidirectional context. The resulting contextual representations transfer
broadly after task-specific fine-tuning [46]. Unified text-to-text formulations subsequently
framed diverse NLP tasks within a single interface, streamlining transfer and comparison
[44]. Formal definitions and notation for these objectives and mechanisms are deferred to the

Definitions € base concepts section.

As capabilities scaled, the field’s attention shifted from can the model do it? to does the
model do what users actually want? Instruction tuning and reinforcement learning from
human feedback align pretrained models with user preferences without discarding their broad
competencies [47]. At the same time, practical constraints model size, serving cost, and the

need to support many tasks favored parameter-efficient adaptation. Rather than duplicating



billions of parameters for every task, lightweight adapters, prefix/prompt tuning, bias-only
updates, and low-rank modifications let practitioners keep a shared backbone and specialize
behavior with a small trainable budget [48, 49, 50, 51, 52]. These developments set the stage
for a thesis that treats large models not as monoliths to be fine-tuned wholesale, but as
flexible substrates whose inputs, parameter pathways, and training protocols can be shaped

to the demands of specific problems.

Against this backdrop, several recurring issues become salient in real applications. Long
documents scientific articles, patents, legal filings routinely exceed typical context lengths.
Even when longer contexts are feasible, naive conditioning can encourage extractive copying
rather than faithful abstraction. The core difficulty is not only one of sequence length but
also of content selection: deciding what to preserve, compress, and synthesize. Attention
mechanisms spread capacity broadly. Without a mechanism to privilege salient fragments,
generation can drift toward surface overlap instead of genuine distillation. A natural response
is to introduce a lightweight selection step that filters the source before generation. Such
a step narrows the model’s field of view to what matters most, making the downstream

decoder’s job better posed.

A second issue arises when one model must serve many tasks across domains and data regimes.
Full fine-tuning for each task is expensive to store and maintain, and naive joint training
can lead to interference and forgetting. Parameter-efficient modules and careful multi-task
sampling offer a more tractable path: keep much of the pretrained backbone fixed, and
let small, task-conditioned components absorb the necessary specialization. This approach
retains the benefits of pretraining while reducing the per-task footprint, enabling frequent
iteration and deployment in resource-constrained settings. It also reframes “transfer” as a
design space: which parameters should remain shared, which should be adapted, and how
should data from heterogeneous tasks be mixed so that low-resource tasks are not drowned

out?

A third issue concerns conditional generation under ambiguity, with machine translation as
a canonical example. For many inputs there is not a single correct output but a family of
acceptable choices whose selection depends on purpose, register, or domain conventions. A
model that is fluent but misaligned with these latent preferences may produce outputs that
are formally correct yet pragmatically wrong. Prompt hints can help, but short, lightweight
interaction before decoding can be more reliable: by asking a few targeted questions, the
system can resolve ambiguities and condition generation on explicit preferences. In effect,
the model reduces uncertainty about the user’s intent before committing to a single output,

much as a careful human translator would.



Finally, there is the question of long-range modeling under runtime constraints. Self-attention’s
quadratic complexity in sequence length strains memory and latency for very long inputs.
Efficient Transformer variants reduce this cost through sparsity, kernels, or linear approx-
imations of attention while state-space models (SSMs) offer subquadratic recurrences with
strong performance on certain long-sequence tasks [53]. Each family has complementary
strengths: attention excels at capturing local, content-dependent interactions. SSMs provide
scalable, stable mechanisms for long-range propagation. Composing them within a single
layer promises a better quality—efficiency trade-off than either alone, especially when imple-

mented to exploit model and data parallelism.

This is a thesis by article based on the following articles:

1. Pilault, J., Li, R., Subramanian, S. and Pal, C. (EMNLP 2020). On Extractive and

Abstractive Neural Document Summarization with Transformer Language Models [54].

2. Pilault, J., Amine El hattami and Pal, C. (ICLR 2021). Conditionally Adaptive Multi-
Task Learning: Improving Transfer Learning in NLP Using Fewer Parameters & Less
Data [50].

3. Pilault, J., Fathi, M., Firat, O., Pal, C., Bacon, P.-L. and Goroshin, R. (NeurIPS 2023).
Block-State Transformers [55].

4. Pilault, J., Garcia, X., Brazinskas, A. and Firat, O. (ICML 2023 workshop and IJCNLP-
AACL 2023). Interactive-Chain-Prompting: Ambiguity Resolution for Crosslingual

Conditional Generation with Interaction [56].

Together they frame the rest of the thesis, with each article treating one of the issues above
and informing the design choices that follow. A common thread through in this work is
to structure the problem so that model capacity is spent where it matters. In one setting,
that means placing a small, extractive lens in front of a generator so that “abstractive”
summarization need not ingest or process the entire document at once. In another, it means
splitting “what is shared” from “what is adapted,” and using principled sampling so that
each task receives an appropriate gradient budget. In a third, it means treating generation
as the last step in a short dialogue that clarifies the target before producing it. And in the
last, it means building a hybrid layer that lets a state-space component carry long-range

context while a block-wise attention component handles fine-grained, local structure.

The result is a program that moves from input structuring to parameter structuring to
interaction structuring to architectural structuring. None of these choices is proposed as

a universal fix since each is presented where it fits naturally. The ideas are intentionally



modest in isolation simple selection in front of a Transformer, small adapter modules on top
of a frozen backbone, a handful of targeted questions before decoding, a hybridization of two
well-studied sequence mechanisms but together they illustrate a way of thinking about large
models that is pragmatic and extensible. Start from the capabilities that pretraining affords,
then add just enough structure at the input, in the parameters, in the protocol, or in the

layer to make those capabilities usable under the constraints of the task.

The discussion proceeds in a sequence that mirrors this logic. We begin with long-document
summarization, where a selective conditioning step is used to guide a Transformer toward gen-
uine abstraction rather than surface copying. We then turn to multi-task learning, adopting
task-conditioned modules and data sampling to improve transfer while freezing a substantial
portion of the pretrained backbone. Next, we consider cross-lingual generation under ambi-
guity and show how a short elicitation phase can reduce uncertainty before decoding. Finally,
we study long-range language modeling with a hybrid layer that composes state-space recur-
rences with block-wise attention to improve efficiency at extended sequence lengths. The
concluding chapter draws connections among these strands and considers how the same or-

ganizing principles might extend to adjacent problems beyond those treated here.

1.1 Definitions & Base Concepts

This section gathers the background that a technically trained reader needs in order to
follow the remainder of this thesis without consulting external primers. The emphasis is
on definitions and canonical formulations rather than on any particular research agenda.
Here, we fix terms, summarize standard objectives, and describe widely used architectural
and evaluation primitives in contemporary natural language processing (NLP) with large

language models (LLMs).

We proceed from the ground up: (1) sequences and tokenization in Section 1.1.1; (2) the
Transformer abstraction in Section 1.1.2; (3) pretraining objectives and alignment in Sec-
tion 1.1.3; (4) decoding in Section 1.1.4; (5) evaluation signals commonly encountered in
summarization, translation, and language modeling in Section 1.1.5; (6) parameter-efficient
adaptation (PEFT) in Section 1.1.6; (7) multi-task training primitives in Section 1.1.7;
(8) ambiguity and user-conditioned generation in Section 1.1.8; (9) long-sequence model-
ing strategies including efficient attention and state-space models (SSMs) in Section 1.1.9;
(10) content selection and abstraction in Section 1.1.10; (11) data, preprocessing, and dis-
tributions in Section 1.1.11; and (12) training and optimization basics in Section 1.1.12; For
convenience, we also summarize key definitions in Section 1.1.14. To keep the discussion mod-

ular, each concept is introduced independently of downstream methodology, and notation is



kept light and consistent across subsections.

1.1.1 Sequences, tokenization, and embeddings

Discrete sequences. NLP models operate on sequences of discrete symbols drawn from a
finite vocabulary. After normalization (e.g., lowercasing, punctuation handling) and segmen-
tation, a text z is mapped to a token sequence xy.;, = (x1,...,x), where L is the sequence

length and each x; € V indexes a symbol.

Subword segmentation. Because word-level vocabularies incur out-of-vocabulary (OOV)
issues and morphological brittleness, modern pipelines rely on subword schemes. Two fam-
ilies dominate: byte-pair encoding (BPE) and unigram language-model tokenization. BPE
iteratively merges frequent symbol pairs, trading vocabulary growth for shorter sequences;
unigram tokenization learns a probabilistic inventory and chooses segmentations that max-
imize likelihood. Both approaches aim to (i) cap the vocabulary size, (ii) decompose rare

words into common parts, and (iii) keep frequent words intact to preserve statistical efficiency.

Embeddings. Each token index z; is mapped to a d-dimensional vector e; € R? via a learned
embedding table £ € RVI*4 The embedding stage is the entry point for contextual modeling:
it provides continuous inputs to layers that mix information across positions. Embedding
tables may be tied to output classifiers (weight sharing) in autoregressive (AR) decoders to

regularize training.

Segmenting long inputs. When documents exceed maximum context length, they are
typically split into overlapping or non-overlapping windows, each of which is processed inde-
pendently or with limited carry-over state. The choice of window length, stride, and ordering
affects which dependencies are representable within a forward pass and what must be cap-

tured through recurrence, retrieval, or global tokens in the architecture (see Section 1.1.9).

1.1.2 Transformer fundamentals

Self-attention as content-based mixing. The Transformer eschews recurrence in favor
of self-attention, a mechanism that computes, for each position, a weighted average of rep-
resentations at all positions, where weights are content-dependent. Given an input matrix
X € REXdmodel  the layer forms queries Q, keys K, and values V through learned linear

projections and computes

Attn(Q, K, V) = softmax(%) V, (1.1)



where dj, is the key dimension. The softmax normalizes attention weights row-wise so they

sum to one at each query position.

Multi-head attention and feed-forward sublayers. In practice, h attention “heads” op-
erate in parallel on dj, = dpode1/h-dimensional subspaces, their outputs are concatenated and
linearly reprojected. Each Transformer block includes residual connections around attention

and around a position-wise feed-forward network (FFN) of the form
FFN(Z) = ¢(ZW1 + bl)Wg + bg,

with nonlinearity ¢ (e.g., GeLU), plus layer normalization. Modern stacks use pre-norm

ordering (LayerNorm — sublayer — residual add) for stability at depth.

Positional information. Since attention is permutation-equivariant, models inject order
through positional encodings. Absolute encodings (e.g., sinusoidal) add position-dependent
vectors to embeddings and relative/rotary encodings incorporate position differences in at-
tention score computation. The absolute sinusoidal encodings is defined in equation 1.2

below.
V position 7 > 0 and even channel index 0 < 2k < dp0del,

PE(i,2k) = sm<¢ / 1oooodmi’“del>, (1.2)
PE(i,zk—i-l) = COS(i/lOOOOdrjokdcl),

where 7 is the token position, k is the channel pair index for sine/cosine, d,,odel is the model

embedding dimension and PE(7, 1) is positional embedding vector at position i.

Absolute encodings are simple and robust but relative schemes often provide better extrap-

olation to lengths beyond those seen in training.

Masks and model families. Causal masks prevent a token from attending to future
positions, enabling left-to-right AR modeling in decoder-only stacks. Encoder-only stacks
(e.g., masked language models) use bidirectional attention without masks. Encoder—decoder
stacks combine a bidirectional encoder with a causal decoder and add cross-attention that
lets decoder queries attend to encoder outputs, a standard interface for sequence-to-sequence
tasks.

Computational profile. While self-attention performs O(L?) score computations per head
per layer, FFNs consume O(Ldpogedsr) flops with dg the hidden size. For moderate L, FFNs
dominate compute and, for large L, attention dominates both compute and memory due to
the L x L score tensor. This profile motivates efficient attention designs (Section 1.1.9) when

documents or contexts are long.



1.1.3 Pretraining objectives and adaptation

Autoregressive language modeling. AR models (e.g., GPT-family) optimize next-token

prediction:

L
EAR(G) = = Z 10gp9<xt | I<t)7 p@(‘rt | x<t) = SOftmaX(hthocab)xt‘ (13)

t=1
They directly support free-form and conditional generation by seeding the model with a prefix
and sampling continuations. The objective is language-agnostic and scales cleanly with data,

parameters, and context length [45].

Masked language modeling. Masked LMs (e.g., BERT) train encoders to reconstruct

randomly masked tokens from bidirectional context:

Lanm(0) = —Ear | logpo(z; | 2ar)] (1.4)
ieM
with M a set of masked indices and x\5; the visible tokens. MLM tends to learn strong

token-level representations that transfer well to classification and span prediction.

Denoising sequence-to-sequence. Encoder—decoder models (e.g., T5) use span corrup-
tion: contiguous spans are replaced with sentinels, and the target is the concatenation of

missing spans. This unifies diverse tasks under a text-to-text interface [44].

Instruction tuning and human feedback. Alignment methods adapt pretrained LMs to
follow natural-language instructions. Instruction tuning (a form of supervised fine-tuning)
uses curated instruction-response pairs to teach prompt following. Reinforcement learning
from human feedback (RLHF) adds a learned reward model (from pairwise human prefer-
ences) and policy optimization to shift generation toward preferred behaviors [47]. These
techniques are orthogonal to pretraining objective choice: AR and seq2seq bases can both be

instruction-tuned.

Catastrophic forgetting and regularization. Fine-tuning large models on narrow tasks
can degrade previously acquired competencies. Regularization (e.g., weight decay, dropout),
careful learning-rate schedules, and freezing large subsets of parameters mitigate this effect.
Parameter-efficient methods (next subsection) further reduce the surface area susceptible to

forgetting by constraining updates.



1.1.4 Decoding

Greedy and beam search. Greedy decoding chooses the highest-probability token at each
step, cheap but prone to dull or repetitive outputs. Beam search maintains B candidate
sequences, expanding each by top-scoring tokens and pruning to B. A length penalty £(-) can
be applied to avoid short hypotheses. Further, repetition penalties and coverage penalties
mitigate degeneracies in some tasks. Beam search remains standard for tasks with low-
entropy targets (e.g., translation under strong references), though its utility decreases for

open-ended generation where diversity matters.

Stochastic sampling. Temperature scaling divides logits by 7 > 0 where higher 7 increases
entropy. Top-k sampling restricts draws to the k most probable tokens. Nucleus sampling
(top-p) samples from the smallest set of tokens whose cumulative probability exceeds p.
Sampling is preferred when multiple valid verbalizations exist or when stylistic variety is

beneficial.

Constrained decoding. For tasks with structural constraints (e.g., bracketed outputs,
JSON;, keyword inclusion), constrained decoders restrict available tokens or impose finite-
state automata (FSA)-style masks over the vocabulary at each step. Constrained methods
can also enforce lexicon constraints in translation and entity preservation in summarization,

though they may interact with language modeling quality.

1.1.5 Evaluation signals

Overlap-based metrics. ROUGE-n recall measures n-gram overlap between a system

output y and reference y*:

g€, (y+) Min (cnt(g, y), cnt(g, y*))

ROUGE-n =
> geGn () St (g, y*)

(1.5)

BLEU computes a brevity-penalized geometric mean of modified n-gram precisions over n <
4. Overlap metrics are inexpensive and allow system-level comparisons across corpora, but
they reward surface similarity and penalize legitimate paraphrase, especially when references

are sparse or short.

Learned metrics. Reference-based learned evaluators (e.g., BLEURT, COMET) regress
from system output(s) and reference(s) to human judgment targets. They offer improved
correlation with adequacy and meaning preservation but depend on the diversity and domain

coverage of their training data.



Language-modeling metrics. Perplexity (PPL) summarizes the predictive fit of an AR

model on a tokenized corpus:

(4)
-1 . i i
PPL = exp| = > log po(z” | 29) | . (1.6)
PPL is sensitive to tokenization and domain mismatch and is not a guarantee of downstream

task performance, yet, it is best interpreted as a pretraining or modeling diagnostic.

Human evaluation. Quantitative human studies typically rate fluency, coherence, infor-
mativeness, and factuality on Likert scales or via pairwise preferences. Measurement quality
depends on rater expertise, instructions, and inter-annotator agreement. For tasks involv-
ing multiple valid outputs (e.g., open-ended summarization, style-sensitive translation), cal-
ibrated human studies complement automatic metrics by capturing qualities that lexical

overlap cannot.

Copying and abstractiveness. To characterize the nature of generated summaries, one
can measure the fraction of n-grams in the output that also appear in the source (copy ratio)
and its complement (novelty). While purely extractive methods may score well on overlap
metrics, they tend to exhibit high copy ratios. On the other hand, more abstractive models

generate novel n-grams and require different evaluation baselines.

1.1.6 Parameter-efficient fine-tuning (PEFT)

Motivation. Full fine-tuning of a large LM for each task or client implies duplicating all
parameters and optimizer states, which is often costly in storage and compute, and can
increase the risk of catastrophic forgetting. PEFT approaches freeze most of the backbone

and train small, task-specific modules or low-rank updates.

Adapters. Adapters insert bottleneck MLPs inside each Transformer block and update only
the adapter parameters while freezing the rest [48]. A typical adapter computes

Adapter(h) = h+ W, ¢(Wdownh>:

with Wyewn € R4 W, € R and r < d. Variants differ in placement (after attention,
after FFN, or both), nonlinearity, and whether residual scaling is learned. AdapterFusion

learns to combine multiple trained adapters, offering a way to reuse prior task expertise [57].

BitFit. Bias-only tuning updates just the bias terms throughout the network [58]. Despite

its simplicity and tiny parameter count, BitFit can capture a non-trivial fraction of the gains
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of full fine-tuning in classification settings, making it a baseline or a quick adaptation method.

LoRA (low-rank adaptation). LoRA attaches low-rank matrices to selected weight matri-
ces (often attention projections) and learns those while freezing the base weights [59]. If W is
frozen, LoRA learns AW = BA with A € R™ % and B € R%=*" and uses W/ = W+aAW

at inference. The rank r controls the adaptation budget.

Prefix and prompt tuning. Prefix tuning learns a short sequence of wirtual key—value
pairs per layer that are concatenated to the actual keys and values, effectively providing a
task prefiz in attention space [49]. Prompt tuning instead learns continuous embeddings for
a textual prefix at the input layer. Both keep the backbone frozen and are well-suited for

generation tasks.

Implementation considerations. PEFT modules are composable: one may combine
adapters with LoRA or with prefixes. They are also swappable: different tasks or clients
load their own small modules on a shared backbone. Practical concerns include (i) parame-
ter placement (which layers benefit most), (ii) interference when stacking multiple modules,
(iii) initialization and rank selection for LoRA, and (iv) training stability when only a small

part of the network updates.

1.1.7 Multi-task training primitives

Task sets and sampling. In multi-task learning (MTL), a model is trained over a set
of tasks T = {t} with datasets {D;}. Each training step samples a task according to a
distribution ¢(¢) and updates parameters using a batch from D, the dataset for task t. We

define the temperature-scaled size-based sampler as:

| Dy|*

Wity = A2
0= S e

a € [0,1], (1.7)
where « is temperature that interpolates between uniform (o = 0) and size-proportional
(v = 1) and q,(t) is the probability of sampling task ¢. Common sampling policies include
(i) proportional to dataset size, (ii) temperature-scaled q(t) o< |Dy|* with v € [0, 1] to upweight
low-resource tasks, and (iii) uncertainty-based in equation 1.8 below, which draws tasks or

examples with higher predictive entropy more often:

Hy = By H(po(- | 2,0)) |,

H (1.8)

Qunc<t) = = 3> ﬁ > 0,
1 Hs
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where B; is a small probe batch drawn from Dy, py(- | x,t) is a model predictive distribution
for task ¢ on input z, H(-) is the Shannon entropy, H; is average predictive uncertainty on
task ¢, 3 is the concentration parameter that emphasizes higher-uncertainty tasks and gunc(t)
is the probability of sampling task ¢ by chance. The choice of ¢ affects gradient magnitudes

and forgetting dynamics.

Conditioning inductive biases. Multi-task setups often supply a task embedding or task
identifier (e.g., a learned vector z;) that conditions adapters, prefixes, or attention biases.
Conditioning can be global (single vector used throughout) or local (different signals for
different layers or heads). When task boundaries are fuzzy, input-derived signals (e.g., domain
classifiers) can substitute for explicit task IDs. We will investigate in later chapters three
main types of conditional inductive biases. The first is task-conditioned weight modulation

defined in equation 1.9:

oWl z) = 7(2e) OW + S(ze), (1.9)

where W is the base weight tensor of a layer (shape depends on the layer), z; € R% is the
embedding that encodes task/condition ¢, v(-), 5(-) are small conditioning networks (e.g.,
MLPs) producing scale and shift, ® is an elementwise (Hadamard) product and ¢(W | z)
is the modulated weight tensor used at inference/training for task t. The second is a task-
conditioned layer normalization defined in equation 1.10:

h — p(h)

CLN(h | z) = Uz(h)ﬂ@v(zt) + B(z4), (1.10)

where h € R? is a pre-activation vector, u(h),o?(h) are per-feature mean and variance
computed over the d features, € is a small constant for numerical stability, v(z;), 5(z;) are
condition-dependent scale and shift produced from z; and CLN is layer normalization whose
affine parameters depend on the condition/task. The third is a task-conditioned attention

bias defined in equation 1.11:
Al = Ay + u(z) v, (1.11)

where A;; is the attention logit between query position ¢ and key position j before bias,
u(z) € R% is the bias vector produced from the condition embedding z;, vij € R% is
the feature vector encoding head/layer or relative-position metadata and Aj; is the biased

attention logit incorporating the condition/task signal.

Partial freezing. Beyond PEFT, one can freeze a subset of backbone layers while fine-
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tuning others (e.g., unfreeze only top k layers). This reduces compute and storage, constrains

degrees of freedom, and can stabilize MTL by limiting the scope of interference.

1.1.8 Ambiguity and user-conditioned generation

Ambiguity types. Natural language exhibits multiple ambiguity sources relevant to gener-
ation: lexical (polysemy), structural (attachment, anaphora), pragmatic (formality, register),
and socio-linguistic (gendered forms, honorifics). In cross-lingual settings, grammatical cat-
egories may be obligatory in the target language but underspecified in the source, requiring
the model to pick among options (e.g., formality levels or gendered pronouns) in the absence

of disambiguating context.

Preference elicitation. To reduce output variance stemming from latent preferences, mod-
els can be conditioned on small sets of clarifications collected prior to decoding. A practical
pattern is an interaction chain: a short sequence of targeted questions about the intended
style, domain, or referent properties, followed by answers that are then incorporated into
the decoding prompt or hidden state. The chain makes implicit constraints explicit before

decoding, which tightens the target distribution and steadies downstream choices.

Prompting vs. interaction. Static prompts (templates, instructions) provide indirect con-
trol and rely on the model to infer preferences from instructions embedded in a single input.
In contrast, interactive approaches separate preference discovery (ask minimal questions that
disambiguate) from realization (generate using those answers). Interaction is most helpful
when a small number of answers resolve many downstream choices. In other words, interac-

tion is less needed when the source already fixes the relevant attributes.

Evaluation considerations. For ambiguity-sensitive tasks, reference-based metrics may
blur improvements if references reflect a different set of choices than the system output.
Learned metrics and targeted test sets (e.g., pronoun resolution challenge sets) complement
standard scores by measuring correctness along dimensions that hinge on preferences or world

knowledge.

1.1.9 Long-sequence modeling

Why length matters? Many real-world inputs exceed a few thousand tokens: research
articles, patents, legal filings, code repositories, minutes of meetings, or conversational logs.
Representing dependencies at such lengths stresses memory and compute. The key challenge
is to separate concerns: provide mechanisms for (i) local, high-bandwidth composition (word

order, short-range syntax), (ii) mid-range structure (sentential and paragraph coherence),
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and (iii) global discourse signals (topic, coreference across sections) without paying quadratic

costs everywhere.

Sparse attention patterns. A straightforward approach constrains attention to local win-
dows of size W around each position, reducing complexity to O(LW). Global tokens (learned
or designated) can be added to allow any position to attend to a small set of summaries,
enabling information to flow across windows at low cost. Dilated or strided patterns extend
receptive fields without densely connecting all tokens. The design space includes blockwise
attention (first split sequence into blocks then attend within block and to block summaries),

landmark or routing tokens, and mixtures of local and global heads.

Kernelized /linear attention. Another route approximates the softmax kernel exp(q k)

with a feature map ¢(-) so that

5(Q)(+(K)TV)
$(Q)(s(K)T1)’

softmax(QK )V =~

enabling associativity to compute in O(Ld) time and memory. Choices of ¢ (random features,
positive-definite kernels) determine approximation quality and stability. Linear attention

supports streaming but can degrade on tasks that rely on exact softmax behavior.

Memory tokens and recurrent summaries. Some architectures maintain a small bank
of memory tokens that accumulate information across segments. After each segment is pro-

cessed, a summary is written into the memory bank, such that:
H, = Transformer( [My.—1; Sk]>, (1.12)

where the long sequence is partitioned into segments Si,...,Sk., S is the token matrix
for segment k (length Ly by dpmoger), My—1 € R™*dmodel is the memory tokens carried from
segment k—1, [-; -] is the concatenation along the sequence length dimension and Hy, are the
hidden states output for segment k (including positions for memory and Sy). Afterwards, the
next segment attends to those memories alongside the current tokens. This trades a small

global attention cost for a large reduction in pairwise token interactions.

Retrieval-augmented modeling. Rather than storing facts in parameters or attending
over huge contexts, retrieval-augmented models fetch relevant passages from an external
index at inference time and condition generation on them. Retrieval can be (i) dense (neural
embeddings) or (ii) sparse (BM25-like), and (iii) one-shot (once per query) or (iv) iterative
(interleaved with generation). The key benefit is decoupling world knowledge storage from

parametric capacity. The key risk is retrieval errors or drift when indices are not refreshed.
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State-space models (SSMs). SSMs model sequences using linear time-invariant dynamics
with input-dependent driving and output readout. In discrete time, with input wu;, hidden

state h;, and output y;,
ht+1 = Aht + But, Yy = Cht + Dut.

Unrolling yields a 1D convolution y = K xu with kernel K = (CB,CAB, ..., CA"1B). FFT-
based implementations can compute this efficiently for long L. Structured choices of A and C
(e.g., diagonal-plus-low-rank or normal plus low-rank) improve stability and expressivity in
long-horizon regimes [60]. while SSMs are less naturally content-addressable than attention,
SSMs provide (1) linear-time inference, (2) constant memory in sequence length, and (3)

good inductive bias for certain modalities.

Hybrids of attention and SSMs. Hybrid designs combine attention’s strength at content
lookup with SSMs’ strength at long-range propagation. Composition strategies include (1)
stacking (alternating blocks), (2) parallel branches with learned fusion, and (3) blockwise
hybrids in which attention operates locally while an SSM branch carries global context.
Hybrids seek to approximate the quality of full attention at lower cost by assigning different

parts of the modeling job to different mechanisms.

Engineering strategies. Regardless of architecture, scaling to long sequences benefits from
careful engineering: (1) mixed-precision training to reduce memory [61], (2) activation check-
pointing or rematerialization to trade compute for memory, (3) fused attention kernels [62],
(4) gradient accumulation to maintain effective batch sizes [63], and (5) memory-conserving
optimizer states [64]. These techniques do not change model semantics but determine feasible

sequence lengths and batch sizes.

Later, we use a hybrid that makes this split explicit: SSMs carry long-horizon signals and

block-attention handles local mixing.

1.1.10 Content selection and abstraction

Extractive vs. abstractive summaries. In extractive summarization, the output is assem-
bled from spans (typically sentences) copied from the source. In abstractive summarization,
the output is generated freely and may paraphrase, compress, or reorder information. While
extractive methods often excel in faithfulness and ROUGE recall, abstractive methods can
produce more concise and fluent text but risk factual errors if the modeling or conditioning

signal is weak.

Selection heuristics and neural extractors. For long inputs, a common strategy is to
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build a compact content sketch by selecting top-k sentences. While heuristics (e.g., TF-IDF,
position bias) provide simple baselines, neural extractors score sentences with contextual
encoders and select those with highest scores, possibly under diversity constraints. Extractive
stages can be trained using pseudo-labels derived from reference summaries (e.g., ROUGE-
based matching). The purpose of selection is to improve the conditioning of a generator by

focusing it on salient content.

Measuring abstractiveness. n-gram copy ratios quantify how much of the output overlaps
with the source. Low copy ratios indicate more paraphrase and compression and high ratios
indicate extraction. Neither extreme guarantees quality: too much novelty risks hallucination

and too much copying undermines usefulness when concision and synthesis are required.

Factuality and faithfulness. Abstractive systems can produce intrinsic hallucinations
(contradicting the source) or eztrinsic hallucinations (introducing unsupported facts). Faith-
fulness can be probed with entailment-based checks or with human evaluation focused on
information consistency. Conditioning signals that preserve provenance (e.g., sentence IDs)

can facilitate auditing or post-hoc verification.

1.1.11 Data, preprocessing, and distributions

Domain and register. Data sources vary in domain (news, scientific text, conversational
data) and register (formal vs. informal), which affects token distributions, sentence lengths,
and discourse structure. Pretraining on mixed domains may improve robustness. Task-
specific fine-tuning benefits from matching the target domain as closely as possible or from

domain-adaptive pretraining.

Document structure. Long-form documents exhibit structure (titles, abstracts, sections,
headings) that can be preserved as segment tags during preprocessing. Keeping lightweight
structure (e.g., marking introductions or summaries) can help models learn customary content

placement, even when the modeling architecture is unchanged.

Normalization and cleaning. Standard steps include Unicode normalization, de-duplication
(to avoid train/test contamination or repetition), language detection, and removal of boiler-
plate. Tokenization choices (BPE vs. unigram LM) interact with normalization. For example,
aggressive normalization may reduce the need for large vocabularies but can erase useful cas-

ing cues.

Sequence packing. For efficiency, multiple short sequences can be packed into a single long
training example with separators and attention masks, improving accelerator utilization.

Packing introduces cross-example attention unless masks are applied. When using causal
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masks, care is needed to prevent targets from attending to neighboring sequences.

1.1.12 Training and optimization basics

Optimizers and schedules. Adam [65] and its variants remain standard for training
Transformers. Warmup schedules gradually increase learning rates from zero for the first few
thousand steps before decaying linearly or with cosine schedules. Weight decay regularizes

and gradient clipping stabilizes training in the face of rare large gradients.

Initialization and normalization. Proper initialization avoids signal blow-up or attenua-
tion at depth. Pre-norm Transformers place LayerNorm before sublayers, improving gradient
flow. Residual scaling (e.g., with learned gate parameters) can further stabilize very deep

networks.

Regularization. Dropout applied to attention weights and FFN activations reduces over-
fitting. Label smoothing regularizes the target distribution in classification settings and may
help in seq2seq training. Data augmentation in text (back-translation, noising) can increase

robustness.

Mixed precision and numerical stability. Automatic mixed precision (AMP) speeds
up training and reduces memory [61], but requires care with operations sensitive to under-
flow /overflow (e.g., softmax, layer norm). Loss scaling prevents gradient underflow in fp16.

For example:

E = S ﬁ, g = V£/57
(1.13)
on overflow: s < s/k, otherwise (periodically): s « s - K,

where L is the original loss computed in mixed precision, s > 0 is the dynamic loss scale
factor, £ is the scaled loss used for backprop to avoid underflow, ¢ is the unscaled gradients
after dividing by s, k > 1 is the multiplicative factor used to adjust the scale and "overflow"

is the detection of inf/NaN in gradients or optimizer state.

1.1.13 Ethical and societal considerations

Bias and fairness. Language models may encode societal biases present in training data and
generation can amplify or mask them depending on prompts and decoding. In cross-lingual
tasks, gender and honorific systems introduce additional fairness dimensions [66]. While this
thesis is methodological, the terminology of bias, fairness, and harmful content appears in

evaluation contexts [67]. We use these terms in their standard NLP sense without entering
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normative debates.

Privacy and data provenance. Pretraining on web-scale corpora raises questions about
personal data, scraping consent, and the right to be forgotten. Method descriptions that
rely on external corpora should note provenance and access conditions where relevant [68].
Training-data extraction attacks show that large language models can memorize and regurgi-
tate verbatim snippets, including personally identifiable information, underscoring the need

for provenance and governance [69].

Safety. Alignment methods (instruction tuning, RLHF) are often motivated by safety and
usability. In this section, we use safety to denote the avoidance of clearly harmful outputs
under typical prompts [70]. Recent “constitutional” and related approaches demonstrate
safety oriented fine-tuning without extensive human labeling, complementing RLHF [71].

Formal threat models are outside our scope.

1.1.14 Summary of key definitions

To close, we summarize the main definitions introduced here, deliberately without pointing

forward to any specific methodology:

o Token z;: an element of a discrete vocabulary where sequences x1.;, feed the model.

« Subword tokenization: segmentation into morpheme-like units via BPE or unigram

LM to manage OOVs and morphology.

« Embedding ¢; € R? a learned vector representing token z; as input to contextual

layers.

» Self-attention (1.1): content-based weighting of positions, with multi-head variants

operating in parallel.

» Positional encodings: mechanisms (absolute, relative, rotary) to inject order into

attention-based models.

« AR objective (1.3): perplexity of next-token prediction for decoder-only LMs, sup-

porting conditional generation.
« MLM objective (1.4): masked token prediction for encoder-only LMs.

» Decoding: procedures to map token distributions to sequences (greedy, beam, top-k,

nucleus, constrained).
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« Overlap metrics (1.5): ROUGE/BLEU-style scores based on n-gram statistics which

is useful but imperfect.
o PPL (1.6): perplexity or the exponential of average negative log-likelihood per token.

o« PEFT: adapters, BitFit, LoRA, and prefixes that adapt models with small, trainable

modules.

« MTL primitives: task sampling policies, conditioning signals, and partial freezing to

manage interference and sharing.

o Ambiguity and preference elicitation: recognizing that multiple correct outputs

exist and clarifying latent user choices before decoding.

« Long-sequence strategies: sparse attention, kernelized attention, memory tokens,

retrieval, SSMs, and hybrid designs that scale context.

« Content selection: building compact conditioning views (e.g., salient sentences) to

focus generation on important material.

» Reproducibility: practices for reporting, code/data availability, and evaluation hy-

giene to support reliable comparisons.

The concepts above are intentionally decoupled from any one modeling pipeline. Their role
is to provide a shared lexicon and minimal mathematical scaffolding that will make technical
sections readable on their own terms, without presupposing familiarity with specific NLP
subcultures or idiosyncratic notation. Subsequent sections will state concrete problem set-
tings, objectives, and evaluation designs. The present section is limited to what the building

blocks are and how they are conventionally defined.

1.2 Formal problem statement and scope

This section specifies the four problem settings addressed in the thesis and delimits their
scope. For each, we formalize inputs/outputs, learning objectives, budgets/constraints, and
the precise role of any intermediate signals. To keep this section purely problem-centric,
datasets, training schedules, and empirical claims are deferred to later chapters. The evalu-

ation protocols referenced are standard and summarized in Section 1.1.
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1.2.1 Long-document abstractive summarization

Setting. Let © = (21,...,x,) be a source document and y = (y1,...,¥m) be a target
abstractive summary with m < n. The model receives x and must produce y in free-form

natural language.

Objective. A conditional generator with parameters # minimizes sequence-level negative

log-likelihood:

|y]

g = argméxx po(y | ), Lnin(f) = — Z Zlogpg(yt ‘ y<t,$)- (1.14)

(z,y) t=1

Selective conditioning. To bound compute and focus content, a preselection map s :
X — X returns a compact view s(z) (e.g., top-k sentences or spans), subject to a budget

|s(z)| < K. The generator is conditioned on s(z):

ly|
§ = argmax pyly [ 5(2),  L8L0O) = = X Dlogp(we [y<rs(2).  (115)
(zy) t=1

Scope constraints. (i) Documents may exceed a single forward-pass window — s(z) is
computed from x but the generator only sees s(z) (and optionally coarse structure tags). (ii)
No copy/pointer mechanism is assumed in the generator unless explicitly stated, allowing
generation to be fully abstractive. (iii) The preselection budget K and sequence ordering

used at training/inference are fixed a priori and reported with datasets.

Why this formulation. The problem is motivated by abstractive fidelity vs. copying at long
context and by metric-human misalignment. Overlap metrics such as ROUGE can reward
surface reuse. For example, purely extractive systems inflate scores without genuine abstrac-
tion, while naively abstractive systems may sacrifice coverage to avoid copying. By separating
content selection from realization, constraining the conditioning signal to s(x), and keeping
the learning objective likelihood-based, the formulation encourages faithful abstraction with-
out optimizing directly for overlap surrogates. This makes room for evaluation that jointly
considers content coverage and human-judged qualities (fluency, coherence) without baking

metric-specific biases into the objective.

Research questions. RQ;: Does selective conditioning reduce n-gram copying (CopyRatio,,)
while improving ROUGE-n on long document corpora? RQy: How do automatic metrics
relate to human judgments (coherence/fluency vs. informativeness/relevance) under selective

conditioning?
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Chapter 2 instantiates s(-) with simple neural /heuristic extractors and a fixed input ordering
that places conditioning content before the summary. The learning objective remains equa-
tion 1.15. Method details are deferred to that chapter.

1.2.2 Parameter-efficient multi-task learning

Setting. Let 7 be a finite set of supervised tasks. For each t € T, let D, = {(z,y)} be
labeled data, and let fy denote a pretrained backbone (e.g., Transformer). The aim is to adapt
to all t € T under a parameter budget and data-update budget, while limiting interference

across tasks.

Parameterization and budgets. Introduce small task-conditioned modules ¢, (e.g., adapters,
low-rank updates, prefixes) and optionally unfreeze a subset of backbone weights. Let
me € {0,1}° be a binary mask with mg; = 1 indicating frozen weights. The trainable

parameter set is
@upd = {th 1t e T} U {91 My = 0}7 ||@upd||0 < Bparam7

where Bparam is @ hard budget on the number of trainable parameters (or an equivalent

memory budget). A data-update budget may cap gradient-bearing examples per task.

Objective and sampling. With a task-sampling distribution ¢ over T,

G{I{lé?} ]Eth E(ﬂ%y)"‘Dt g(f&‘ﬁt(x)?y) s.t. H@UPdHO < Bparam- (116)

Here ¢ is the task-appropriate supervised loss (e.g., cross-entropy) and ¢ is fixed or parame-

terized (e.g., temperature-scaled by dataset size).

Scope constraints. (i) No task-specific encoders are introduced. All tasks share fy plus the
small ¢;. (ii) Task conditioning is provided via explicit IDs or learned embeddings. No task-
specific vocabularies are assumed beyond output heads. (iii) The choice of PEFT mechanism

is orthogonal to equation 1.16. The problem statement only requires adherence to budgets.

Why this formulation? The problem targets parameter inefficiency € forgetting in MTL
and data imbalance across tasks. Full fine-tuning per task multiplies storage/serving foot-
prints and increases the risk of catastrophic forgetting when tasks are later mixed. Con-
straining ||Oyp4llo forces solutions that adapt with few trainables and limits drift by freezing
most of fp. Realistic multi-task corpora are skewed. Exposing ¢(t) as a first-class variable ac-

knowledges that uniform or size-proportional sampling can under-serve low-resource tasks or



21

overfit high-resource ones, and that principled schedules are part of the problem’s definition

rather than an afterthought.

Research question. RQ3: Can task-conditioned adapters with partial freezing and princi-
pled sampling exceed strong baselines on multi-task suites (e.g., GLUE) with fewer trainable

parameters and fewer updates?

Chapter 8 chooses concrete ¢, (conditional adapters, conditional attention biases, condition
layer norm) and a sampling policy ¢, which evaluates equation 1.16 under fixed budgets

without altering the objective.

1.2.3 Crosslingual generation with ambiguity resolution

Setting. Let (¥ be a source-language sentence and y® a target-language rendering. Due
to underspecification, multiple y® may be acceptable depending on latent user preferences
U (e.g., formality, referent properties, lexical sense). The model is permitted to query a user

surrogate before generating.

Interaction budget. Allow J pre-generation interactions 7 = {(q;,a;)}.

5_1, where ¢; €

Q are clarifying questions and a; are answers produced by a user model conditioned on
(¥, U, q1.;). The budget J is fixed by protocol.

Objective. A conditional generator p, produces y given (z(*), 7):

g = arg max pw(y \ 33(8),7'). (1.17)

The value of acquiring 7 can be formalized via (a) downstream risk minimization after .J

interactions,
Ernelllll EU,x(S) ETNW(~‘1‘<S>) Ey~p¢(~|x(5)7r) {g(:% U7 ‘7:(8)) } ) (118)

where 7 is a question policy and ¢ a task-appropriate evaluation loss or (b) an information

gain surrogate that encourages resolving U:
max Epo) Eron( ot {I(U; T | x(s))} = max E,¢ , KL(p(u | 2 1) || p(u | x(s))>. (1.19)

Either view defines the problem without committing to a particular acquisition rule or answer

model.

Scope constraints. (i) All clarifications occur before decoding. The generator does not

query during generation. (ii) The user model is protocol-dependent and treated as exogenous
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to py. (iii) Primary evaluation is translation quality under fixed J and fixed ambiguity types.

Metric choice follows Section 1.1.

Why this formulation? The problem directly addresses ambiguity without elicitation.
Many translation errors arise not from modeling deficits but from hidden preferences (regis-
ter, referent attributes) that the source text does not specify. Allocating a pre-decoding inter-
action budget and formalizing either risk reduction equation 1.18 or information gain equa-
tion 1.19 makes preference surfacing a first-class objective rather than an incidental prompt-
engineering trick. This also mitigates metric-human misalignment: by conditioning on
elicited preferences, the target distribution better matches what human raters deem ap-

propriate even when overlap-based metrics are insensitive to such choices.

Research question. RQ,: How does a pre-decoding elicitation chain affect I(U;7 | 2(*))

and downstream translation choices?

Chapter 4 instantiates 7 as a prompt-driven policy, fixes J, and operationalizes equation 1.17—-equa-

tion 1.19 on targeted ambiguity phenomena and language pairs.

1.2.4 Hybrid long-range language modeling

Setting. Consider next-token language modeling over long sequences xy.;, with L large
enough that quadratic attention becomes a bottleneck. The goal is to specify a layer class
that (i) preserves content-sensitive local modeling and (ii) provides efficient long-range contex-
tualization with subquadratic cost, while remaining fully parallelizable across tokens within

a training step.

Layer composition. Let Fsgy denote a 1-D convolutional sublayer induced by a (possibly
structured) state-space model and Fgpaten @ block-wise attention sublayer over windows of

size W. A hybrid layer computes
YV = Fou(X), YA = Fapaea(X5W), Y = T([YSM YA), (1.20)

where I' is a fusion map (e.g., concatenation + projection or gated sum). The SSM branch
provides long-range, content-agnostic propagation and the block-attention branch provides

local, content-aware mixing.

Complexity target and constraints. The design target is additive cost

C(L,W) = O(LlogL) + O(W?),
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stemming from FFT-based SSM convolution and windowed attention, respectively. Addi-
tional constraints are: (i) causality in both branches (no access to future tokens), (ii) parallel
token processing (no explicit recurrent loops across windows in the hybrid layer), and (iii)

compatibility with standard optimizer states and training schedules for AR LMs.

Language modeling objective. The hybrid layer class is used inside a decoder-only ar-

chitecture that minimizes
L
min E,,., { — Y logpe(z: | m<t)|, (1.21)
t=1

with the only difference from conventional stacks being the replacement of some attention

blocks by equation 1.20 or interleaving them.

Why this formulation? The problem addresses the SSM Transformer gap under runtime
constraints. Attention affords precise, content-addressable interactions but scales quadrati-
cally in L. SSMs propagate information in (near) linear time but lack fine-grained content
lookup. By composing these biases within a single layer and enforcing additive complex-
ity and full parallelism, the formulation defines a design envelope appropriate for very long

contexts without sacrificing local precision or practical trainability.

Research question. RQj5: Can an SSM+attention hybrid deliver improved perplexity and

practical speed at long lengths while maintaining full parallelizability?

Chapter 5 instantiates equation 1.20 with specific SSM parameterizations and concrete fusion

rules, fixes W, and reports performance/efficiency under equation 1.21.

1.3 Thesis structure and guiding threads

The remainder of this dissertation follows the following line of thought: structure the problem
so that model capacity is spent where it matters. The chapters move from structuring the input
(what to show the model), to structuring the parameters (what to adapt and what to freeze),
to structuring the interaction (what to ask before generating), and finally to structuring the
layer (how to carry long-range context efficiently). The intent is not to multiply formalisms
already stated, but to explain how each article occupies one step in this program and how

the steps speak to one another as a coherent whole!.

Please note that I have used Codex to integrate various articles with specific conference’s Latex templates
into the single Polytechnique Montréal Latex template. Additionally, I have used Grok and GPT-5 for
reviewing, feedback, thesis planning, fixing typos, and researching papers.
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Chapter 1 Orientation and shared background. Chapter 1 (this chapter) motivates
the learning-based stance, sets notation, and gathers the definitions needed later (Trans-
formers, pretraining objectives, decoding, evaluation signals, parameter-efficient fine-tuning,
long-sequence strategies). It also frames the practical issues that recur across the thesis long
inputs, multi-task deployment, underspecified user intent, and long-range modeling under
runtime constraints so that subsequent chapters can focus on solutions rather than prelimi-

naries.

Chapter 2: Selective conditioning for long-document summarization. We begin
with long-document summarization, where the question is how to encourage genuine ab-
straction rather than surface reuse when inputs exceed typical context windows. Chapter 2
introduces a small, budgeted pre-selection step placed in front of a Transformer generator

7 and the summary can be

so that the model need not “fight the entire document at once,
conditioned on just what matters. The core contribution is to show that this selective con-
ditioning reduces n-gram copying while improving overlap metrics and to read those scores
alongside human judgments (coherence, fluency, informativeness, relevance). In the language
of research questions, this chapter addresses: RQ 1.2.1 (copying vs. ROUGE-n) and RQ 1.2.1
(metric-human relationships). Methodologically, the move is modest extract, then condition
but it sets up a pattern that recurs throughout the thesis: clarify the target and constraints

before asking the model to generate.

Chapter 3: Parameter-/data-efficient multi-task transfer. Next we turn from struc-
turing inputs to structuring parameters. When a single backbone must serve many tasks,
fully fine-tuning per task becomes costly and brittle, especially when joint training can invite
interference. Chapter 3 keeps most of the pretrained model fixed and routes task-specific vari-
ation through small, task-conditioned modules, while a principled sampling policy controls
which tasks see gradients when. The contribution is a demonstration that such parameter-
/data-efficient sharing can exceed strong baselines on multi-task suites with fewer trainable
parameters and fewer updates, addressing RQ 1.2.2. Intuitively, the chapter separates what
1s shared from what is adapted, much as Chapter 2 separated what is selected from what is

generated.

Chapter 4: Interactive chains for ambiguity-aware translation. The third step
shifts the focus from system internals to protocol: before a model produces text in settings
like machine translation, users often have latent preferences (register, referent properties,

sense choices) that are not spelled out in the source. Rather than relying on longer prompts
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alone, Chapter 4 allocates a short, pre-decoding interaction to elicit those preferences through
targeted questions, then conditions generation on the answers. The contribution is a proce-
dural account of ambiguity resolution an interactive chain and an evaluation that shows how
this reduces uncertainty about user intent and improves downstream decisions, addressing
RQ 1.2.3. Conceptually, this mirrors the earlier steps: once again, we reduce uncertainty
before decoding, but here by engaging the user rather than filtering the input or re-wiring

parameters.

Chapter 5: Block-State Transformers for long-range modeling. Finally, we ad-
dress the cost of carrying context across long sequences. Attention offers precise, content-
addressable mixing but becomes expensive as sequences grow while state-space models (SSMs)
propagate information efficiently but lack fine-grained lookup. Chapter 5 composes the two
at the layer level, running an SSM pathway in parallel with a block-attention pathway and
fusing the results under an additive complexity target. The contribution is an empirical case
that such a hybrid can improve perplexity and wall-clock behavior at long lengths while re-
taining full token-parallel training, addressing RQ 1.2.4. We also show strong performance
on Long Range Arena tasks under comparable parameter budgets. In the broader program,
this is the architectural counterpart to the earlier structuring ideas: after structuring inputs,
parameters, and protocol, we now structure the layer itself to better match the problem’s

computational shape.

Chapter 6: Synthesis and outlook. The closing chapter does not propose a single
master algorithm. It traces a design pattern that has emerged across the articles: pre-select,
condition, interact, hybridize. Pre-select what the model sees (Chapter 2). Condition the
backbone with small, task-aware pathways (Chapter 3). Interact briefly to elicit missing
preferences (Chapter 4). Hybridize mechanisms to reconcile long-range efficiency with local
precision (Chapter 5)). The synthesis also reflects on limitations observed along the way
where metric-human alignment is fragile, how sampling and interaction policies might be
made more principled, and what it would take to extend these ideas to retrieval-augmented

or tool-use scenarios.
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Abstract

We present a method to produce abstractive summaries of long documents that exceed sev-
eral thousand words via neural abstractive summarization. We perform a simple extractive
step before generating a summary, which is then used to condition the transformer language
model on relevant information before being tasked with generating a summary. We also
show that this approach produces more abstractive summaries compared to prior work that
employs a copy mechanism while still achieving higher ROUGE scores. We provide extensive
comparisons with strong baseline methods, prior state of the art work as well as multiple
variants of our approach including those using only transformers, only extractive techniques
and combinations of the two. We examine these models using four different summarization
tasks and datasets: arXiv papers, PubMed papers, the Newsroom and BigPatent datasets.
We find that transformer based methods produce summaries with fewer n-gram copies, lead-
ing to n-gram copying statistics that are more similar to human generated abstracts. We
include a human evaluation, finding that transformers are ranked highly for coherence and
fluency, but purely extractive methods score higher for informativeness and relevance. We
hope that these architectures and experiments may serve as strong points of comparison for

future work?.

! Jonathan Pilault a contribué dans la conception des algorithmes, ’experimentation, I’analyse des résul-
tats, amélioration de lefficacité du logiciel, analyse théorique, rédaction de I’article, recherche bibliographique
et la réponse aux réviseurs de conférence.

2Note: The abstract above was collaboratively written by the authors and one of the models presented
in this paper based on an earlier draft of this paper.
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Neural Document Summarization with Sentence

Neural Document Summarization with Sentence
Pointer Networks and Transformer Language Models

Pointer Networks and Transformer Language Models

Extractive
Summarizer

Language Model Language Model
at Inference Training Data
Provided conditioning
Introduction Extracted sentences Introduction
Predicted
Extraction Summary Extraction Summary

Transformer =
Language Model
Abstract Abstract

Rest of the Paper

Figure 2.1 Our approach for abstractive summarization of a scientific article. An older version of
this paper is shown as the reference document. First, a sentence pointer network extracts important
sentences from the paper. Next, these sentences are provided along with the whole scientific article
to be arranged in the following order: Introduction, extracted Sentences, abstract & the rest of
the paper. A transformer language model is trained on articles organized in this format. During
inference, the introduction and the extracted sentences are given to the language model as context to
generate a summary. In domains like news and patent documents, the introduction can be replaced

by the entire document.
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2.1 Introduction

Automatic text summarization is the process of compressing a document while preserving
key information content and meaning. This process is often achieved through extractive or
abstractive techniques. Extractive summarization is the strategy of selecting a subset of
words, phrases or sentences from the input document to form a summary. Abstractive sum-
marization consists of creating sentences summarizing content and capturing key ideas and
elements of the source text, usually involving significant changes and paraphrases of text from
the original source sentences. While extractive summarization is able to preserve saliency, the
broader flow or coherency of the multiple sentences forming the summary can be less natural
compared to a human generated summary. On the other hand, abstractive methods should
produce coherent summaries without copying sentences verbatim while remaining faithful to

statements asserted in the input document.

Recent work by [72] (GPT-2) has demonstrated that Transformer Language Models (TLMs)
trained on web text can inadvertently learn to perform abstractive summarization, since
a large crawl of web documents may contain some documents which have a “tl;dr” token
followed by a summary. We are interested here in explicitly configuring autoregressive trans-
former models to generate summaries in an intentional and focused manner. Since summaries
or abstracts typically appear at the beginning of a document, a model trained from such web-
crawl data does not enforce strong conditioning on the text to be summarized. Our tests
using models naively trained on web-crawl data yielded summarization quality far below
baseline methods. However, in this paper we explore what can be achieved through simply
ordering the passages of an input text, correctly structuring the task definition and training
procedure. We also examine the impact of combining this approach with simple but high

quality extractive techniques.

While pure language models can be applied to short input documents, memory considerations
make it difficult to scale to long documents. Further, as high quality extractive summariza-
tion methods illustrate, much of the content of a long document is not needed to create a
summary. For these reasons we also explore a hybrid approach which combines an extractive
and abstractive approach. We achieve this by stepping away from the classical end-to-end
sequence-to-sequence paradigm, using an initial extractive step that reduces the amount
of context for a subsequent abstractive step (see figure 2.1). Such an approach could be
thought of as a form of hard attention. Moreover, we show that such a paradigm works even
for datasets where the entire input can fit in memory, i.e. see Table 2.4 and 2.5. We take
an approach whereby we restructure the input to a TLM by reordering the document and

inserting standardized delimiters to identify the introduction, our extracted sentences, the
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abstract or summary and the rest-of-the-article. With our method, the resulting TLM can
focus its attention on the relevant content and its model complexity on the summarization
task.

In general, as we shall detail in our experiments below, we find that TLMs are surprisingly
effective at summarizing long documents, outperforming typical seq2seq approaches, even
without using copying/pointing mechanisms, an encoder or additional losses. Our contribu-
tion consists of an extensive set of large scale experiments comparing our hybrid extractive
and abstractive approach to long document summarization with different variants of our
model, strong and simple baselines as well as with state-of-the-art summarization models
(see section 2.3.2 for a complete description of comparisons). We examine these models
through ROUGE scores, through a study of the amount of n-gram copying performed by
different models, as well as through a human evaluation using a standard protocol. We find
that our hybrid approach yields results that surpass current state-of-the-art results on several

metrics of these evaluations.

We see our extensive experimentation and the wide variety of evaluation protocols provided
here as being a key part of the contribution provided by this work and we hope that the anal-
ysis, insights and models here will serve as strong yet simple baselines for future comparison

and research.

2.2 Related Work

The earliest attempts at automatic summarization focused on extractive techniques, which
find words or sentences in a document that capture its most salient content. Recently, with
advances in distributed representations of words, phrases and sentences, researchers have
proposed to use these to compute similarity scores. Such techniques were further refined by
[73, 74, 75] with encoder-decoder architectures - the representations learned by the encoder
are used to choose the most salient sentences. [74] and [73] trained encoder-decoder neural
networks as a binary classifier to determine if each sentence in a document should belong to
the extractive summary or not. [75] use a pointer network [76] to sequentially pick sentences
from the document that comprise its extractive summary. Such techniques however heavily

rely on the span of words from the input document.

Human summarizers have four common characteristics. They are able to (1) interpret a
source document, (2) prioritize the most important parts of the input text, (3) paraphrase
key concepts into coherent paragraphs and (4) generate diverse output summaries. While ex-

tractive methods are arguably well suited for identifying the most relevant information, such
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techniques may lack the fluency and coherency of human generated summaries. Abstractive
summarization has shown the most promise towards addressing points (3) and (4) above.
Abstractive generation may produce sentences not seen in the original input document. Mo-
tivated by neural network success in machine translation experiments, the attention-based
encoder decoder paradigm has recently been widely studied in abstractive summarization
[77, 78, 79]. The advantages of extractive, abstractive and attention-based models were first
combined in [80, 81] with a copy mechanism for out-of-vocabulary words present in the source
document. Similarly, [82] used the attention scores to calculate the probability of generating

vs copying a word.

The most similar approach to our hybrid extractive and abstractive technique is that of
[75, 83, 84, 85]. In such set-ups, an extractor first selects salient sentences from the input.
Then, an abstractive summarizer rewrites extracted sentences into a final summary. Our
framework has a few advantages over previous methods. 1), we explore high capacity trans-
former LMs akin to [72] as our abstractive summarizer, which results in grammatical and
fluent generations 2), our language modeling formulation of the problem allows us to easily
“recycle” the input document and use it as additional in-domain data for LM training. 3)
We improve over previous approaches without the use of a copy mechanism, which results in
fewer n-gram copies from the input document. [85] generate Wikipedia articles given refer-
ences to source material and extracted sentences. They rank the importance of paragraphs
found in the reference material based on techniques such as TextRank [86], a graph based
ranking technique. In contrast, the extractive methods we use here are trained discrimina-
tively using an extractive abstract as the target that is generated using an oracle. Wikipedia
article synthesis also necessarily combines potentially redundant information from multiple
documents that is relatively specific and less abstractive compared to the task of writing
the abstract of a scientific paper. As seen in Figure 2.2, human generated (ground-truth)
abstractive summaries in our datasets actually have very little word overlap with the source

document.

2.3 Framework

Our model comprises two distinct trainable components: 1) an extractive model, comprising a
hierarchical encoder that outputs sentence representations, used to either point to or classify
sentences in the input, and 2) a transformer language model, conditioned on the extracted

sentences as well as a part of or the entire input document.
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2.3.1 Extractive Models

We describe the two neural extractive models used in this section. We used different types of
extraction techniques to demonstrate the TLM model sensitivity to the extracted sentences.
For instance, the Sentence Pointer performs much better on the arxiv dataset (see table 2.2)
but the classifier is stronger on the Pubmed dataset (see table 2.3).

Hierarchical Seq2seq Sentence Pointer Our extractive model is similar to the sentence
pointer architecture developed by [75] with the main difference being the choice of encoder.
We use a hierarchical bidirectional LSTM encoder with word and sentence level LSTMs while
[75] use a convolutional word level encoder for faster training and inference. The decoder is
in both cases is an LSTM.

The procedure to determine ground-truth extraction targets is similar to previous work [87]:
the ground truth is determined by computing the average ROUGE;, 5 1, score of each doc-
ument sentence against each summary sentence. Considering the input document as a
list of N sentences D = (Si,...,Sy) and the target summary as a list of M sentences
T = (S],...,5)), our heuristic provides N x M scores, such that: SCORESeytraction =
{% Yre12,0 ROUGE,(S;, S)[S; € D; S} € T}

Since single sentence extraction may not always contain the same information content as
a target summary, we extended the number ground-truth extraction sentences per output
summary sentence to two. This is done by choosing the top 2 sentences in D that have the
highest SCORES traction With respect to a given sentence in 7. The resulting 2M ordered
sentences are used as context in the TLM. The TLM benefits from a more structured and

larger context from the extractive summarization model during training.

First, the “sentence-encoder” or token-level RNN is a bi-directional LSTM [88] encoding
each sentence. The last hidden state of the last layer from the two directions produces
sentence embeddings: (si,...,Sy), where N is the number of sentences in the document.
The sentence-level LSTM or the “document encoder”, another bi-directional LSTM, encodes

this sequence of sentence embeddings to produce document representations: (dy,...,dy).

The decoder is an autoregressive pointer LSTM taking the sentence-level LSTM hidden state
of the previously extracted sentence as input and predicting the next extracted sentence. Let
1; the index of the previous extracted sentence at time step ¢. The input to the decoder is
s;,-The decoder’s output is computed by an attention mechanism from the decoder’s hidden
state h; over the document representations (di,...,dy). We used the dot product attention
method from [89]. The attention weights a; produce a context vector c;, which is then used

to compute an attention aware hidden state h,.
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The attention weights a; are used as output probability distribution over the document
sentences, of the choice for the next extracted sentence. The model is trained to minimize
the cross-entropy of picking the correct sentence at each decoder time step. At inference, we

use beam-search to generate the extracted summary.

Sentence Classifier As with the pointer network, we use a hierarchical LSTM to encode
the document and produce a sequence of sentence representations di,...,dy where N is
the number of sentences in the document. We compute a final document representation as

follows:

1 N
i=1

where by and W are learnable parameters. Finally, the probability of each sentence belong-

ing to the extractive summary is given by:

)

0; =0 (WO

+ bo) (2.2)

where o is the sigmoid activation function. The model is trained to minimize the binary

cross-entropy loss with respect to the sentences in the gold-extracted summary.

Model details and training parameters are included in the appendix.

2.3.2 Transformer Language Models (TLM)

Instead of formulating abstractive summarization as a seq2seq problem using an encoder-
decoder architecture, we only use a single transformer language model that is trained from
scratch, with appropriately “formatted” data (see figure 2.1, we also describe the formatting

later in this section).

We use a transformer [90] language model (TLM) architecture identical to [72]. Our model has
220M parameters with 20 layers, 768 dimensional embeddings, 3072 dimensional position-wise
MLPs and 12 attention heads. The only difference in our architectures (to our knowledge)
is that we do not scale weights at initialization. We trained the language model for 5 days
on 16 V100 GPUs on a single Nvidia DGX-2 box. We used a linear ramp-up learning rate
schedule for the first 40,000 updates, to maximum learning rate of 2.5 x e~* followed by a
cosine annealing schedule to 0 over the next 200,000 steps with the Adam optimizer. We

used mixed-precision training [91] with a batch size of 256 sequences of 1024 tokens each.

In order to get an unconditional language model to do abstractive summarization, we can use
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the fact that LMs are trained by factorizing the joint distribution over words autoregressively.
In other words, they typically factorize the joint distribution of tokens p(z1,xs...x,) into a
product of conditional probabilities [T} p(x;|z<;). We therefore organize the training data for
our models such that the ground-truth summary follows the information used by the model
to generate a summary. As such, we can model the joint distribution of the document and
the summary during training, and sample from the conditional distribution of the summary

given document when we wish to perform inference.

When dealing with extremely long documents that may not fit into a single window of
tokens seen by a transformer language model, such as an entire scientific article, we use its
introduction as a proxy for having enough information to generate an abstract (summary)
and use the remainder of the paper as in domain language model training data (Fig 2.1). In
such cases, we organize the arXiv and PubMed datasets as follows: 1) the paper introduction,
2) extracted sentences from the sentence pointer model, 3) the abstract, and 4) the rest of
the paper. This ensures that at inference time, we can provide the language model the paper
introduction and the extracted sentences as conditioning to generate its abstract. We found
that using the ground truth extracted sentences during training and the model extracted
sentences at inference performed better than using the model extracted sentences everywhere.
On other datasets, the paper introduction would be the entire document. In such case, the

rest of the paper does not exist and is therefore not included.

We use a special token to indicate the start of the summary and use it at test time to signal to
the model to start generating the summary. The rest of the article is provided as additional
in-domain training data for the LM. The entire dataset is segmented into non-overlapping
examples of 1,024 tokens each. We use “topk” sampling at inference [92, 72], with k£ = 30

and a softmax temperature of 0.7 to generate summaries.

2.4 Results and Analysis

Datasets We experiment with four different large-scale and long document summarization
datasets - arXiv, PubMed [2], bigPatent [1] and Newsroom [4]. Statistics are reported in
Table 2.1.

Data preprocessing Both our extractive and abstractive models use sub-word units com-
puted using byte pair encoding [93] with 40,000 replacements. To address memory issues

in the sentence pointer network, we only keep 300 sentences per article, and 35 tokens per



34

Comp | Sum Doc
Dataset #Documents | Ratio | Len Len

arXiv 215,913 39.8 | 292.8 | 6,913.8
PubMed 133,215 16.2 | 214.4 | 3,224.4
Newsroom 1,212,726 43.0 | 30.4 | 750.9
BigPatent 1,341,362 36.4 | 116.5 | 3,572.8

Table 2.1 Statistics from [1] for the datasets used in this work - The number of document/-
summary pairs, the ratio of the number of words in the document to the abstract and the
number of words in the summary and document.

sentence.

Evaluation We evaluate our method using full-length F-1 ROUGE scores [94] and re-used
the code from [2] for this purpose. All ROUGE numbers reported in this work have a 95%

confidence interval of at most 0.24.

Comparison We compare our results to several previously proposed extractive, abstractive
and mixed summarization models on ROUGE scores. ROUGE scores tend to measure lexical
overlap [95] which favors extractive methods of summarization. Since ROUGE scores do not
capture system summary fluency and readability (which typically does not favor abstractive
summarization), we also include a human evaluation. For this reason, Tables 2.2, 2.3, 2.4, 2.5
have a “Type” column to inform the reader on the type model evaluated (Ext=extractive,
Mix=mixed and Abs=abstractive). All prior results reported on the arXiv and Pubmed
benchmark are obtained from [2], except for the Bottom-up model® [83]. Similarly, prior
results for the BigPatent dataset are obtained from [1] and Newsroom from [4] and [5].
These methods include LezRank [96], SumBasic [97], LSA [98], Attention-Seq2Seq [78, T9],
Pointer-Generator Seq2Seq [82], Discourse-aware, which is a hierarchical extension to the

pointer generator model, 2|, Sent-rewriting [75], RNN-Ezt 75|, Exconsumm [5].

We present our main results on summarizing arXiv and PubMed papers in tables 2.2, 2.3.
TLM+I+E (G,M) sets a new state-of-the-art on Arxiv, Pubmed and bigPatent datasets
on abstractive summarization ROUGE scores. Our extractive models are able to outper-
form previous extractive baselines on both the arXiv and Pubmed datasets. Our extractive
techniques also score higher than our abstractive techniques on arXiv and Pubmed. Again,
ROUGE does not capture all aspects of a summary’s quality such as fluency and coherence.
For instance, previous work that have used RL to maximize ROUGE scores have concluded

that "RL has the highest ROUGE-1 and ROUGE-L scores, it produces the least readable

3We used the code from https://github.com/sebastianGehrmann/bottom-up-summary with the
same parameters.


https://github.com/sebastianGehrmann/bottom-up-summary

35

summaries' [99]. Our TLM conditioned on the extractive summary produced by our best ex-
tractive model (TLM-I+E (G,M)) outperforms prior abstractive/mixed results on the arXiv,
Pubmed and bigPatent datasets, except on ROUGE-L.

ROUGE
Model Type 1 9 3 L
Previous Work
Lead-10 Ext | 3552 10.33 3.74 31.44
SumBasic Ext |2947 6.95 236 26.3
LexRank Ext | 33.85 10.73 4.54 28.99
Seq2Seq Abs 29.3  6.00 1.77 25.56
Pointer-gen Mix | 32.06 9.04 215 25.16
Discourse-aware Mix | 35.80 11.05 3.62 31.80
Bottom-up Mix | 39.96 13.16 5.04 36.28
Our Models
Sent-CLF Ext |34.01 871 299 3041
Sent-PTR Ext | 4232 15.63 7.49 38.06
TLM-1 Abs | 39.65 12.15 4.40 35.76
TLM-I+E (G,M) | Mix |41.62 14.69 6.16 38.03
Oracle

Gold Ext Oracle | 44.25 18.17 9.14 35.33
TLM-I+E (G,G) | Oracle | 46.40 18.15 8.71 42.27

Table 2.2 Summarization results on the arXiv dataset. Previous work results from [2]. The
following lines are a simple baseline Lead-10 extractor and the pointer and classifier models.
Our transformer LMs (TLM) are conditioned either on the Introduction (I) or along with
extracted sentences (E) either from ground-truth (G) or model (M) extracts.

On Newsroom, our TLM model performs close to 7 times better than the other purely ab-
stractive model (Seq2Seq with attention). We achieve better performance than the pointer
generator even on the abstractive and mixed which their model should be better suited for
since it has a copy mechanism. The Exconsumm model [5] however, which is primarily an
extractive model does better on this dataset. We suspect the poor ROUGE-L result is due
to the absence of a copy mechanism that makes it hard to get ezract large n-gram matches.
Figure 2.2 further supports this hypothesis, it is evident that a model with a copy mech-
anism is often able to copy even upto 25-grams from the article. Further, [100] finds that
ROUGE-L is poorly correlated with human judgements when compared to ROUGE-1,2,3.
In tables 2.8, 2.9 A.1, we present qualitative results of abstracts of notable papers in our

field and of our TLM conditioned on the introductions and extracted summaries of a ran-
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ROUGE
Model Type 1 9 3 L
Previous Work
Lead-10 Ext | 3745 14.19 8.26 34.07
SumBasic Ext 37.15 11.36 542 33.43
LexRank Ext |39.19 13.89 7.27 34.59
Seq2seq Abs | 31.55 8.52 7.05 27.38
Pointer-gen Mix | 35.86 10.22 7.60 29.69
Discourse-aware Mix | 3893 1537 9.97 35.21
Bottom-up Mix | 40.02 15.82 8.71 37.28
Our Models
Sent-CLF Ext | 45.01 19.91 12.13 41.16
Sent-PTR Ext | 43.30 17.92 10.67 39.47
TLM-I Abs | 37.06 11.69 5.31 34.27
TLM-I+E (GM) | Mix |42.13 16.27 8.82 39.21
Oracle

Gold Ext Oracle | 47.76 20.36 11.52 39.19
TLM-I+E (G,G) | Oracle | 46.32 20.15 11.75 43.23

Table 2.3 Summarization results on the PubMed dataset. Previous work results from [2].
The following lines are a simple baseline Lead-10 extractor and the pointer and classifier
models. Our transformer LMs (TLM) are conditioned either on the Introduction (I) or along
with extracted sentences (E) either from ground-truth (G) or model (M) extracts.

dom example from the arXiv test set. Table 2.6 shows similar qualitative examples on the
Newsroom dataset. Tables 2.2, 2.3 and 2.4 also provide different train / test settings for
our TLM conditioned on extracted sentences. We show a performance upper bound con-
ditioning the Transformer LM on oracle / ground-truth extracted sentences at both train
and test time (TLM-I+E (G,G)). We also experiment with using either the ground-truth
extracted sentences (TLM-I4+E (G,M)) or the model extracted sentences (TLM-I+E (M,M))
during training and find that latter slightly impairs performance. It is important to note
that, across datasets, introducing extracted sentences with TLM+I+E or TLM+E has con-
sistently performed better over TLM+I or TLM. For bigPatent in table 2.4 and newsroom
in table 2.5 TLM and TLM+E models have access to the same text since the whole article
can fit in the transformer window size. This is particularly interesting since our results show
that explicitly delimiting the extracted sentences has large positive affects on summary per-
formance. As anticipated, introducing extracted sentences allows the TLM model to focus

less on information retrieval and more on language generation.
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ROUGE
Model Type 1 9 I
Previous Work
Lead-3 Ext 31.27 875  26.18
TextRank Ext 35.99 11.14 29.60
LexRank Ext 35.57 1047  29.03
RNN-Ext Ext 34.63 10.62 29.43
Seq2Seq Abs 28.74  7.87  24.66
Pointer-gen Mix | 30.59 10.01 25.65
Pointer-gen (Cov) | Mix | 33.14 11.63 28.55
Sent-rewriting Mix | 37.12 11.87 32.45
Our Models
Sent-CLF Ext 36.20 10.99 31.83
Sent-PTR Ext 34.21  10.78  30.07
TLM Abs 36.41 11.38 30.88
TLM+E (G,M) Mix | 38.65 12.31 34.09
Oracle

Gold Ext Oracle | 43.56 16.91  36.52
OracleFrag Oracle | 91.85 78.66 91.85
TLM+E (G,G) Oracle | 39.99 13.79 35.33

Table 2.4 Summarization results on the bigPatent dataset. Previous work results from [1].
Our transformer LMs (TLM) are conditioned on the whole document or additionally with
extracted sentences (E) either from ground-truth (G) or model (M) extracts. Note that
OracleFrag [3] (Extractive Oracle Fragments) is an an extraction heuristic that “has access
to the reference summary”.

2.4.1 Abstractiveness of generated abstracts

[101] argued that state-of-the-art abstractive summarization systems that use a copy mech-
anism effectively generate the summary by copying over large chunks from the article, es-
sentially doing “extractive” summarization. Following this work, we measure how much a
model copies from the article by counting the proportion of n-grams from the generated
abstract that are also found in the article. These statistics measured on the arXiv dataset
are presented in figure 2.2. First, the original abstract and our TLM conditioned on the
intro have small and very similar overlap fractions with the original article. A model using a
pointing mechanism (we used our own implementation of the model developed by [2])* copies
more than our transformer model, especially for higher n-grams. In particular, more than
10% of the 20-grams from the abstracts generated by the pointing model are also found in

the article, showing that it tends to copy long sequences of words. On the other hand, our

4This model achieved the following ROUGE-1, 2, 3 and L on the arXiv dataset: 41.33,14.73,6.80, 36.34
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Model Type Extractive \ Mixed \ Abstractive
ROUGE
1 2 L | 1 2 L | 1 2 L
Previous Work
Seq2Seq Abs 6.1 0.2 5.4 5.7 0.2 5.1 6.2 1.1 5.7
TextRank Ext 324 197 287|223 79 177 | 135 1.9 105
Pointer-gen Mix 39.1 279 36.2 | 25,5 11.0 21.1 | 147 23 114
Lead-3 Ext 53.0 49.0 524 | 251 129 221 | 13.7 24 11.2
Exconsumm Mix 68.4 62.9 67.3 | 31.7 16.1 270 | 17.1 3.1 14.1
Our Models
Sent-CLF Ext 53.0 470 52.1 | 26.8 12.6 236 | 154 2.7 128
Sent-PTR Ext 60.7 55.2 59.7 | 2819 14.1 25.1 | 159 2.8 13.0
TLM Abs 49.8 39.7 474 | 271 116 228 | 204 6.9 17.1
TLM+E (G,M) Mix 63.3 573 61.8 |31.9 16.6 27.4 | 20.1 6.5 16.6
Oracle

Gold Ext Oracle | 68.1 64.5 67.3 | 40.8 246 34.2 | 219 52 16.3
TLM+E (G,G) | Oracle | 788 74.0 77.8 | 38.6 22.0 33.6 | 245 9.6 20.8

Table 2.5 Summarization results on the Newsroom dataset. Previous work results from [4]
and [5]. Note that extractive/mixed/abstractive columns denote the type of ground-truth
summary. The Newsroom dataset has targets that are extracted from the input (extractive),
that are created with heuristics (mixed) and that are created by humans (abstractive). Also
note that the “Type” column refers to the model type for each row.

proposed model produces more “abstractive” summaries, demonstrating its ability to para-
phrase. Our model tends to copy longer sequences when conditioned on the introduction and
the sentences from the extractor. We hypothesize that providing extracted sentences from
the article that already contain a lot of words present in the reference abstract, makes the
transformer’s task easier, by allowing it to copy words and phrases from the extracted sen-
tences. We find empirical evidence of this in figure 2.2, showing that the majority of n-gram
copies come from the extracted sentences. For 5-grams, close to 2/3rd of the words copied
are from the extracted sentences. As the number of grams increases to 25-grams, 4/5th of

the words copied are from the extracted sentences.

2.4.2 T-SNE of learned word embeddings

We visualize the word embeddings learned by our TLM model using t-sne. We find that
words that are often associated with computer science are clustered in a different part of

space when compared to words associated with physics.

We use the arXiv REST API to find the submission category of each paper in the training
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Our implementation of discourse-aware model

TLM conditioned on intro

TLM conditioned on intro + extract (n_grams found in intro)

TLM conditioned on intro + extract (n_grams found in extract)

TLM conditioned on intro + extract (n_grams found in rest of article)
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Figure 2.2 n-gram overlaps between the abstracts generated by different models and the input
article on the arXiv dataset. We show in detail which part of the input was copied for our
TLM conditioned on intro + extract.

set and then find the ~300 most representative words for each category, using TF-IDF scores

and plot them.

2.4.3 Human Evaluation

We performed a human evaluation using the same experimental setup as in [4] in Table 2.7.
For the same 60 Newsroom test articles, we obtain the summaries for 5 different models
(ground truth, sentence classifier, sentence pointer, TLM conditioned on article, TLM con-
ditioned on article + pointer extracts). As expected, Transformers are quite good making
coherent and fluent summaries but not necessarily on informativeness and relevance. Trans-
formers have a logarithmic or constant path length (as opposed to linear in RNNs) between
a network’s output and any of its inputs, making gradient flow much easier. This is a clear
advantage over RNNs that tend to repeat sentences. Transformers are also known to hal-
lucinate [102] but we notice that including extracted sentences, TLM + Intro + Extract,

improve relevance by 3% over TLM + Intro, bringing relevance closer to extractive methods.
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Figure 2.3 t-sne visualization of the TLM-learned word embeddings. The model appears to
partition the space based on the broad paper categoty in which it frequently occurs.

Interestingly, on Coherence, both our TLM variants also score better than the ground truth.
Over the four categories, TLM + Intro + Extract performs best on average over TLM +
Intro, despite the former having higher ROUGE scores on the abstractive test set in table
2.5.

Somewhat counter-intuitively we observe that human written summaries are often rated lower
than model summaries. However, other work has also found that human written ground truth
summaries consistently receive lower scores when compared to model written summaries when
evaluated by turkers (see for example Table 3 in the PEGASUS paper of [103]). We believe
that this could be because Newsroom summaries are sometimes noisy, ungrammatical and

incoherent.

2.4.4 Qualitative Results

Here we provide some qualitative results. Running our algorithm on a close to final version of
this paper (excluding this section) and selecting the best sample from a set of 10-20 runs we
found the following abstract: “we present a hybrid extractive and abstractive approach for
generating summaries from long documents. we use an initial extractive step that reduces the
amount of context for a subsequent abstractive step (see figure [fig: model]). we show that
this approach can produce a good summarization quality on both short and long documents,

even without using copying and pointing mechanisms. further, by considering the context in
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Document — A new plan from the government of the
Philippines would offer free wireless internet to people
across the country while also likely eating into the annual
revenue of the nations telecoms. Bloomberg reports that
the Philippines government plans to roll-out its free Wi-
Fi services to roughly half of the countrys municipalities
over the next few months and the country has its sights
set on nationwide coverage by the end of 2016. The free
wireless internet service will be made available in public
areas such as schools, hospitals, airports and parks, and
is expected to cost the government roughly $32 million
per year. |...]

Abstractive — : The government is reportedly consid-
ering a nationwide service plan to give free Wi-Fi access
to rural areas.

Mixed — The government of the Philippines is consid-
ering a new plan to provide free wireless internet to the
nation’s largest cities and towns.

Extractive — The new plan will include free wireless in-
ternet to residents across the country while also probably
eating into the annual revenue of the country’s telecoms.
Document — (CBS) - Controversy over a new Microsoft
patent has people questioning whether or not the inten-
tion has racist undertones. CNET reported that Mi-
crosoft has been granted a U.S. patent that will steer
pedestrians away from areas that are high in crime. |[...]
Absractive Summary — The new Microsoft patent
claims a device could provide pedestrian navigation di-
rections from a smartphone.

Mixed Summary Microsoft won a U.S. patent for a
new way to steer pedestrians out of areas that are high
in crime

Table 2.6 Qualitative Results - News articles and our model generated summaries on the
NewsRoom dataset

both the text and the discourse, we find that the hybrid approach is effective at capturing
the underlying context. we examine these models through rouge scores, through a study of
the amount of n-gram copying performed by different models, as well as through a human
evaluation using a standard protocol. our results show that our hybrid approach yields results

that outperform current state-of-the-art results on several metrics of these evaluations."
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Evaluation criteria
COH FLU INF REL
Ground truth summaries | Orac | 3.73 3.98 3.19 3.59
TLM - Intro 4+ Extract Mix | 3.78 3.75 3.09 3.59

Model Type

TLM - Intro Mix 3.77 3.90 3.11 3.50
Sentence pointer Ext | 3.67 3.66 3.24 3.78
Sentence classifier Ext 3.62 3.79 3.47 3.89

Table 2.7 Human evaluation on Newsroom abstractive summarization test data. Fach pair
of (article, summary) is presented to three unique crowd workers, who are asked to judge the
summaries along four criteria: Coherence (COH: does the summary make sense as a whole),
Fluency (FLU: is it well written), Informativeness (INF: does the summary catch the most
important points of the article), and Relevance (REL: are the facts in the summary consistent
with the article).

2.5 Conclusion

We have demonstrated that Transformer language models can generate high-quality sum-
maries of long sequences of text via an extractive step followed by an abstractive step.
We quantitatively measure the positive impact of the extractive step, by comparing it to
a abstractive model variant that only sees the input text itself. Our approach outperforms
previous extractive and abstractive summarization methods on the arXiv, PubMed and big-
Patent datasets and is less prone to copying entire phrases or sentences from the input text.
As with other problem domains, we have observed that abstractive summaries generated
by transformers can generate imaginary content. We advise that such evaluations should
probe multiple aspects of the summarization results including both factual correctness and
coherency. We also note that for evaluating the correctness of the summaries of scientific
articles and patents one must have highly trained evaluators who are willing to invest sig-
nificant amounts of time to read the underlying papers and patents. Such studies could
therefore require significant investments of resources. While we believe that this work is a
step forward towards generating more abstractive summaries, it remains an open challenge
to develop abstactive models that respect the underlying facts of the content being summa-
rized while matching the creative ability of humans to coherently and concisely synthesize
summaries. However, the TLMs we use here are of moderate size compared to what is now
possible. It would be very interesting to see what kind of performance larger models could

achieve.
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Generated abstract for “the attention
model paper” [104] - In this paper, we
propose a neural machine translation model,
which learns to align and translate a source
sentence without encoding it into a fixed
length vector. The proposed model allows the
neural network to align and translate jointly,
and in addition, predicts a target word based
on the context vectors associated with these
source positions. We show that the proposed
model achieves significantly improved trans-
lation performance than the conventional en-
coder decoder neural network approach, when
the sentences in the training corpus are long

Quantitative analysis reveals that the pro-
posed model finds a linguistically plausible
soft alignment between a source sentence and
the target sentence. Finally, we compare the
performance of the proposed model with the
state-of-the-art standard neural network trans-
lation models and show that the proposed ap-
proach outperforms the conventional approach
in terms of both translation performance and
the quality of the translations.

Original abstract - Neural machine translation is a recently
proposed approach to machine translation. Unlike the tra-
ditional statistical machine translation, the neural machine
translation aims at building a single neural network that can
be jointly tuned to maximize the translation performance.
The models proposed recently for neural machine translation
often belong to a family of encoder-decoders and consists of
an encoder that encodes a source sentence into a fixed-length
vector from which a decoder generates a translation. In this
paper, we conjecture that the use of a fixed-length vector is a
bottleneck in improving the performance of this basic encoder-
decoder architecture, and propose to extend this by allowing a
model to automatically (soft-)search for parts of a source sen-
tence that are relevant to predicting a target word, without
having to form these parts as a hard segment explicitly. With
this new approach, we achieve a translation performance com-
parable to the existing state-of-the-art phrase-based system on
the task of English-to-French translation. Furthermore, quali-
tative analysis reveals that the (soft-)alignments found by the
model agree well with our intuition.

Generated abstract for “the GPT-2 pa-
per” [72] - Language models have been suc-
cessful in creating rich representations of com-
plex systems, including tasks such as senti-
ment analysis. In this paper we demonstrate
their ability to generalize well across domains
and tasks. We demonstrate the utility of lan-
guage models by demonstrating that a variety
of tasks can be modeled using language mod-
els. We demonstrate the potential of language
models in downstream tasks by highlighting
the ability of these models to perform a wide
range of tasks in a zero shot setting.

Original abstract - Natural language processing tasks, such
as question answering, machine translation, reading compre-
hension, and summarization, are typically approached with
supervised learning on task-specific datasets. We demonstrate
that language models begin to learn these tasks without any
explicit supervision when trained on a new dataset of mil-
lions of webpages called WebText. When conditioned on a
document plus questions, the answers generated by the lan-
guage model reach 55 F1 on the CoQA dataset - matching
or exceeding the performance of 3 out of 4 baseline systems
without using the 127,000+ training examples. The capacity
of the language model is essential to the success of zero-shot
task transfer and increasing it improves performance in a log-
linear fashion across tasks. Our largest model, GPT-2, is a
1.5B parameter Transformer that achieves state of the art re-
sults on 7 out of 8 tested language modeling datasets in a
zero-shot setting but still underfits WebText. Samples from
the model reflect these improvements and contain coherent
paragraphs of text. These findings suggest a promising path
towards building language processing systems which learn to
perform tasks from their naturally occurring demonstrations.

Table 2.8 Qualitative Results — Generated abstracts of select papers using our Intro
TLM (part 1).

Only
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Generated abstract for “the BERT pa-
per” [105] - We develop an architecture for
deep bidirectional language models that allows
the representation to fuse the left and the right
context of a given token. Our framework uses
bidirectional transformer encoder representa-
tions that enable the model to fuse the con-
text representations of a token. We show that
our architecture achieves state-of-the-art per-
formance on a large suite of tasks, outperform-
ing many systems with task-specific architec-
tures. Our results are based on a set of eleven
task specific tasks that are benchmarks for a
large suite of nlp tasks.

Original abstract - We introduce a new language repre-
sentation model called BERT, which stands for Bidirectional
Encoder Representations from Transformers. Unlike recent
language representation models, BERT is designed to pre-
train deep bidirectional representations from unlabeled text
by jointly conditioning on both left and right context in all
layers. As a result, the pre-trained BERT model can be fine-
tuned with just one additional output layer to create state-
of-the-art models for a wide range of tasks, such as question
answering and language inference, without substantial task-
specific architecture modifications. BERT is conceptually sim-
ple and empirically powerful. It obtains new state-of-the-art
results on eleven natural language processing tasks, includ-
ing pushing the GLUE score to 80.5% (7.7% point absolute
improvement), MultiNLI accuracy to 86.7% (4.6% absolute
improvement), SQuAD v1.1 question answering Test F1 to
93.2 (1.5 point absolute improvement) and SQuAD v2.0 Test
F1 to 83.1 (5.1 point absolute improvement).

Generated abstract for “the GAN pa-
per” [106] - Adversarial nets are a class of
deep generative networks that utilize the ad-
vantages of piecewise linear units. Here, we ex-
plore a novel model estimation procedure that
combines several methods, such as backpropa-
gation and dropout, to learn generative mod-
els. The proposed adversarial net framework
can be thought of as analog to a team of coun-
terfeiters, who try to produce fake currency
and use it without being detected, while the
discriminative model is analogous to the po-
lice, trying to detect the counterfeit currency.
‘We refer to this special case as adversarial nets.
We explore the special case when the genera-
tive model generates samples by passing ran-
dom noise through a multilayer perceptron,
and the discriminative model is also a multi-
layer perceptron.

Original abstract - We propose a new framework for es-
timating generative models via an adversarial process, in
which we simultaneously train two models: a generative model
G that captures the data distribution, and a discriminative
model D that estimates the probability that a sample came
from the training data rather than G. The training procedure
for G is to maximize the probability of D making a mistake.
This framework corresponds to a minimax two-player game.
In the space of arbitrary functions G and D, a unique solu-
tion exists, with G recovering the training data distribution
and D equal to 1/2 everywhere. In the case where G and
D are defined by multilayer perceptrons, the entire system
can be trained with backpropagation. There is no need for
any Markov chains or unrolled approximate inference networks
during either training or generation of samples. Experiments
demonstrate the potential of the framework through qualita-
tive and quantitative evaluation of the generated samples.

Table 2.9 Qualitative Results — Generated abstracts of select papers using our Intro
TLM (part 2).

Only
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Abstract

Multi-Task Learning (MTL) networks have emerged as a promising method for transferring
learned knowledge across different tasks. However, MTL must deal with challenges such
as: overfitting to low resource tasks, catastrophic forgetting, and negative task transfer,
or learning interference. Often, in Natural Language Processing (NLP), a separate model
per task is needed to obtain the best performance. However, many fine-tuning approaches
are both parameter inefficient, i.e., potentially involving one new model per task, and highly
susceptible to losing knowledge acquired during pretraining. We propose a novel Transformer
based Adapter consisting of a new conditional attention mechanism as well as a set of task-
conditioned modules that facilitate weight sharing. Through this construction, we achieve
more efficient parameter sharing and mitigate forgetting by keeping half of the weights of a
pretrained model fixed. We also use a new multi-task data sampling strategy to mitigate the
negative effects of data imbalance across tasks. Using this approach, we are able to surpass
single task fine-tuning methods while being parameter and data efficient (using around 66%
of the data for weight updates). Compared to other BERT Large methods on GLUE, our
8-task model surpasses other Adapter methods by 2.8% and our 24-task model outperforms
by 0.7-1.0% models that use MTL and single task fine-tuning. We show that a larger variant
of our single multi-task model approach performs competitively across 26 NLP tasks and
yields state-of-the-art results on a number of test and development sets. Our code is publicly
available at https://github.com/CAMTL/CA-MTL!.

! Jonathan Pilault a contribué dans la conception des algorithmes, I'experimentation, I’analyse des résul-
tats, amélioration de l'efficacité du logiciel, analyse théorique, rédaction de I’article, recherche bibliographique
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3.1 Introduction

The introduction of deep, contextualized Masked Language Models (MLM)? trained on mas-
sive amounts of unlabeled data has led to significant advances across many different Natural
Language Processing (NLP) tasks [107, 108]. Much of these recent advances can be attributed
to the now well-known BERT approach [6]. Substantial improvements over previous state-
of-the-art results on the GLUE benchmark [16] have been obtained by multiple groups using
BERT models with task specific fine-tuning. The “BERT-variant + fine-tuning” formula
has continued to improve over time with newer work constantly pushing the state-of-the-art
forward on the GLUE benchmark. The use of a single neural architecture for multiple NLP
tasks has shown promise long before the current wave of BERT inspired methods [109] and
recent work has argued that autoregressive language models (ARLMs) trained on large-scale
datasets — such as the GPT family of models [110], are in practice multi-task learners [111].
However, even with MLMs and ARLMs trained for multi-tasking, single task fine-tuning is
usually also employed to achieve state-of-the-art performance on specific tasks of interest.
Typically this fine-tuning process may entail: creating a task-specific fine-tuned model [6],
training specialized model components for task-specific predictions [8] or fine-tuning a single

multi-task architecture [9].

Single-task fine-tuning overall pretrained model parameters may have other issues. Recent
analyses of such MLM have shed light on the linguistic knowledge that is captured in the
hidden states and attention maps [112, 113, 114]. Particularly, BERT has middle Transformer
[115] layers that are typically the most transferable to a downstream task [108]. The model
proxies the steps of the traditional NLP pipeline in a localizable way [113] — with basic
syntactic information appearing earlier in the network, while high-level semantic information
appearing in higher-level layers. Since pretraining is usually done on large-scale datasets,
it may be useful, for a variety of downstream tasks, to conserve that knowledge. However,
single task fine-tuning cause catastrophic forgetting of the knowledge learned during MLM
[116]. To preserve knowledge, freezing part of a pretrained network and using Adapters for

new tasks have shown promising results [8].

Inspired by the human ability to transfer learned knowledge from one task to another new
task, Multi-Task Learning (MTL) in a general sense [117, 118, 119] has been applied in

et la réponse aux réviseurs de conférence.
2For reader convenience, all acronyms in this paper are summarized in section B.1.1 of the Appendix.
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Figure 3.1 CA-MTL base architecture with our uncertainty-based sampling algorithm. Each
task has its own decoder. The input embedding layer and the lower Transformer layers are
frozen. The upper Transformer layer and Conditional Alignment module are modulated with
the task embedding.

many fields outside of NLP. [120] showed that a model trained in a multi-task manner can

take advantage of the inductive transfer between tasks, achieving a better generalization
performance. MTL has the advantage of computational /storage efficiency [121], but training
models in a multi-task setting is a balancing act; particularly with datasets that have different:
(a) dataset sizes, (b) task difficulty levels, and (c) different types of loss functions. In
practice, learning multiple tasks at once is challenging since negative transfer [122], task
interference [123, 124] and catastrophic forgetting [125] can lead to worse data efficiency,

training stability and generalization compared to single task fine-tuning.

Using Conditionally Adaptive Learning, we seek to improve pretraining knowledge retention

and multi-task inductive knowledge transfer. Our contributions are the following:

o A new task conditioned Transformer that adapts and modulates pretrained weights (Sec-
tion 3.2.1).
e A novel way to prioritize tasks with an uncertainty based multi-task data sampling method

that helps balance the sampling of tasks to avoid catastrophic forgetting (Section 3.2.2).
Our Conditionally Adaptive Multi-Task Learning (CA-MTL) approach is illustrated in Fig-

ure 3.1. To the best of our knowledge, our work is the first to explore the use of a latent
representation of tasks to modularize and adapt pretrained architectures. Further, we believe

our work is also the first to examine uncertainty sampling for large-scale multi-task learning in
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NLP. We show the efficacy of CA-MTL by: (a) testing on 26 different tasks and (b) present-
ing state-of-the-art results on a number of test sets as well as superior performance against
both single-task and MTL baselines. Moreover, we further demonstrate that our method has
advantages over (c) other adapter networks, and (d) other MTL sampling methods. Finally,
we provide ablations and separate analysis of the MT-Uncertainty Sampling technique in

section 3.4.1 and of each component of the adapter in 3.4.2.

3.2 Methodology

This section is organized according to the two main MTL problems that we will tackle:
(1) How to modularize a pretrained network with latent task representations? (2) How to
balance different tasks in MTL? We define each task as: .7; = {p;(y;|xs, 2i), %, ps(x:) }, where
z; is task i’s learnable shallow embedding, .%; is the task loss, and p;(x;) is the empirical
distribution of the training data pair {x;,y;}, for ¢ € {1,...,7} and T the number of
supervised tasks. The MTL objective is:

T
min Z "%(f(f)(zi)yei (Xi)7 yz) (31)

¢(Z)701 7777 0T i=1
where f is the predictor function (includes encoder model and decoder heads), ¢(z) are
learnable generated weights conditioned on z, and 6; are task-specific parameters for the

output decoder heads. z is constructed using an embedding lookup table.

3.2.1 Task Conditioned Transformer

Our task conditioned Transformer architecture is based on one simple concept. We either
add conditional layers or modulate existing pretrained weights using a task representation
by extending Feature Wise Linear Modulation [126] functions in several ways depending on

the Transformer layer. We define our framework below.

Definition 1 (Conditional Weight Transformations). Given a neural network weight matrix
W, we compute transformations of the form ¢(W|z;) = v;(z;)W + 5;(z;), where ~; and f;
are learned functions that transform the weights based on a learned vector embedding z;, for
task i.

Definition 2 (Conditionally Adaptive Learning). In our setting, Conditionally Adaptive Learn-
ing is the process of learning a set of ¢s for the conditionally adaptive modules presented
below along with a set of task embedding vectors z; for T tasks, using a multi-task loss (see

equation 3.1).
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In the subsections that follow: We introduce a new Transformer Attention Module using
block-diagonal Conditional Attention that allows the original query-key based attention to
account for task-specific biases (section 3.2.1). We propose a new Conditional Alignment
method that aligns the data of diverse tasks and that performs better than its unconditioned
and higher capacity predecessor (section 3.2.1). We adapt layer normalization statistics to
specific tasks using a new Conditional Layer Normalization module (section 3.2.1). We add
a Conditional Bottleneck that facilitates weight sharing and task-specific information flow
from lower layers (section 3.2.1). In our experiments we provide an ablation study of these

components (Table 3.1) examining performance in terms of GLUE scores.

Conditional Attention

Given d, the input dimensions, the query Q, the key K, and the value V as defined in [115],

we redefine the attention operation:

Attention(Q, K, V, z;)) = softmax

Vd

N
M(z;) = D A (z;) = diag(A], ..., Ay), A (z:) = Anvi(z:) + Bi(zs)
n=1

where @ is the direct sum operator (see section 3.2.1), N is the number of block matrices
A, € RE/MNXUL/N) along the diagonal of the attention matrix, L is the input sequence,
M (z;) = diag( A}, ..., Ay) is a block diagonal conditional matrix. Note that A, is constructed
using L/N trainable and randomly initialized L/N dimensional vectors. While the original
attention matrix depends on the hidden states h, M(z;) is a learnable weight matrix that
only depends on the task embedding z; € R%. ~;, 3; : RY — RE*/N* are Feature Wise Linear
Modulation [126] functions. We also experimented with full-block Conditional Attention
€ R*E. Not only did it have N? more parameters compared to the block-diagonal variant,
but it also performed significantly worse on the GLUE development set (see FBA variant in
Table B.4). It is possible that GLUE tasks derive a certain benefit from localized attention
that is a consequence of M (z;). With M(z;), each element in a sequence can only attend to
other elements in its subsequence of length L/N. In our experiments we used N = d/L. The

full Conditional Attention mechanism used in our experiments is illustrated in Figure 3.2.
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Figure 3.2 Conditional Attention Module

The Direct Sum Operator

In section 3.2.1, we used the direct sum operator @. This operation allows us to create a
block diagonal matrix. The direct sum of a matrix A € R™™ and B € RP*? results in a

matrix of size (m + p) X (n + ¢), defined as:

_011 a, 0 0 ]

A@B: A0 _ Ami " CQmn 0 0
0 B 0 0 by big

0 0 by byg

Conditional Alignment

[123] showed that in MTL having T separate alignment modules Ry, . .., Ry increases BERTArcE
avg. scores on five GLUE tasks (CoLA, MRPC, QNLI, RTE, SST-2) by 2.35%. Inspired
by this work, we found that adding a task conditioned alignment layer between the input

embedding layer and the first BERT Transformer layer improved multi-task model perfor-
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mance. However, instead of having T" separate alignment matrices R; for each T task, one
alignment matrix Ris generated as a function of the task embedding z;. As in [123], we tested
this module on the same five GLUE tasks and with BERTsrqg. Enabling task conditioned
weight sharing across covariance alignment modules allow us to outperforms BERT| arce by
3.61%. This is 1.26 % higher than having T separate alignment matrices. Inserting R into
BERT, yields the following encoder function f :

T
f=> 90 (E(x)R(z:)B),  R(z:) = Ri(z) + Bi(zi) (3:2)

t=1
where x; € R? is the layer input, gy, is the decoder head function for task i with weights
0;, E the frozen BERT embedding layer, B the BERT Transformer layers and R the linear

weight matrix of a single task conditioned alignment matrix. 7;, 3; : R¢ — R? are Feature

Wise Linear Modulation functions.

Conditional Bottleneck

CFF down

\ AN Y,

Figure 3.3 a) Conditional Bottleneck for CA-MTLgasg. b) Conditional Bottleneck for
CA-MTLiARGE.

Add & CLN

Add & CLN

We created a task conditioned two layer feed-forward bottleneck layer (CFF up/down in
Figure 3.3). The conditional bottleneck layer follows the same transformation as in equation
3.2. The module in Figure 3.3a is added to the top most Transformer layers of CA-MTLgasg
and uses a CLN. For CA-MTLyarge this module is the main building block of the skip
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connection added alongside all Transformer layers seen in Figure 3.3b. The connection at
layer j takes in the matrix sum of the Transformer layer output at j and the previous
connection’s output at j — 1. The Conditional bottleneck allows lower layer information to
flow upwards depending on the task. Our intuition for introducing this component is related
to recent studies [113] that showed that the “most important layers for a given task appear
at specific positions”. As with the other modules described so far, each task adaptation is

created from the weights of a single shared adapter that is modulated by the task embedding.

Conditional Layer Normalization (CLIN)

We extend the Conditional Batch Normalization idea from [127] to Layer Normalization [128].
For task .7;, i € {1,...,T}:

b=~ O (a— ) e 3ule) + Bz, Aile) =4la) + (33)

where h; is the CLN output vector, a; are the preceding layer activations associated with task
i, 4 and o are the mean and the variance of the summed inputs within each layer as defined
in [128]. Conditional Layer Normalization is initialized with BERT’s Layer Normalization
affine transformation weights and bias 4’ and 8’ from the original formulation: h = 2 © (a—
p) * ' + B'. During training, the weight and bias functions of v;(x) and J;(x) are always
trained, while the original Layer Normalization weight may be kept fixed. This module was
added to account for task specific rescaling of individual training cases. Layer Normalization
normalizes the inputs across features. The conditioning introduced in equation 3.2.1 allows

us to modulate the normalization’s output based on a task’s latent representation.

3.2.2 Multi-Task Uncertainty Sampling

MT-Uncertainty Sampling is a task selection strategy that is inspired by Active Learning tech-
niques. Our algorithm 1 is outlined below. Similar to Active Learning, our algorithm first
evaluates the model uncertainty. MT-Uncertainty Sampling uses Shannon Entropy, an un-
certainty measure, to choose training examples by first doing forward pass through the model
with b x T input samples. For an output classification prediction with C; possible classes
and probabilities (p;1,...,pic,), the Shannon Entropy H;, for task .7; and ¢ € {1,...,T},

our uncertainty measure % (x) are given by:
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CA
: Hi(foz),0,(x))
Hz:Hz z:).0.\X)) = — clO cs %ZEZ = — 3.4
(fo(z.0.(x)) ;p gp (:) B~ i (3.4)
H H ! S H bz i L log | 2 (3.5)
= m i m 7 A i - — N - .
ie{l%.},(T} ax b XEX; —1 CZ i Cl

where H; is the average Shannon Entropy across b samples of task ¢, H!, the Shannon
entropy of choosing classes with uniform distribution and H, the maximum of each task’s
average entropy over b samples. H/ is normalizing factor that accounts for differing number
of prediction classes (without the normalizing factor H], tasks with a binary classification
C; = 1 were rarely chosen). Further, to limit high entropy outliers and to favor tasks with
highest uncertainty, we normalize with H. The measure in eq. 3.4 allows Algorithm 1 to

choose b samples from b x T candidates to train the model.
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Input: Training data D, for task ¢ € [1,...,T]; batch size b; C; possible
output classes for task t; f := fy(z,),0, our model with weights ¢, 0;;
Output: B’ - multi-task batch of size b

B+« 0
fort < 1to T do
Generate x; 1= {xy1, ... ,xub}iw‘Dt
for 1 < 1to b do
C;
,Ht,i — =>4 pc(f(l‘t,i)) log pc(f(:L‘t7i)) > Entropy of each sample
end
Compute 7:[,5 — % erxi Ht,i > Average entropy for task t
Compute H] + — chil C% log [Cl’t] > Max entropy (uniform distribution)

B(—BUXt anth<—Dt\Xt

if D, =0 then
| Reload Dy

end

for i1 < 1to b do
‘ Compute: Z/{t,i — Htﬂ- / Hé > Uncertainty normalized with max entropy

end

end

Compute 7:[ < MaXie(1,..T} [7-_[75] > Entropy of task with highest average entropy
Update Z/{t,i — Um / 7:[ > Normalize each sample’s uncertainty measure
B+ top,({Uilt € [1,...,T],i € [1,...,b]}) > bsamples w/ highest uncertainty

Return: With B, solve eq. 3.1 with gradient descent; updated model f
Algorithm 1: Multi-task Uncertainty Sampling
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An advantage of our MT-Uncertainty Sampling approach is its ability to manage task diffi-
culty. This is highlighted in Figure 3.4. In this experiment, we estimated task difficulty using
the Evolutionary Data Measures (EDM)? proposed by [129]. The task difficulty estimate re-
lies on multiple dataset statistics such as the data size, class diversity, class balance and class
interference. Interestingly, estimated task difficulty correlates with the first instance that the
selection of a specific task occurs. Supposing that QNLI is an outlier, we notice that peaks in
the data occur whenever tasks are first selected by M'T Uncertainty sampling. This process
follows the following order: 1. MNLI 2. CoLA 3. RTE 4. QQP 5. MRPC 6.SST-2, which
is the order from highest task difficulty to lowest task difficulty using EDM. As opposed to
Curriculum Learning [130], MT-Uncertainty dynamically prioritizes the most difficult tasks.
As also discovered in MTL vision work [131], this type of prioritization on more difficult tasks
may explain MT-Uncertainty’s improved performance over other task selection methods. In
MTL, heuristics to balance tasks during training is typically done by weighting each task’s
loss differently. We see here how MT-Uncertainty is able to prioritize task difficulty.

32 A

281 Task  Difficulty

ot ] — MNLI 4.2
3 QNLI 38
=207 — CoLA 3.7
. — RTE 3.6
E | —= MRPC 3.5
5 127 — QQP. 35

8 SST-2 3.2

4 -

04 SN L Lol L1 NN

0 500 1000 1500 2000 2500 3000
Train iteration

Figure 3.4 Task composition of MT-Uncertainty sampling and estimated task difficulty using EDM:
number of training samples per task at each iteration for batch size of 32. The occurrence of first
peaks and estimated difficulty follow the same order: From highest to lowest: MNLI > CoLA >
RTE > QQP = MRPC > SST-2.

While the EDM difficulty measure is shown to correlate well with model performance, it lacks

precision. As reported in [129], the average score achieved on the Yahoo Answers dataset is

3https://github.com/Wluper /edm
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69.9% and its difficulty is 4.51. The average score achieved on Yelp Full is 56.8%, 13.1% less
than Yahoo Answers and its difficulty is 4.42. The authors mention that “This indicates that
the difficulty measure in its current incarnation may be more effective at assigning a class of

difficulty to datasets, rather than a regression-like value”.

3.3 Related Work

Multi-Tasking in NLP. To take advantage of the potential positive transfer of knowledge
from one task to another, several works have proposed carefully choosing which tasks to train
as an intermediate step in NLP before single task fine-tuning [132, 133, 122, 134, 135, 14].
The intermediate tasks are not required to perform well and are not typically evaluated
jointly. In this work, all tasks are trained jointly and all tasks used are evaluated from a
single model. In Natural Language Understanding (NLU), it is still the case that to get
the best task performance one often needs a separate model per task [136, 137]. At scale,
Multilingual NMT systems [138] have also found that MTL model performance degrades as
the number of tasks increases. We notice a similar trend in NLU with our baseline MTL
model. Recently, approaches in MTL have tackled the problem by designing task specific
decoders on top of a shared model [9] or distilling multiple single-task models into one [136].
Nonetheless, such MTL approaches still involves single task fine-tuning. In this paper, we

show that it is possible to achieve high performance in NLU without single task fine-tuning.

Adapters. Adapters are trainable modules that are attached in specific locations of a pre-
trained network. They provide another promising avenue to limit the number of parameters
needed when confronted with a large number of tasks. This approach is useful with pre-
trained MLM models that have rich linguistic information [139, 112, 108, 113]. Recently, [8]
added an adapter to a pretrained BERT model by fine-tuning the layer norms and adding
feed forward bottlenecks in every Transformer layer. However, such methods adapt each
task individually during the fine-tuning process. Unlike prior work, our method harnesses
the vectorized representations of tasks to modularize a single pretrained model across all
tasks. [7] and [140] also mix both MTL and adapters with BERT and T5 encoder-decoder
[141] respectively by creating local task modules that are controlled by a global task agnostic
module. The main drawback is that a new set of non-shared parameters must be added when
a new task is introduced. CA-MTL shares all parameters and is able to re-modulate existing

weights with a new task embedding vector.

Multi-Tasking in NLP and other fields. MTL weight sharing algorithms such as
Mixture-of-Experts (MoE) have found success in NLP [142]. CA-MTL can complement MoE

since the Transformers multi-headed attention can be seen as a form of MoE [143]. In Vision,
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MTL can also improve with optimization [144] or gradient-based approaches [145, 124].

Active Learning, Task Selection and Sampling. [146] examined multi-task active learn-
ing for neural semantic role labeling in a low resource setting, using entity recognition as the
sole auxiliary task. They used uncertainty sampling for active learning and found that 12%
less data could be used compared to passive learning. [147] has examined different active
learning techniques for the two task annotation scenario, focusing on named entity recog-
nition and syntactic parse tree annotations. In contrast, here we examine the larger scale
data regime, the modularization of a multi-task neural architecture, and the many task (>
2) setting among other differences. Other than MTAL [147, 146], [148] leveraged model un-
certainty to balance MTL losses but not to select tasks as is proposed here. Our sampling
technique is similar to the ones found in several active learning algorithms [149] that are
based on Shannon entropy estimations. [147] and [146] examined Multi-Task Active Learn-
ing (MTAL), a technique that chooses one informative sample for T' different learners (or
models) for each T tasks. Instead we choose T tasks samples for one model. Moreover, the
algorithm weights each sample by the corresponding task score, and the Shannon entropy is
normalized to account for various losses (see equation 3.5). Also, our algorithm is used in
a large scale MTL setup (> 2 tasks). Recently, [39] explored task selection in MTL using
learning policies based on counterfactual estimations [150]. However, such method considers
only fixed stochastic parameterized policies while our method adapts its selection criterion

based on model uncertainty throughout the training process.

Hypernetworks. CA-MTL is a hypernetwork adapter. The method to generate task-
conditioned adapter weights is inspired by [151]. Hypernetwork layers have also been fine-
tuned along with pretrained models. For example, [152] uses stochastic variational inference
[153] to produce language and task latent codes that conditionally generates the weights of a
BERT prediction head, a single hypernetwork linear layer shared across multiple languages
and tasks. Unlike previous methods however, CA-MTL conditionally modulates pretrained
weights and biases, attention matrices, hidden representations and normalization statistics
with task embeddings. Further, CA-MTL can preserve the pretraining knowledge by freezing
the underlying Transformer model. Finally, we show a synergy between our hypernetwork
adapter and our active task sampling technique (see section 3.2.2) that allows CA-MTL to

continue surpassing fully tuned models as we scale the number of tasks (see figure 3.8).

3.4 Experiments and Results

We show that our adapter of section 3.2 achieves parameter efficient transfer for 26 NLP

tasks. Our implementation of CA-MTL is based on HuggingFace [154]. Hyperparameters
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and our experimental set-up are outlined in B.1.3. To preserve the weights of the pretrained
model, CA-MTL’s bottom half Transformer layers are frozen in all experiments (except in
section 3.4.4). We also tested different layer freezing configurations and found that freezing

half the layers worked best on average (see Section B.1.5).

3.4.1 Multi-Task Uncertainty Sampling

0.82 A

0.80 1

0.78 1

0.76 1

0.74

Average score

0.70 1 / —— MT-Uncertainty
// — == (Couterfactual
0.68 - /7 Task size

/ — == Random

0-66 1 1 1 1 1 1 1 1
0 25000 50000 75000 100000 125000 150000 175000 200000

Training iteration

Figure 3.5 MT-Uncertainty vs. other task sampling strategies: median dev set scores on
8 GLUE tasks using BERTgage. Data for the Counterfactual and task-size policy mjask|
(Eq. 3.6) from [39].

Our MT-Uncertainty sampling strategy, from section 3.2.2, is compared to 3 other task selec-
tion schemes: a) Counterfactual b) Task size ¢) Random. We used a BERTgasg (no adapters)
on 200k iterations and with the same hyperparameters as in [39]. For more information on
Counterfactual task selection, we invite the reader to consult the full explanation in [39]. For
T tasks and the dataset D; for tasks i € {1,...,T}, we rewrite the definitions of Random

Trand and Task size 7y, sSampling:

—1
T

Trand = 1/T7 T |task| = |Dz| [Z|Dz|] (36)
=1
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In Figure 3.5, we see from the results that MT-Uncertainty converges faster by reaching the
80% average GLUE score line before other task sampling methods. Further, MT-Uncertainty
maximum score on 200k iterations is at 82.2, which is 1.7% higher than Counterfactual
sampling. The datasets in the GLUE benchmark offers a wide range of dataset sizes. This
is useful to test how MT-Uncertainty manages a jointly trained low resource task (CoLA)
and high resource task (MNLI). Figure 3.6 explains how catastrophic forgetting is curtailed
by sampling tasks before performance drops. With 7,,,4, all of CoLA’s tasks are sampled
by iteration 500, at which point the larger MNLI dataset overtakes the learning process and
CoLA’s dev set performance starts to diminish. On the other hand, with MT-Uncertainty
sampling, CoLA is sampled whenever Shannon entropy is higher than MNLI’s. The model
first assesses uncertain samples using Shannon Entropy then decides what data is necessary
to train on. This process allows lower resource tasks to keep performance steady. We provide
evidence in Figure 3.4 that MT-Uncertainty is able to manage task difficulty — by choosing
the most difficult tasks first.

—— MNLI-mm dev score = MNLI-mm train entropy
——— CoLA dev score CoLA train entropy

0.0 1 -‘
5(I)O 50I00 10(I)00 5(I)0 5OI00 10600
Train iteration Train iteration
(a) Random (b) MT-Uncertainty

Figure 3.6 CoLA/MNLI dev set scores and entropy for myana (left) and MT-Uncertainty
(right).
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3.4.2 Ablation and Module Analysis

In Table 3.1, we present the results of an ablation study to determine which elements of
CA-MTLggrr-BAsE had the largest positive gain on average GLUE scores. Starting from
a MTL BERTgasg baseline trained using random task sampling (m,qnq). Apart for the
Conditional Adapter, each module as well as MT-Uncertainty lift overall performance and
reduce variance across tasks. Please note that we also included accuracy/F1 scores for QQP,
MRPC and Pearson/ Spearman correlation for STS-B to calculate score standard deviation
Task o. Intuitively, when negative task transfer occurs between two tasks, either (1) task
interference is bidirectional and scores are both impacted, or (2) interference is unidirectional

and only one score is impacted.

Table 3.1 Model ablation study® on the GLUE dev set. All models have the bottom half
layers frozen.

Avg |Task o|% data
GLUE|GLUE| used
BERTBASE MTL (Wrand) 80.61 | 14.41 100

+ Conditional Attention| 82.41 | 10.67 | 100
+ Conditional Adapter | 82.90 | 11.27 | 100
+ CA and CLN 83.12| 10.91 | 100
+ MT-Uncertainty
(CA-MTLgggrr-BASE)
& CA = Conditional Alignment, CLN = Conditional Layer Normalization, Task o = scores
standard deviation across tasks.

Model changes

84.03|10.02 | 66.3

We calculate Task o to characterize changes in the dynamic range of performance across
multiple tasks. We do this to asses the degree to which performance improvements are
distributed across all tasks or only subsets of tasks. As we can see from Table 3.1, Conditional
Attention, Conditional Alignment, Conditional Layer Normalization, MT-Uncertainty play
roles in reducing Task o and increasing performance across tasks. This provides partial

evidence of CA-MTL’s ability to mitigating negative task transfer.

We show that Conditional Alignment can learn to capture covariate distribution differences
with task embeddings co-learned from other adapter components of CA-MTL. In Figure 3.7,

we arrive at similar conclusions as [123], who proved that negative task transfer is reduced
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Figure 3.7 Task performance vs. avg. covariance similarity scores (eq. 3.7) for MTL and
CA-MTL.
when task covariances are aligned. The authors provided a “covariance similarity score” to

gauge covariance alignment. For task ¢ and j with m; and m; data samples respectively, and
given d dimensional inputs to the first Transformer layer X; € R™>*? and X; € R™*% we
rewrite the steps to calculate the covariance similarity score between task ¢ and j: (a) Take

the covariance matrix XiT X;, (b) Find its best rank-r; approximation U, ,,D; U, 1 where ;

2,750

is chosen to contain 99% of the singular values. (c) Apply steps (a), (b) to X, and compute

the covariance similarity score C'ovSim; ;:

12T 1/2
CovSim; ; := ”(UM’SQW) Uj’Tij’EgF . CovSim; = ;ZCovSimi,j (3.7)
HUiT‘z‘Dir- F.“UjTijT"”F T - J#i
) e ) LA

Since we are training models with T tasks, we take the average covariance similarity score
CovSim; between task ¢ and all other tasks. We measure CovSim; using equation 3.7
between 9 single-task models trained on individual GLUE tasks. For each task in Figure 3.7,
we measure the similarity score on the MTL trained BERTgasg baseline, e.g., CoLA (MTL),
or CA-MTLggrr.pasg model, e.g., MNLI (CA-MTL). Our score improvement measure is the
% difference between a single task model and MTL or CA-MTL on the particular task. We
find that covariance similarity increases for 9 tasks and that performance increases for 7 out
9 tasks. These measurements confirm that the Conditional Alignment is able to align task

covariance, thereby helping alleviate task interference.



62

3.4.3 Jointly training on 8 tasks: GLUE

In Table 3.2, we evaluate the performance of CA-MTL against single task fine-tuned models,
MTL as well as the other BERT-based adapters on GLUE. As in [8], MNLI,, and MNLI,,,
are treated as separate tasks. Our results indicate that CA-MTL outperforms both the BASE

adapter, PALS+Anneal Sampling [7], and the LARGE adapter, Adapters-256 [§].
Table 3.2 Adapters with layer freezing vs. ST/MT on GLUE test set. F1 for QQP/MRPC,
Spearman for STS-B, accuracy on MNLI (m/mm), Matthew’s for CoLLA, accuracy otherwise.

* Individual scores not available. ST=Single Task, MTL=Multitask, g.e.= greater or equal
to. Results from '[6], 2[7], 3[8].

PALs

BERT | BERT |+Anneal| CA-MTL| BERT |Adapters| cy_p/7r
Metric ST! MTL? | Sampl.2 | MTL ST! ST? MTL
Model size Base Base Base Base Large Large Large
Total params 9.0x 1.0x 1.13x 1.12x 9.0x 1.3x 1.12x
Params /task 100% | 11.1% | 12.5% 5.6% 100% 3.6% 5.6%
# tasks g.e. ST — 2 4 5 — 3 3
CoLA 52.1 51.2 51.2 53.1 60.5 59.5 59.5
MNLI 84.6/83.4(84.0/83.4|84.3/83.5 | 85.9/85.8 | 86.7/85.9 | 84.9/85.1 | 85.9/85.4
MRPC (F1) 88.9 86.7 88.7 88.6 89.3 89.5 89.3
QNLI 90.5 89.3 90.0 90.5 92.7 90.7 92.6
QQP (F1) 71.2 70.8 71.5 69.2 72.1 71.8 71.4
RTE 66.4 76.6 76.0 76.4 70.1 71.5 79.0
SST-2 93.5 93.4 92.6 93.2 94.9 94.0 94.7
STS-B 85.8 83.6 85.8 85.3 86.5 86.9 87.7
Average 79.6 79.9 80.4 80.9 82.1 80.0 82.8

Against single task (ST) models, CA-MTL is 1.3% higher than BERTgasg, with 5 out 9
tasks equal or greater performance, and 0.7% higher than BERT Arqg, with 3 out 9 tasks
equal or greater performance. ST models, however, need 9 models or close to 9x more
parameters for all 9 tasks. We noted that CA-MTLggrr..ARGE’S average score is driven by
strong RTE scores. While RTE benefits from MTL, this behavior may also be a side effect
of layer freezing. In Table B.4, we see that CA-MTL has gains over ST on more and more

tasks as we gradually unfreeze layers.

3.4.4 Transfer to New Tasks

In Table 3.3 we examine the ability of our method to quickly adapt to new tasks. We
performed domain adaptation on SciTail [38] and SNLI [37] datasets, using a CA-MTLgasg

model trained on GLUE and a new linear decoder head. We tested several pretrained and
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randomly initialized task embeddings in a zero-shot setting. The complete set of experiments

with all task embeddings can be found in the Appendix, Section B.1.2.

Table 3.3 Domain adaptation results on dev. sets for BASE models. '[9], 2[10]

% data used SciTail SNLI

0.1%| 1% | 10% [ 100% || 0.1% | 1% | 10% | 100%
BERTgAse! 51.2 | 82.2190.5 | 94.3 || 52.5 | 78.1 | 86.7 | 91.0
MT-DNN! 81.9 [ 88.3 [ 91.1 | 95.7 || 81.9 | 88.3 | 91.1 | 95.7
MT-DNNgymart? | 82.3 | 88.6 | 91.3 | 96.1 || 82.7 | 86.0 | 88.7 | 91.6
CA-MTLggrT 83.288.7191.4| 956 || 82.8(86.2|83.0 | 91.5

We then selected the best task embedding for our results in Table 3.3. STS-B and MRPC
MTL-trained task embeddings performed best on SciTail and SNLI respectively. CA-MTLggrT-BASE
has faster adaptation than MT-DNNgyagrr [10] as evidenced by higher performances in
low-resource regimes (0.1% and 1% of the data). When trained on the complete dataset,
CA-MTLggrr-BASE 18 on par with MT-DNNgyarr. Unlike MT-DNNgyvagt however, we do

not add context from a semantic similarity model — MT-DNNgyagr is built off HNN [155].
Nonetheless, with a larger model, CA-MTL surpasses MT-DNNgyagrt on the full SNLI and
SciTail datasets in Table 3.6.

3.4.5 Jointly training on 24 tasks: GLUE/Super-GLUE, MRQA and WNUT2017

Effects of Scaling Task Count. In Figure 3.8 we continue to test if CA-MTL mitigates
task interference by measuring GLUE average scores when progressively adding 9 GLUE
tasks, 8 Super-GLUE tasks [23], 6 MRQA tasks [30].

Tasks are described in Appendix section B.1.6. The results show that adding 23 tasks drops
the performance of our baseline MTL BERTgasg (7rang)- MTL BERT increases by 4.3% when
adding MRQA but, with 23 tasks, the model performance drops by 1.8%. The opposite is
true when CA-MTL modules are integrated into the model. CA-MTL continues to show
gains with a large number of tasks and surpasses the baseline MTL model by close to 4%

when trained on 23 tasks.

24-task CA-MTL. We jointly trained large MTL baselines and CA-MTL models on GLUE /Super-
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Figure 3.8 Effects of adding more datasets on avg GLUE scores. Experiments conducted on
3 epochs. When 23 tasks are trained jointly, performance of CA-MTLggrr.BAsE continues to
improve.

GLUE/MRQA and Named Entity Recognition (NER) WNUT2017 [156]. Since some dev.
set scores are not provided and since RoBERTa results were reported with a median score
over 5 random seeds, we ran our own single seed ST/MTL baselines (marked “Relmp”) for
a fair comparison. The dev. set numbers reported in [15] are displayed with our baselines in
Table B.3. Results are presented in Table 3.4.

Table 3.4 24-task CA-MTL vs. ST and vs. 24-task MTL with frozen layers on GLUE,
SuperGLUE, MRQA and NER development sets. ST=Single Task, MTL=Multitask, g.e.=
greater or equal to. Details in section B.1.3.

Task Groupin tasks | Total
Model 1 o1 UE SuperGLUE pM%{QA NER | V8 Z}%g. ST | Params
BERT-LARGE models
STRetmp 84.5 68.9 79.7 54.1 |76.8 — 24 x
MTLgetmp | 83.2 72.1 77.8 42.2 176.4 9/24 1x
CA-MTL | 86.6 74.1 79.5 49.0 | 79.1 17/24 1.12x
RoBERTa-LARGE models
STRetmp 88.2 76.5 83.6 57.8 [81.9 — 24 x
MTLgermp | 86.0 78.6 80.7 49.3 |80.7| 7/24 1x
CA-MTL | 89.4 80.0 82.4 552 (83.1| 15/24 | 1.12x

We notice in Table 3.4 that even for large models, CA-MTL provides large gains in perfor-
mance on average over both ST and MTL models. For the BERT based models, CA-MTL
provides 2.3% gain over ST and higher scores on 17 out 24 tasks. For RoBERTa based mod-
els, CA-MTL provides 1.2% gain over ST and higher scores on 15 out 24 tasks. We remind
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the reader that this is achieved with a single model. Even when trained with 16 other tasks,
it is interesting to note that the MTL baseline perform better than the ST baseline on Super
GLUE where most tasks have a small number of samples. Also, we used NER to test if we
could still outperform the ST baseline on a token-level task, significantly different from other
tasks. Unfortunately, while CA-MTL performs significantly better than the MTL baseline
model, CA-MTL had not yet overfit on this particular task and could have closed the gap

with the ST baselines with more training cycles.

Table 3.5 Our 24-task CA-MTL vs. other large models on GLUE. F1 is reported for QQP /M-
RPC, Spearman’s corr. for STS-B, Matthew’s corr. for CoLA and accuracy for other tasks.
*Split not available. **Uses intermediate task fine-tuning + ST.

Model GLUE tasks A
ode CoLA MNLI MRPC QNLI QQP RTE SST-2 STS-B| 8

BERT-LARGE based models on Dev set.

MT-DNN 63.5 87.1/86.7 91.0 929 89.2 834 943 90.6 |85.6
STILTS ** 62.1 86.1* 92.3 905 885 834 932 90.8 |85.9
BAM! 61.8 87.0%* - 92.5 82.8 93.6 89.7 -

24-task CA-MTL | 63.8 86.3/86.0 92.9 93.4 88.1 84.5 94.5 90.3 |86.6
RoBERTa-LARGE based models on Test set.

X% i
ROBERTA™ with| 67 ¢ 910/008 916 954 740 879 975 925 |87.3
Ensemble

24-task CA-MTL | 62.2 89.0/88.4 92.0 94.7 723 86.2 96.3 89.8 |85.7

Comparisons with other methods. In Table 3.5, CA-MTLgggrr is compared to other
Large BERT based methods that either use MTL + ST, such as MT-DNN [9], intermediate
tasks + ST, such as STILTS [14] or MTL model distillation + ST, such as BAM! [136]. Our
method scores higher than MT-DNN on 5 of 9 tasks and by 1.0 % on avg. Against STILTS,
CA-MTL realizes a 0.7 % avg. score gain, surpassing scores on 6 of 9 tasks. We also show
that CA-MTLgogERT. i within only 1.6 % of a RoBERTa ensemble of 5 to 7 models per
task and that uses intermediate tasks. Using our 24-task CA-MTL large RoBERTa-based
model, we report NER F1 scores on the WNUT2017 test set in Table 3.6a. We compare our
result with ROBERTay argr and XLM-Rparar [157] the current state-of-the-art (SOTA). Our
model outperforms XLM-Rparce by 1.6%, reaching a new state-of-the-art. Using domain
adaptation as described in Section 3.4.4, we report results on the SciTail test set in Table 3.6b
and SNLI test set in Table 3.6b. For SciTail, our model matches the current SOTA* ALUM
[158], a RoBERTa large based model that additionally uses the SMART [10] fine-tuning

4https://leaderboard.allenai.org/scitail /submissions/public on 09/27/2020
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method. For SNLI, our model outperforms SemBert, the current SOTAS.

For both SciTail and SNLI, we found interesting to compare against MT-DNN. Although
MT-DNN is based on a BERT large model, it reaches competitive results on both tasks and
it’s an MTL based model that uses similar adaptation technique. Our model performs better
than MT-DNN. However, it isn’t clear if this increase of performance is only attributed to
the RoBERTa model.

Note that [157] used RoBERTaparce [15] and XLM-Rparce [159] as large model baselines.
CA‘MTLROBERTa—LARGE outperforms XLM‘RLARGE by 16% WNUT2017 F1 score.

Table 3.6 CA-MTL test performance vs. SOTA.

(b) SciTail % Acc (c) SNLI % Acc

1({?13?1%1\;;{52;7 5]2.19 MT-DNN 94.1 MT-DNN 91.6
XLM-RpARGE 57.1 ALUMRoBERTa 96.3 MT-DNNgmarr | 91.7
CA-MTL 58.0 ALUMRoBERTa-SMART | 96.8 SemBERT 91.9
e CA-MTLRoBERT: 96.8 CA-MTLRopERTa| 92-1

3.5 Conclusion

We believe that our experiments here have helped demonstrate the potential of task condi-
tioned adaptive learning within a single model that performs multiple tasks. In a large-scale
24-task NLP experiment, CA-MTL outperforms fully tuned single task models by 2.3% for
BERT Large and by 1.2% for RoBERTa Large using 1.12 times the number of parameters,
while single task fine-tuning approach requires 24 separately tuned single task models or 24
times the number of parameters. When a BERT vanilla MTL model sees its performance
drop as the number of tasks increases, CA-MTL scores continue to climb. Performance
gains are not driven by a single task as it is often the case in MTL. Each CA-MTL module
that adapts a Transformer model is able to reduce performance variances between tasks, in-
creasing average scores and aligning task covariances. This evidence shows that CA-MTL is
able to mitigate task interference and promote more efficient parameter sharing. We showed
that MT-Uncertainty is able to avoid degrading performances of low resource tasks. Tasks
are sampled whenever the model sees entropy increase, helping avoid catastrophic forgetting.
Overall, CA-MTL offers a promising avenue to dynamically adapt and modularize knowledge

embedded in large monolithic pretrained models. Extending such ideas will be an objective

Shttps://nlp.stanford.edu/projects/snli/ on 09/27/2020
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Abstract

Crosslingual conditional generation (e.g., machine translation) has long enjoyed the benefits
of scaling. Nonetheless, there are still issues that scale alone may not overcome. A source
query in one language, for instance, may yield several translation options in another language
without any extra context. Only one translation could be acceptable however, depending on
the translator’s preferences and goals. Choosing the incorrect option might significantly affect
translation usefulness and quality. We propose a novel method interactive-chain prompting
— a series of question, answering and generation intermediate steps between a Translator
model and a User model — that reduces translations into a list of subproblems addressing
ambiguities and then resolving such subproblems before producing the final text to be trans-
lated. To check ambiguity resolution capabilities and evaluate translation quality, we create
a dataset exhibiting different linguistic phenomena which leads to ambiguities at inference for
four languages. To encourage further exploration in this direction, we release all datasets.
We note that interactive-chain prompting, using eight interactions as exemplars, consistently
surpasses prompt-based methods with direct access to background information to resolve

ambiguities.

! Jonathan Pilault a contribué dans la conception des algorithmes, I’experimentation, I’analyse des résul-
tats, amélioration de l'efficacité du logiciel, analyse théorique, rédaction de I’article, recherche bibliographique
et la réponse aux réviseurs de conférence.
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4.1 Introduction

Transformer Language Models (LM, [160]) pretrained on large corpora have achieved out-
standing results in a variety of NLP benchmarks [161, 162]. Scaling the number of parame-
ters, the size of the pretraining dataset, and the amount of computing budget gives Language
Models better sample efficiency and ability to generalize for many tasks [163, 162, 164, 165,
166, 167]. However, for tasks such as commonsense and symbolic reasoning, where the so-
lution requires multistep computation, or crosslingual conditional generation such as Neural
Machine Translation (NMT), where there could be more than one plausible prediction for a

given source sequence, scale alone may not be sufficient to achieve high accuracy [168, 169].

Discover translation ambiguities

Step 1 Given sentence (S) to translate from
English to_Spanls_h, r?l._sk questions Translator answer the
(Q) to c_larn‘y ambiguities or multiple Language following question:
SENSes: Model “Is bat an animal or
sports equipment?”

Q: We first need to

S: | want to buy a new bat.

Answer subguestion with interaction

Step 2 Given a Context (C), provide and
Answer (A) to the Question (Q):

User
Language
Model

U: “pbat” is a sports
C: All my baseball equipment is old. equipment.
Q: Is bat an animal or sports

equipment?

Subproblem 1

Translate using answer

Step 3 @iven answer (U) to question (Q).\ / \

provide the Spanish translation (A)
of sentence (S). Provide the best
translation:

Translator
Language
Model

A: Quiero comprar
un bate nuevo.

S: | want to buy a new bat.
Append User | Q: Is bat an animal or sports
LM answer to equipment?

Subgquestion 1 w: “bat” is a sport equipment. / \ /

Figure 4.1 Interactive-Chain-Prompting (INTERCPT).

Chain-of-thought [170] and least-to-most [171] methods have demonstrated, by prompting a
(large-)LM such as PaLM [172], that breaking down a task into subproblems that are solved

sequentially greatly improves the quality of the final prediction. Such methods demonstrate
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that producing intermediate sub-results that address specific aspects of a bigger problem
significantly improves performance on tasks like arithmetic, math word problems, and sym-
bolic manipulation.While studies have investigated the translation capabilities of PaLM with
various prompting strategies [173, 174], prompting large and general purpose LMs such as
PaLLM to identify and solve subproblems in crosslingual conditional generation tasks such as

NMT has not yet been fully explored.

Our approach, Interactive-Chain-Prompting (INTERCPT), sequentially solves translation
subproblems before generating a final translation prediction. As shown in Figure 4.1, we
first detect ambiguities in translation queries, then we resolve these ambiguities via question-
answer interactions, and finally we generate translations. INTERCPT departs from other
prompt-based techniques that sequentially solve subproblems in two fundamental ways: (1)
the subproblems are related but considerably different to the main task and (2) the solu-
tions to subproblems requires interaction with another LLM. In this paper, we will look at
how intermediate computation steps and interaction might overcome a typical problem in
automated systems when a user’s ambiguous query leads to a large number of viable and
potentially inaccurate answers. In translation, for example, selecting the incorrect prediction

has a significant impact on translation quality as illustrated in Fig. 4.2.

INTERCPT has several advantages. First, the LM is able to identify and ask questions
about translation query ambiguities with only a few in-context exemplars and no finetuning.
This is crucial since large corpora with specific target ambiguities, labels to classify each
ambiguity subtypes (i.e. feminine/masculine for gender or formal/informal for formality)
and context are not common and are typically low-resource. Then, without readily available
context, we rely on the User to disambiguate translation queries. In the absence of additional
background information or context, there are limited options to solve ambiguities. Interaction
with the User stands as a logical way to collect clarifying information. This interaction also
benefits from multiple computation steps where ambiguity resolution leads to a more precise
final prediction. By resolving a few high-leverage ambiguities up front, we reduce retries
and long prompts, improving both quality and wall-clock efficiency. Finally, the question-
answer-translation interaction improves transparency and makes it easier to debug translation
systems since we can assess the reasoning chain that led to an error [175]. For NMT, there
are two main questions to consider to make the most of out of intermediate computation

steps:

A) What subproblem are we trying to solve? Multistep reasoning tasks can often
be explicitly decomposed into subproblems: ambiguity detection, disambiguation via Q&A

and translation. For NMT, decomposing the translation task is not trivial. We assume in
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this work that our subproblems are ambiguities which arise when translating. As seen in
Fig. 4.1, the first step in INTERCPT is to discover and resolve the translation ambiguity
subproblem. We study five types of ambiguities: polysemous words, pronoun resolution,
formality, gender-neutral names and neutral professions. Since datasets that cover multiple
translation ambiguities and language pairs while providing context are rare, we create our
own datasets (see Table C.1 in Section C.1.4 for an overview of other publicly available
datasets).
Query from the User to Translate from English to French

S: Are sure that| it |is pretty?

Possible French Translations BLEU

1

Es tu certaine qu'il est heau? v ' 100
& (- =

_ Es tu certaine qu'elle est belle? . 48
informal |
|
A 1

— Etes vous certaine qu'il est beau? 72
feminine :
[it] A |

Etes vous certaine qu'elle est belle? | 20
formal |
(you] :

Es tu certain qu'il est beau? | 66
(VG |

_ Es tu certain qu'elle est belle? | 15
informal 1
]
n 1

_ @ Etes vous certain qu'il est beau? 1 59
masculine 9 @_ !
1

Etes vous certain qu'elle est belle? | 11
formal :

Figure 4.2 Translation queries with multiple possible predictions. Correctly solving subprob-
lems around ambiguities with you and it greatly affects the BLEU [40] translation metric.

B) Where do answers to subquestions come from? When we apply least-to-most
prompting to math word problems for example, the answers to subquestions can often be
derived from the problem’s text. It is not necessarily the case for NMT where the query may
not contain enough context to resolve ambiguities. As seen in Fig. 4.2, English sentence ‘S’
does not contain enough information about “you” and “it”. The incorrect prediction made
by a model leads to large variations in translation quality scores. With more context, the
model may have the necessary information to narrow down possible predictions. However,
in industrial applications, translation queries are often too short [176] or additional context
is not existent. In this work, we automate interaction between a PaLM Translator model,

that detects ambiguities, asks clarifying questions and translates, and a PaLM User model,
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that has access to context and answers questions. Both models engage in a multiturn dialog
to zero-in on a narrower set of predictions. We argue that a type of question-answer inter-
action with a “user” is necessary to resolve ambiguous queries, especially when a user (1) is
unfamiliar with the main task and may not possess the skills to choose from many model
prediction options; (2) knows how to answer simple pointed questions about a query but may

not be able or willing to decide and add appropriate context on the fly.

This work marks Large-LM’s potential to learn, with a few in-context examples, how to use
natural language answers to deliver results closer to a user’s intent. Our contributions are

the following:

1. We propose INTERCPT, a new way to design crosslingual conditional generation systems
that disambiguate queries via interaction.

2. We release AMBIGM'T, a new dataset with five specific types of ambiguities covering four
languages.

3. We show that INTERCPT achieves better translation performance and ambiguity resolution
(Section 4.4) and improved generalization on zero-shot ambiguities (Section 4.5) over strong
baselines.

4. We provide analysis on interactions and evidence that INTERCPT abilities emerge with
scale (Section 4.5).

4.2 Interactive-Chain-Prompting (InterCPt)

When interacting with a model, a user may have some well-conceived query in mind that is
inadvertently under-specified. For example, a monolingual English speaker may be unaware
that the pronoun “you” in a sentence can lead to formal or informal constructs in other
languages and may therefore not provide additional information on the level of formality

needed to adequately translate the text.

A human translator, when asked to translate queries with “you”, may want to first probe
the user’s latent context about the query by asking clarifying questions. In doing so, the
human translator can use the answers to better align the translation to a User’s request and
context. Our method endows language models (LMs) with the ability to generate a similar
chain of interactions between a Translator LM and a User LM as seen in Fig. 4.1. In real
applications, it is expected that a human replaces the User LM. INTERCPT uses in-context
exemplars to resolve ambiguities before completing the crosslingual conditional generation

task that the model is originally asked to do.

The three step reasoning chain (see Fig. 4.1):
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1. The first step is for identifying ambiguities. The prompt in this step always contains
the same constant exemplars, showing multiple queries to translate and questions about
each query’s ambiguities. During inference, the Translator LM uses the prompt to generate
a pointed question that identifies the specific ambiguity.

2. The second step is for resolving ambiguities. The prompt in this step contains
exemplars answering the question to the ambiguity subproblems in step one. The User
LM answers each question using additional information from the provided context. In real
life applications, we assume that a real user has similar background information about the
text to be translated.

3. The third step is for translating. Generated questions and answers are appended to
the prompt in step 1 before the final translation is produced. Constant prompts in this step
demonstrate how to translate in the specified target language using only details provided
by the User LM and no-context. During inference, the Translator LM uses the prompt to

generate the translation.

Dataset en Query Context x Target AB
“it” reso- He has read it to me so — I remember when the Me la sé de memoria de -44
lution many times that I've learnt postcard came, Ernesto was tanto leerla.
it by heart. so pleased. — He said: “Look
what my Rosetta has written
to me”.
Polysemy If you don’t feel well, -100
home.
Formality The closer you can get to — I'm aware of the risks, Plus vous serez proche de -58
him, the better. Master Jedi, but I know lui, mieux cela sera.

you can regain Clovis’ trust.

Gender Blair should be wrapping up — I have her doorman on Blair sollte ihr Friithstiick -40
neutral  [pr] breakfast with Beatrice. retainer. — There’s a fine mit Beatrice haben.
names line between surveillance and

stalking.
Neutral [pr] worked previously as a Margaret Mhango Previamente, trabajé como -70
profes- businesswoman, accountant, Mwanakatwe is a Zambian = empresaria, contadora y
sions and bank executive. politician [...]. She was the ejecutiva bancaria.

director for business develop-

ment |...]

Table 4.1 AMBIGM'T examples for each ambiguity for target language z. A B is the BLEU
performance drop from 100 if the highlighted ambiguity is not resolved.

In this section, we introduce AMBIGM T, a dataset that covers four language pairs, for trans-

lations from English into French (en-fr), German (en-de), Spanish (en-es) or Japanese (en-ja)
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— 18 sub-tasks in total. The code and datasets are released here. The parallel translation
corpora contain five types of ambiguities: “it” resolution, formality, polysemy, gender? neu-
tral names, neutral professions. Unless otherwise specified, all datasets include 1000 diverse
samples for each {en-fr, en-de, en-es, en-ja} language pair extracted from Opensubtitles
corpora [177]. In Section C.1.4 of the Appendix, we provide more details on datasets and

describe the heuristics to identify ambiguities in each language.

“it” resolution data contains English sentences where the pronoun “it” does not clearly
refer to a noun within the query. In English, the pronoun “it” is a singular, neuter and
impersonal pronoun. In other languages, “it” may translate into gender specific pronouns
(either feminine or masculine) or get dropped entirely from the sentence. The choice depends
on what the pronoun refers to. To correctly translate, the model must first determine what
“it” is. In the first example of table 4.1 where the target language x is Spanish, knowing that
“it” is a postcard, or una tarjeta postal in Spanish, disambiguates gender in the translation.
While the gender affects two words in the target sentence, the wrong gender choice is not

only qualitatively inappropriate but also decreases quality metrics (44 BLEU score drop from
100).

Polysemy is a dataset that contains words that have multiple meanings and the query is
insufficiently informative to zero-in on a specific sense. The context uses the word within
a sentence to provide the necessary background information. In the second example of
Table 4.1 where the target language x is Japanese, the context shows that “head” is a verb.
In conjunction with the noun “home”, we disambiguate “head” as “to move in the direction
of”. In the absence of such context, “head” has various senses such as “upper part of the

body”, “side of a coin”, “end of a hammer or tool”, “a toilet on a boat”, “to hit the ball with
the head”, “to lead”.

Formality is a dataset where English queries contain the pronoun “you”. In the target
languages studied, “you” can be formal or informal. As seen in the third example of table 4.1
where the target language x is French, the speaker addresses the listener “you” as “Master
Jedi” in the context, a title implying a formal style of politeness. The formality is ambiguous
without the context and may impact the generated translation quality. Indeed, an incorrect
choice in formality level changes “vous serez” to “tu seras” and “cela” to “ca”, decreasing

BLEU scores by 58 points from 100.

2Please note that due to the lack of large translation corpora with various genders and the complexity in
creating non-binary gender datasets, our data is limited to feminine and masculine.
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Gender Neutral Names data includes queries where the name is gender neutral and
ambiguous. The fourth example in table 4.1 shows a query where the name “Blair” is gender
neutral. In this dataset, we replace gendered pronouns in the English query by the token
[pr] to remove hints about gender type. From the context, the speaker employs “her” and

we can infer that a feminine pronoun “ihr” should be used in the translated German text.

Neutral Professions has 600 unique samples for two language pairs. This dataset is
derived from the Translated Wikipedia Biographies dataset® that covers {en-de, en-es}. In
this dataset, the gender of typically gender-neutral professional designations is not clear from
the English query alone. In the fifth example of table 4.1, the context provides additional
hints that the query is talking about “Margeret”, also designated by the feminine pronoun
“she”. Resolving gender allows the model to correctly translate the list of professions in the

query and potentially limiting the 70 points drop in BLEU scores from 100.

4.3 Related Works

Prompting for Cross-Lingual Generation using Large LMs is a technique that has gar-
nered increasing attention of late. Works on GPT-3 [160] and PaL.M [172] show competitive
n-shot BLEU translation results on WMT. The prompt demonstrations are populated with
n random sentence pairs taken from the WMT training corpora and evaluated on the test
corpora at inference. Orthogonal to our work, POMP [173] improves upon this PaLM-based
prompting technique by explicitly optimizing for the selection of n demonstration sentence
pairs and obtaining results competitive with the state-of-the-art. We used observations from
[174] that demonstrate that pseudo-parallel prompt examples can improve translation qual-
ity, and that additional gains are possible by transferring knowledge from prompt examples
selected under different settings. More recent work [178] using mT5 [179] investigated adding
prompt-based natural language specifications to influence translated text properties such as
formality level or dialect type. Experiments show that prepending textual artifacts such as
“your majesty” to the English query conditions mT5 to generate translations in a formal
tone. Our work prompts PaLM with n random translation pair exemplars as well. Differ-
ent from previous research, we prompt with exemplars to interactively discover background

knowledge or clarify ambiguities before translating.

Resolving ambiguities by asking for clarifications has been a recent topic of research, for
QA and conversational search systems [180, 181, 182, 183, 184, 185]. Departing from such

3https://ai.googleblog.com/2021/06/a-dataset-for-studying-gender-bias-in.html
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methods, INTERCPT does not produce sentences from a preset list of questions but is gener-
ated from a large LM without constrain. Concurrently to our work, [186] explored finetuning
GPT-3 to generate clarifying questions and provide answers using human generated data
from AmbigQA [187] for open-domain QA. Another GPT-3 model simulates the user and
generates answers while conditioned on ground-truth clarification questions. In contrast, our
prompt-based method only needs few-shot demonstrations. Further, our simulated user does
not rely on ground-truth clarification questions to provide an answer, which could be more

realistic for a number of applications (including QA, text simplication, code generation).

Interactive Machine Learning [188, 189, 190] is an approach where information is inter-
actively and iteratively supplied to a learning system. In prior interactive translation work,
machine interactivity has assisted translators in writing translations by displaying automated
word suggestions that update incrementally [191, 192]. The approach however is limited by
drop-down menu options and requires a certain level of sophistication from the user in the
target language. Our approach discovers preferences and background knowledge about an in-
put query in the source language and more flexibly adapts translations according to a user’s
natural language response. The interaction is similar to Conversational Al systems where
user utterances influence generated outputs. Task or goal oriented conversational Al systems
[193, 194, 195] are typically deployed to answer knowledge-based questions, seek information
or solve basic queries (e.g. making reservations, purchase an item). To our knowledge, our

work is the first to explore conversational interaction in cross-lingual generation.

4.4 Experimental Setup and Results

In this section, we present the main cross-lingual generation results of INTERCPT for for-

mality, “it” resolution and polysemy ambiguity resolution subtasks.

Setup. We use PaLM [172], a 540B-parameter decoder-only LM pretrained on primarily
English-centric data with ~20% of the data obtained from non-parallel multilingual corpora.
The generalist prompt template is composed of two formality, three polysemy and three “it”
resolution exemplars. All prompt-based methods are 8-shot with the same source sentences
S to translate and corresponding translated sentences A in the target language. Each target
language has its own prompt template since A differs with every language. The simulated
LM user is based on a single English-only 8-shot prompt template for all target languages.

Example 4.4.1 shows the structure of an LM user prompt exemplars for polysemy. A complete
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Lang. Method Formality “it” resolution Polysemy

Pairs bleu bleurt F-Acc.|bleu bleurt G-Acc. Hit@Q3 Hit@Q10 B@3 B@10
INTERCPT 36.37 77.97 67% [33.67 78.9T 7T% | 46% 48% 54.67 56.8T

onses | LLMwCXT 34.7 771 64% | 30.8 77.2  68% | 40% = 46% 469 55.1
LLMNOEXTRA| 34.6 77.0 62% |29.6 759  63% | 33%  40% 449 51.0
GTRANSLATE | 314 75.3 50% | 27.5 73.0 54% — — — —
INTERCPT 39.17 70.6 72% [35.37 71.7T  73% | 46% 48% 46.97 48.5T

ensfr LLMwCXT 36.4 69.9 65% |33.5 684 68% | 36% = 40%  40.1 44.7
LLMNOEXTRA| 35.7 69.2  63% | 323 667 66% | 33%  37% 381 41.8
GTRANSLATE | 30.7 674  58% |29.1 65.4 61% — — — —
INTERCPT 35.87 75.0 69% [24.07 76.0 75% | 43% 45% 45.17 47.67

enmsde LLMwCXT 33.6 746 61% |224 750 69% | 35%  39%  36.1 44.9
LLMNOEXTRA| 32.5 744  62% | 228 732 63% | 32%  35% 36.7 41.3
GTRANSLATE | 27.5 723  53% |22.1 73.0 59% — — — —
INTERCPT 28.67 69.77 67% |23.1T 7247 74% | 41% < 44% 44.77 47.07

en_sia LLMwCXT 26.3 680 60% |21.4 708 67% | 34%  38% 358 438
LLMNOEXTRA| 25.9 674 61% |21.2 703 61% | 30%  33% 34.6 37.0
GTRANSLATE | 23.5 66.7 50% | 19.9 686 52% — — — =

Table 4.2 Translation results using an 8-shot generalist template that contains exemplars for
formality, “it” resolution and polysemy ambiguity types. F-Acc = formality accuracy, G-Acc
= gender accuracy, B@n = BLEURT@Qn. BLEU and BLEURT results for INTERCPT labelled
with  are significantly better than all other systems based on pair-wise significance testing
[11] with p = 0.05.

overview of all prompts and exemplars used in experiments can be found in Sections C.1.8
for the User LM and Sections C.1.9 for the generalist Translator LM.

Example 4.4.1. Given a Context (C), provide an Answer (A) to the Question (Q):

S: about

C: About 2% of the households are enumerated using the canvasser method.

Q: Is “about” an adverb that means approximately, near or a preposition that means regard-
ing, over, surrounding?

A: “about” means approximately.

Baselines. Our main baselines were chosen to compare the cross-lingual generation abilities
of large multipurpose LMs given interaction, context or no additional information. Please
note that, to the best of our knowledge, there are no other baselines that (1) explore large
multipurpose LM’s capability on contextualized (or interactive) multilingual translation; (2)

do not require finetuning on large datasets.

LLMwCXT is the only PaLLM-based prompt method that benefits from having all of the
background information required to resolve ambiguities. Since this baseline has access to all

information and the same in-context translation examples, it is strongest possible baseline
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to compare against for ambiguity resolution. LLMWwWCXT has a prompt with exemplars
formulated as the one in example 4.4.2. In the example, references to you and it are directly

accessible in context C.

LLMNOEXTRA is a PaLLM-based prompt method that does not receive additional informa-

tion to resolve ambiguities. This baseline is not only of interest for performance comparison
and to evaluate model bias but also it can provide insights on the usefulness of additional
background information to disambiguate queries. The structure of a LLMNOEXTRA exem-
plar is similar to example 4.4.2 without the context C. The model must translate the source

wan
1

sentence S in the target language without knowing details about or the level of formality

to employ for “you”.

GTRANSLATE is a commercially available multilingual and multipurpose baseline queried

using the Google Cloud Translation v2 model*. This baseline allows us to set performance
expectations that LLMNOEXTRA model should reach.

Example 4.4.2. Given contezt (C), Translate (S) from English to French:

S: Are you sure that it is pretty?

C: She was trying on a new hat. Looking at herself in the mirror, she asked her friend
Isabelle.

A: Es-tu certaine qu’il est beau?

Metrics. Our evaluation includes the standard BLEU and BLEURT [196] automatic trans-
lation quality metrics as well as additional measures that assess specific ambiguity resolution
capabilities. For formality, we use a rule-based classifier to quantify generated sentence
formality levels (F-Acc) in the target language. We discuss details of the heuristics in Ap-
pendix C.1.13. Note that the formality classifier is based on the formality data creation
scripts that allowed us to automatically identify formal and informal sentences in the source
corpus. For “it resolution”, we found that the PaLM 62B-parameter model was surprisingly
accurate at identifying translated sentence genders (G-Acc). As seen in Table C.3 of Ap-
pendix C.1.13, PaLM 62B achieves 97% and 93% accuracy in classifying samples of generated
translations for Spanish and French respectively. For polysemy, we found that exact match
metrics did not fully describe the performance of models. Whenever the model generated
a synonym of the ground truth, the exact match metric would not consider the prediction
correct. The LLMNOEXTRA polysemy exemplars are a comma-separated list of synonyms.

Our hit@n measures whether the ground truth exists in the first n generated words. For

4https://translate.google.ca/
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example, if the model outputs the list of Spanish words [“aproximadamente”, “cerca de”,
“alrededor de”, “casi”, “més o menos”], for n = 3, hit@3 would return a match for a ground
truth target “cerca de” and no-match for a ground truth target “casi”. To supplement the
hit@n metric, we also report results of a new metric that we call BLEURT@n (B@n) which
returns the highest BLEURT score of the first n generated word phrases. Since BLEURT cap-
tures the non-trivial semantic similarities between words using its contextual representations
from BERT, we found that the metric better measures if correct synonyms were generated
by the model. Note that we did not report the GTRANSLATE hit@Qn or B@n numbers since
the API only provides single word outputs.

Discussion. Our test results for en-es, en-fr, en-de and en-ja are summarized in Table 4.2.
We first notice that INTERCPT surpasses all other baselines. Surprisingly, LLMwWCXT,
even with all the necessary background to resolve ambiguities, significantly lags behind IN-
TERCPT on F-Acc. for formality, G-Acc. for “it resolution” and both hit@3 and B@3 for
polysemy. This results suggests that the multistep computation approach of fist resolving
the ambiguity subproblems and then generating text has an advantage over other baselines.
BLEU scores are also 2-3 points higher while BLEURT scores are only slightly higher. This
suggest that INTERCPT generates sentences syntactically much closer to the ground truth

while conserving the correct semantics.

4.5 Analysis

In this section, we analyse interesting behaviors about our approach such as ambiguity gen-
eralization in Subsection 4.5.1, the importance of ambiguity resolution specialization in Sub-
section 4.5.2, the effects of scale for both the Translator LM in Subsection 4.5.3 and User
LM in Subsection 4.5.4, an error analysis in Subsection 4.5.6 and bias in generated outputs
in Subsection 4.5.5.

4.5.1 How does interaction generalize?

In Table 4.3, we provide translation test results on two held-out datasets that are described:
(1) Gender Neutral Names and (2) Neutral Professions.

We use the same generalist prompt template as in Section 4.4 with exemplars that cover only
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Pair ‘ Method ‘ bleu bleurt G-Acc.
Gender Neutral Names — unseen ambiguities
INTERCPT 31.8" 74.1f 76%
o es LLMwCXT 29.9 72.4 66%
LLMNOEXTRA | 30.9 71.6 59%
GTRANSLATE 27.8 66.1 56%
INTERCPT 31.0 63.5 71%
on_sfr LLMwCXT 29.5 62.6 64%
LLMNOEXTRA | 30.0 60.9 63%
GTRANSLATE 24.5 57.7 56%
INTERCPT 17.97  72.2 73%
onsde LLMwCXT 15.6 71.5 67%
LLMNOEXTRA | 15.2 70.8 61%
GTRANSLATE 17.1 67.1 55%
INTERCPT 16.17  70.37 71%
en—ja LLMwCXT 14.7 69.1 65%
LLMNOEXTRA | 14.4 68.3 60%
GTRANSLATE 14.1 66.0 54%
Neutral Professions — unseen ambiguities + unseen domain
INTERCPT 37.3 758 70%
onses LLMwCXT 371  76.1 69%
LLMNOEXTRA | 35.5 75.7 59%
GTRANSLATE 37.0 2.7 56%
INTERCPT 14.3  70.0 68%
en—de LLMwCXT 14.0 71.9 66%
LLMNOEXTRA | 12.2 70.0 62%
GTRANSLATE 13.8 67.2 54%

Table 4.3 Translation results on unseen ambiguity subproblems using the Gender Neutral
Names data and with added unseen domain using the Neutral Professions data. INTERCPT
results labelled with t are significantly better with p = 0.05.

formality, “it” resolution and polysemy. Specifically, our exemplars for both the Translator
LM and the User LM do not contain exemplars to resolve the gender for a person’s name or
profession. We observe that on the Gender Neutral Names dataset INTERCPT performs best
on BLEU and BLEURT and is much more able to resolve ambiguities with 6 to 10 points G-Acc
improvements over LLMwWCXT. On the Neutral Professions data, where test samples are
taken from a different domain (Wikipedia biographies instead movie scripts), LLMwWCXT
and INTERCPT have similar performances. It is possible that LLMwWCXT benefits from
additional sentences in the context to better determine the style of the output. Nonetheless,

INTERCPT provides a 1-2 point increase on G-Acc.
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Figure 4.3 INTERCPT enables large LMs to solve ambiguity subproblems in cross-lingual
generation. The multistep disambiguate-translate capability is an emergent ability that is
reached at higher parameter scales (interactive = INTERCPT).

4.5.2 Are specialist better than generalist?

So far, we have studied a generalist 8-shot template covering three different types of am-
biguities with at most three exemplars per ambiguity. In Fig. 4.4, we present results of
specialist template that only covers one type ambiguity at the time (either all formality or

all polysemy).

Interestingly, specialization does not seem to provide much additional benefit in resolving
ambiguities as evidenced by F-Acc, Hit@3 and B@3 results that are on par and often lower
than the generalist approach. However, the specialist template does have a higher BLEU
score, implying greater syntactic alignment with the target translation when more ambiguity-

specific exemplars are added.

4.5.3 Are interactive generation abilities emergent at scale?

We show in Fig. 4.3 for each prompt template the effects of scaling PaLM parameters on
the performance of formality, “it” resolution and polysemy for Spanish (ES), French (FR),
German (DE) and Japanese (JA) target languages. Please note that while we vary the
parameter count (8B, 62B and 540B) of the Translator LM, the User LM is a 540B parameters
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Figure 4.4 Generalist vs Specialist prompt templates for Spanish (ES), French (FR), German
(DE) and Japanese (JA) targets.

PaLLM model for all experiments. The plots provide interesting insights.

First, at the 8B parameter scale, LLMNOEXTRA performs best across all languages for
Formality and “it” resolution across all language pairs. Neither context or interaction seem
to provide benefits to translation. Second, at the 62B parameter scale, the LLMwWCXT
and INTERCPT methods have on par performances. Context or interaction in this case are
only clearly beneficial for polysemy. Third, the PaLM 540B parameter INTERCPT outpaces
other prompt-based methods across language pairs and ambiguity subproblems. At this stage,
baselines scaling trend decelerates, with scaling curves flattening, compared to INTERCPT.
It shows that INTERCPT is an emergent ability of model scale [167]. We conjecture that the
emergent behavior of INTERCPT is due to a better ability to ask questions and incorporate

answers before generating final prediction.

4.5.4 How important is User LM scale?

While the User LM allows us to automate the evaluation of interactivity for cross-lingual
generation, it is not clear if the quality of the answer to the Translator LM questions impact
performance. We hypothesize that a larger User LM model would provide higher quality

answers and allow the Translator LM to better generate translated text.
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Figure 4.5 Scaling Simulated User LM improves the performance of a 62B Translator LM
model.

Fig. 4.5 shows that, when the Translator LM is a 62B PaLM model, a higher parameter User
LM improve overall performance. It is therefore possible that answer quality has a significant
impact on translation quality and that human-generated answers can further improve overall

performance.

4.5.5 Can interaction help solve bias issues?

Gender bias is a common phenomenon in automated NMT systems [197, 66, 198]. Even
when there are explicit gender pronouns in the input query or in the context, NMT systems
generated text tends to be masculine when translated into languages with grammatical gender
(66, 198, 199, 200].

To measure gender bias, all generated translations are passed through the gender classifier
for the “it” resolution balanced dataset. Similarly, to measure formality bias, generated
translations are passed through the formality classifier for the formality balanced dataset.
NMT systems can also suffer from formality bias [201]. However, we notice that INTERCPT
is much closer to evenly producing masculine and feminine sentences. Our results shows
that interactive ambiguity resolution via multistep computation better addresses gender and

formality biases.
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Figure 4.6 Bias in generated translations for French and Spanish on “it” resolution (left) and
formality (right).

4.5.6 When is context better than interaction?

In this section, we provide analysis that describes common areas of improvement for generalist

interactive-chain prompting.

I Wrong Question Many Ambiguities Im Style or Other
Wrong Answer Limited Context

Formality (FR) 32%
Formality (ES) | 32%
"it" rez (FR) |E 30%
"it" rez (ES) 36%
Prof. (ES) 34%
(ES) 40%

|

Names

Figure 4.7 Error analysis. rez = “it” resolution, Prof. = Neutral profession, Names = Gender
Neutral Names

We first isolated test samples for French and Spanish for four ambiguities (formality, “it”
resolution, neutral professions and gender neutral names) where the BLEURT scores were
less than or equal to LLMwWCXT scores. We then randomly sampled 50 interactions and

manually analysed the interaction chains (query, question, context, answer, translation).
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This led us to five types of errors: (1) wrong question, when the Translator LM asked a
question not related to the ambiguity; (2) wrong answer, when the User LM did not pro-
vide correctly disambiguate; (3) many ambiguities, when the query had multiple unresolved
ambiguities or the User LM answer also contained ambiguities; (4) limited context, when
the context was not sufficiently informative to resolve ambiguities; (5) style or other, when

generated translated text had discernible differences with the ground truth.

Error en Query (S) and Ques- Sim User Context (C) Observation

Type tion (Q) and Answer (A)
Wrong  S: But I swear to you it C: I just thought that he’d S can be translated without
Question wasn’t me. blame me for predicting his information on “it” and
Q: What does “it” refer to? death [...]. did not ask a question to
A: “it” is death disambiguate formality.
Wrong  S: Develop it further, C: — Get me a complete “plan” is masculine in fr
Answer Leonard. rundown on Miller [...]. =  and es. However, “it” refers
Q: What does “it” refer to? That’s a good idea. to “idea”, which is feminine
A: “it” is a plan in fr and es.
Many S: If anyone asks, you're a C: — Okay, so I'm going to The answer is correct; how-
Ambigui- relief worker. go with you. — White girls ever, the name Aaron is
ties Q: Who does “you” refer don’t do runs. gender neutral and was re-
to? A: ‘informal’ since the solved incorrectly, impact-
speaker talking to a friend ing “worker” translation.
“Aaron”
Limited S: I'll bring it right over. C: — You didn’t get it? — “harp” is likely wrong. We
Context Q: What does “it” refer to? Really? — Just a second...  cannot determine what “it”
A: “it” is a harp is from the given context.

Table 4.4 Examples of interaction chain errors.

Fig. 4.7 shows that the majority of errors are from wrong User LM answers for formality
and “it” resolution. This partially confirms our hypothesis in Subsection 4.5.4. For tasks
involving unseen ambiguities, the majority of errors come from the Translator LM with 68%
to 78% of sample chains having the wrong question or noticeable differences in generated
translated text style or form. We provide examples of interaction chains for each type of
error in Table 4.4.
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4.6 Conclusion

We propose interactive-chain prompting (INTERCPT), a prompt-based interactive multistep
computation technique that first resolves cross-lingual ambiguities in the input queries and
then performs conditional text generation. In our experiments, we assume that ambiguities
are subproblems and show that a question-answer interaction between a Translator LM and
User LM to resolve ambiguities greatly improves generated translation quality. We have
created and released a new datasets that covers five ambiguities: formality, “it” resolution,
polysemy, gender neutral names and neutral professions for four different language pairs.
Empirical results show that INTERCPT outperforms other prompt-based techniques that
have access to all background information and context to directly resolve ambiguities. We
find that INTERCPT MT is an emergent property of parameter scale that allows Large LMs to
perform interactive generation tasks while other prompt-based techniques exhibit flattening
scaling curves. INTERCPT can be considered a step forward more effectively interacting with

machine learning systems.
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Abstract

State space models (SSMs) have shown impressive results on tasks that require modeling
long-range dependencies and efficiently scale to long sequences owing to their subquadratic
runtime complexity. Originally designed for continuous signals, SSMs have shown superior
performance on a plethora of tasks, in vision and audio; however, SSMs still lag Transformer
performance in Language Modeling tasks. In this work, we propose a hybrid layer named
Block-State Transformer (BST), that internally combines an SSM sublayer for long-range con-
textualization, and a Block Transformer sublayer for short-term representation of sequences.
We study three different, and completely parallelizable, variants that integrate SSMs and
block-wise attention. We show that our model outperforms similar Transformer-based archi-
tectures on language modeling perplexity and generalizes to longer sequences. In addition,
the Block-State Transformer demonstrates more than tenfold increase in speed at the layer
level compared to the Block-Recurrent Transformer when model parallelization is employed,
yielding favorable perplexity-memory trade-offs at long context and strong performance on

Long Range Arena benchmarks, under comparable parameter budgets.
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5.1 Introduction

Transformers have shown impressive performance on a wide range of natural language pro-
cessing (NLP) tasks. While primarily used for language modeling, the Transformer archi-
tecture [115] has also been successfully applied to other tasks outside of the NLP and have
mostly replaced Recurrent Neural Networks (RNNs). Several factors contribute to this suc-
cess, including computational efficiency and architectural inductive biases that are well-suited
for training on natural language tasks at scale. On the computational upside, Transformers
are able to process tokens of a given input sequence in parallel, making the most of mod-
ern accelerator hardware. Moreover, the attention mechanism enables Transformers to find
relationships in longer sequences by providing ready access to all the extracted information
from past tokens when inferring the next token. Compared to RNNs and LSTMs [202], the
benefits of self-attention are two-fold: (i) the capacity of what could be stored and directly
accessible as context is drastically increased, and (ii) training on longer sequences is more
stable [203, 204].

Given the remarkable achievements of Transformers in language modeling tasks, and their
improved performance at scale on hard NLP tasks such as reasoning and question answering
[205, 206, 207], the demand for deploying even deeper and larger networks is greater than
ever before. An orthogonal scaling dimension, which could be potentially even more conse-
quential, is the size of the input sequence. Despite the several advantages of Transformers
over RNNs; it is still problematic to scale the input sequence length, again for both compu-
tational performance and quality reasons. Further, the Transformer’s runtime is quadratic
with respect to the input sequence length, which makes training these models increasingly ex-
pensive. Furthermore, Transformers with attention, that is local [208], sparse [209, 210, 211],
low-rank approximated [212] or linearized via kernel methods [213, 214], notoriously struggle
on long-input classification tasks [215]. Vanilla transformers can be unstable when trained
on long sequences [216] and token importance is concentrated in a local receptive field of

around 50 tokens around the current time step [217].

An emerging body of research suggests that State Space Models (SSMs) can serve as an
alternative to Transformers because they are able to capture dependencies in extremely
long sequences, while being more computationally efficient and parallelizable [218]. While
still falling into the category of autoregressive sequence models, the underlying linear time-
invariant dynamical system of SSMs allows the efficient processing of sequences using paral-
lelizable convolution operators with the Fast Fourier Transform (FFT) [219], with O(Llog L)
complexity, where L is the length of the sequence. Moreover, retention of past information

over long sequences, up to thousands of steps, can be ensured by deriving recurrent update
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rules by borrowing ideas from online function approximation [220, 221]. SSMs have re-
cently outperformed Transformers on long-range dependency benchmarks by a large margin
[215]. Despite their success on long-range classification tasks, SSMs have not yet completely

matched Transformers as an off-the-shelf sequence model for general language modeling tasks

222)].

Recent findings suggest that Transformers and SSMs are complementary models for the
purpose of language modeling [13]. In this work, we propose an architecture that integrates
a strong local attention-based inductive bias with the long-term context modeling abilities
of SSMs into a single layer, that we call Block-State Transformer (BST). Our model is able
to process long input sequences, while still incorporating an attention mechanism to predict
next tokens. BST is fully parallelizable, scales to much longer sequences, and offers a 10x

speedup compared to comparable Transformer-based layers.

In every BST layer, an SSM takes the entire sequence as input and maps it into a “context”
sequence of the same length. The SSM sublayer takes advantage of FFT-based convolutions.
This sequence of context is then divided into blocks of equal size, i.e. window length (W), and
each context block is then fed to a Block Transformer layer, that attends to the subsequences
of size W as defined in [12]. The block of input token embeddings are then cross-attended
to the corresponding block of context states; see Figure 5.1. Note that by introducing SSMs
as a means of contextualization, we completely remove the need for sequential recurrences
and we are able to run our hybrid SSM-Transformer layer fully in parallel. The resulting
runtime complexity can be expressed as the sum of O(W?)+ O(Llog L), where the first term
represents the time complexity of the Transformer sublayer, while the second term represents
the time complexity of the SSM sublayer. This is a major improvement over O(LW) of Block-

Recurrent Transformer, so long as hardware to support parallel computation is available.

Moreover, due to hardware imposed restrictions, the runtime complexity of the SSM on
a full sequence is comparable to that of Block Transformer on a block of tokens, which
further implies the absence of a speed bottleneck in the BST layer, empirically validated for
sequences containing hundreds of thousand of tokens. This is evident by observing that the

bottom-most two lines on the left of Figure 5.4 are almost overlapping.
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Figure 5.1 Block-State Transformer layer. The BST-SH layer is illustrated on the left, and
includes a state space model (SSM, in green) and Block Transformers (in red). For demon-
stration purposes the sequence is divided into 3 blocks in the picture. The details of the
Block Transformer sublayer are on the right. *TRF = Transformer.

5.2 Related Work

This work is primarily related to two branches of recent research: (i) combining local attention
with recurrent networks in order to extend their capacity to capture long-range dependencies,
beyond the length of the attention window size, and (ii) State Space Models (SSMs) which
describe sequences via linear dynamical systems whose outputs can be computed in parallel.
Block-Recurrent Transformer (BRECT) [12] uses a recurrent memory mechanism to extend
the theoretical context length of the Transformer. In the recurrent unit of the BRECT
cell, the updates made to the “recurrent state vectors,” are extracted by employing a cross-
attention mechanism over a block/window of input token embeddings. Different from their
work, we use linear state space models instead of recurrent cells to maintain context states.
We also conduct a more extensive exploration of maintaining and updating context states.
Earlier works that augment transformers with a non-differentiable external memory include
the Memorizing Transformer [223]. Transformer-XL [208] was an early work that combined
recurrent memory with Transformers. Our work can be seen as a continued evolution of those

models incorporating state-of-the-art recurrent memory models inspired by SSMs.

State space models can be considered as linear RNNs [221]. This simplicity facilitates their
analysis and even enables analytical derivation of recurrent weights for optimally representing
arbitrarily long sequences. The linear property also allows the recurrence to be unrolled and
parallelized during training and inference [218]. Our work combines these state-of-the art

models, enabling Transformers to leverage theoretically infinite context.
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Other works have attempted to replace Transformers, and their attention mechanism with
SSMs [13, 224, 222, 225], however despite recent progress, the performance achieved by the
Transformer architecture remains unparalleled in language. Nevertheless, SSMs are able to
capture longer range dependencies than Transformers in both theory and practice, while also
being highly parallelizable [219, 226]. We therefore elect to combine the best aspects of SSMs
and Transformers into a single model. The idea of communication across blocks, similar to
GSS [13], was later implemented by MEGA [224], through an Exponentially Moving Average
(EMA) update rule instead of SSMs?. However, both GSS and MEGA use a single-head
Gated Attention Unit (GAU) [227]. MEGA further mixes layer inputs, GAU outputs and
EMA outputs via two gating mechanisms. Our method uses a simpler architecture to mix
signals from local attention and SSM outputs via cross-attention, allowing us to plug any
out-of-the-box SSMs or attention layers. Further, we investigate three ways to mix SSM

signals with attention as outlined in Section 5.3.3.

5.3 Method

We consider the problem of next token prediction via a decoder-only language model. This
seemingly simple pretext task has led to spectacular progress in language understanding [6,
205, 228]. During training, the decoder takes in a sequence of length L of tokens embeddings

and is tasked to generate the next token at every step in the sequence.

We start by a brief review of SSMs that are essential for understanding the Block-State
Transformer layer (5.3.1). Our full Block-State Transformer architecture is outlined in Sec-
tion 5.3.2. Section 5.3.3 describes three approaches for integrating SSM states into the

attention mechanism. Important implementation details are described in Section 5.3.4.

5.3.1 State Space Preliminaries

State space models can be divided into two categories:

State Spaces: Structured Kernels S4 [218], S5 [229], S4D [230], DSS [231], follow a
structured initialization of the convolutional kernel by unrolling a linear time-invariant (LTT)

dynamical system of the following form:

v, = Az, + Bu, (5.1)

2The authors in [224] show a mathematical form of EMA that has a state transition and also derive a
convolution kernel to efficiently compute EMA similarly to S4.
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The system is parameterized by a state matrix A € RV*V, vectors B € RV*!, C € RV,
and D € R the SSM maps a 1-D input signal uy, to a 1-D output signal y;. Internally,
the SSM projects the input signal to an N-D representation state xjp, before mapping it
down to a scalar using the C vector. The term Duy can be thought of as a skip connection
and will be omitted for the remainder of the discussion for convenience. The output of the
above recurrent equation, yx, can be computed as a discrete convolution, by realizing that

the recurrence can be explicitly unrolled:

Let z_; =0 )
k 4 (5.2)
Y = ZCAJB cUk—j -
§=0
The CA*B entries are collected to create the SSM kernel K € R”, and the convolution could

be expressed as:

K = (CB,CAB,...,CA"'B),

k (5.3)
Y = ZKj'uk—j, y = Kxu.
j=0

Given an input sequence u € R¥, it is possible to compute the output y € R¥ sequentially
through the recurrence in Equation equation 5.1. While this property is useful for autore-
gressive decoding, sequential computation is prohibitively slow to train with long inputs and,
instead, the convolution from the Equation equation 5.3 can be used to compute all elements
of y in parallel. This is done via Fast Fourier Transform (FFT) [219], provided we have
already computed K.

Additional inductive biases have been imposed on SSMs by analytically deriving closed-form
expressions for the matrices A and B using the HiPPO framework [221]. In this framework,

the state x; represents the coefficients of polynomials that approximate the sequence ;.

Explicitly Parameterized Filters In contrast to structured kernels, one can parameter-
ize the convolution kernel, as trainable weights and optimize them, K € RY. However, this
would result in poor performance unless certain types of regularization are applied to the
kernel. [226] simply makes use of squashing the kernel weights, and subsequently applying a
smoothing technique. Trainable kernels are also used in attention-free alternative models to

Transformers, such as Hyena [225], which involves exponentially decaying the weights along
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the kernel:
K, = . (FFN o PositionalEncoding) (1), (5.4)

where K, is an entry in the filter at location ¢, and FFN is a feed-forward network used for

decoupling the parameter count from the seugnece length.

5.3.2 Block-State Transformer (BST) Layer

We now introduce the Block-State Transformer layer, which combines SSMs with Block
Transformers. At each training iteration, a sequence of L tokens, is sampled from a longer
document. The tokens are then embedded and fed to the model. Our model consists of a
stack of Block-State Transformer layers. Each BST layer optionally includes an SSM sublayer
that is responsible for providing long-range context to the Block Transformer layer, which
operate similarly to a Block-Recurrent Transformer (BRECT) cell. The SSM sublayer takes
the sequence of token embeddings from the previous layer as input, and produces a sequence

of the same length L as the output.

The output of the SSM is contextually encoded, meaning that entries at every time-step,
potentially include information about all the time steps preceding elements in the sequence.
We collect a number of “context states,” S, from the context sequence, and we set S < L.
In order to prevent the model from accessing future information, we only allow the model to
access context states that precede the current token. Various ways to gather context states

from the context sequence are discussed in section 5.3.3 in detail.

The context states are fed to the Block Transformer, in place of what was referred to as
“recurrent state vectors” in Block-Recurrent Transformer [12]. The subsequent operations,
shown on the right side of Figure 5.1, are kept unaltered, except that we no longer need to
run the recurrent unit of the BRECT cell since we are maintaining the context via an SSM.
In addition to the context states, the Block Transformer also receives a block/window of
length W of token embeddings as input, which are cross-attended to the context states. The
output of the cross-attention operation is then concatenated with that of self-attention over

the input embeddings, followed by a simple projection.

In addition to the ability of SSMs to retain information over longer time horizons compared
to Transformers and RNNs, using the SSM to maintain context states as a replacement
for recurrent cells makes for a more computationally efficient layer. Removing recurrence
by integrating SSMs into Transformer layers, allows the Block-State Transformer layer to

be fully parallelizable, whereas the Block-Recurrent architecture processes blocks of tokens
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sequentially using a for loop.

5.3.3 Context States

Although the latest SSM output technically contains information about the entire sequence,
retrieving individual tokens from only the final state may not be feasible. To compensate,
we concatenate a sequence of states, corresponding to the latest block of tokens. This is
also analogous to the approach taken by BRECT. This representation ensures retrievability
and ease of access, through redundancy. It is redundant because adjacent states are highly
correlated, however this also makes it possible to easily recover the current block of tokens,

if necessary.

In our approach, the context states are constructed from the output of the SSM and fed to
the attention heads of the Transformer. These context states can be constructed in various
ways. To guide these design decisions we consider each of the below proposed schemes as
introducing retrievability at the cost of redundancy. The shape of the output of a single SSM
layer is (B x L x D), where B is the batch size, L is the number of the tokens processed,
and D is the embedding dimension. When doing cross-attention in the Transformer cell
with H different heads, this tensor needs to be transformed into a context tensor of shape
(BxSxDx H), where S is the number of context states; we usually set S < L and S =W

similar to Block-Recurrent Transformers (BRECT).

[ 1 [ [
Block i Block Block
~ : E_’

context states

[ State-Space Model

‘ input token embedding

,,,,,,,,,,,,,,

context states

: is
State-Space Model /p states

input token embedding |

Figure 5.2 Summarizing our approaches. The left side shows the cases where the SSM is
required to output Multi-Head (MH) contexts. On the right Multi-Filter (MF) approach
is depicted where the last entries from the previous window are concatenated into a set of
context states of size S. Dashed lines represent the current block.
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We now discuss the three different approaches that we evaluate to generate a context tensor

for each block sequence:

SH: Single-Head The first approach constructs the context tensor by sequentially con-
catenating the S states from the SSM with a single filter (each of size D). Note that because
the SSM captures information from preceding blocks, the context state also captures infor-
mation about blocks that preceded the current block. The resulting context vector is highly
retrievable and redundant, as defined above. As in typical Transformers, fully connected
layers are used to project each context vector to H different heads of size D. Note that
in the cross-attention operation, context states that correspond to future tokens from the
current block need to be causally masked out. In this case we set S = W, and we pick the
window of SSM outputs that correspond to the current block, and a triangular mask is used

to implement causal masking of context states. This approach is shown in Figure 5.1.

MH: Multi-Head This approach differs from Single-Head (SH) in that here the SSM is
tasked to generate a separate output for different heads. We use separate [Cy, Cs, ..., Cy]
matrices, to produce context states that are fed to the attention heads. This enables the SSM
to extract complementary features from the summarized history. The conceptual difference is
that the C matrix, from Equation equation 5.1, has direct access to the full memory state of
the SSM (zy,), that in theory could be thought of as a compact representation of the history,
before it gets mapped down to a scalar. The Multi-Head (MH) approach is illustrated on
the left side of Figure 5.2. Because the H different C matrices may extract complementary
information, the context vector constructed by this method is theoretically less redundant

compared to the single-head method described above.

MF: Multi-Filter In this approach the SSM sublayer produces S context states, which
we set to be independent from W. This is done by convolving the sequence of embeddings
with S different kernels/filters. The output of each convolution operation, corresponding to a
specific filter, is a tensor of shape (B x L x D). After convolving the input with all the filters,
the context states of size D that correspond to the last token from the previous window are
stacked together to make a (B x S x D) tensor. Feed forward networks are then used to lift
this tensor to different heads, (B x S x D x H). Different from the previous two approaches,
the context is formed by taking only the last S context states, from the previous window,
outputted by the S SSMs. The context is less redundant because it no longer consists of
adjacent SSM states. Since the context is taken from the entries of the previous window,

cross-attention masking is no longer required, as shown on the right of Figure 5.2.
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The memory states of the Multi-Filter (MF) approach is least redundant, while Multi-Head
(MH) strikes a middle ground, and Single-Head (SH) has the most redundancy. The incor-
poration of redundancy in these approaches aims to facilitate retrievability of the most recent
context captured by the SSM, albeit at the expense of potentially inefficient wtilization of
the network capacity. The last approach attains highest wutilization, as the cross-attention is

done in the space of unique features extracted by specialized filters.

5.3.4 Implementation Details

Context IDs & Positional Embedding To allow distinction between the entries supplied
to the attention mechanism, a positional embedding is commonly added to the inputs. When
using the Multi-Filter (MF) approach, the collected context states correspond to different
features extracted from the sequence, hence we add a set of unique learned “context IDs” to
the context states, before using them as input to cross-attention. However, in the cases where
the context states correspond to different time-steps along the sequence, namely Single-Head
(SH) and Multi-Head (MH) approaches, inherent positional encoding is incorporated into the
context states, due to the incremental nature of convolutions; as such, we find the addition of
context IDs to be unnecessary. We also realize that we do not need to add global positional
bias to the token embeddings, and use a T5-style relative position bias [141] instead, as the

SSM does also encode positional information into the context.

Down-sampling Consistent with findings in [13], we find FFT operations to be the main
source of bottleneck when training SSMs on TPUs. We project the input embeddings to
a lower-dimensional space, that is a quarter of embedding size in our experiments, this
reduces the required total number of FFTs by a factor of 4. The output of the SSM, i.e.
the context states, are later lifted to the original embedding size before being passed to the

Block Transformer.

5.4 Results

Our results are presented in Table 5.1. We conduct experiments with BST on three different
datasets, PG19, arXiv and GitHub, allowing us to test our method on a suite of varying

documents lengths composed of English texts, latex scientific articles and source code.

PG19 dataset is from a large collection of full-length books from Project Gutenberg [232]. All
extracted 28,602 books were published prior to 1919 and contain 6,966,499 English language
words. When tokenized, each PG19 book has between 50k-100k tokens. PG19 has become
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a popular benchmark for measuring progress on long-range language modeling performance.

We report the “test” split evaluation performance.

arXiv dataset is a corpus containing scientific and technical articles on the subject of Mathe-
matics [223]. The arXiv dataset contains latex source code as well as items such as theorems,
citations, definitions that are referenced and discussed over long ranges of text. Using the
same vocabulary as in [223] and [12] for a fair comparison, many special characters are broken
up into small subwords. As a result, the number of tokens per paper in the arXiv dataset
is approximately equal to the number of tokens per book in PG19. We report perplexity on
“test” split.

GitHub dataset [223] is the largest of the three datasets and was assembled by extracting
GitHub code repositories with open-source licences. Files were filtered to only contain the
following programming languages: C, C++, Java, Python, Go and Typescript. While code
files are relatively small, there are many import dependencies between each file. By traversing
the directory tree and concatenating all code files along the path, a single document that
preserves a repository’s structure and dependencies is created. We report performance on

the “validation” split.

For a fair comparison with the baselines, we keep the vocabularies consistent as used by
[12] and [13]. Specifically, we used a pretrained T5 vocab with 32k tokens for PG19 [233]
and LaMDA vocab with 32k tokens [206] for both arXiv and GitHub datasets. Due to the
long training times and large number of experiments, we only provide error bars for the
PG19 ~200M parameter models by running our models with three different random seeds.

BRECT:FIXED:SKIP error bars are from [12].

5.4.1 Comparing our Baselines and Models

We experiment three different types Block-State Transformer (BST) models: BST-SH, BST-
MH and BST-MF as described in Section 5.3.3. Our models do not use global learned
positional embeddings but encode positional awareness with an SSM at the first layer, right
after the word embedding layer. We organize models into two groups: (i) fized window size
have either a 512 or a 2048 token training window size; and (ii) fized parameter count have

either a ~200M or ~400M total parameters. We run experiments with two types of SSMs:

BST:{SH,MH,MF}:S4 encode long context using a Structured State Space Model (S4) [231].

As described in Equation equation 5.3, S4 kernel matrix K is compiled from matrices A, B

and C and is independent of the length of the input evaluation sequence length. We show

that the structured parameterization of K allows our BST models to generalize to longer
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Table 5.1 Perplexity of each model. The results for XL:2048, SrLIDE:12L and
BRECT:FIXED:SKIP are from [12] by converting log, of perplexity to raw perplexity. GSS-
HYBRID-L performance was taken from [13]. Results with + are average scores and error
bars of runs with three different random seeds. For a smaller computational budget, BST
provides a small perplexity improvement compared to BRECT on PG19 and GitHub. For
the same computational budget, BST outperforms GSS-HYBRID-L across datasets by 1.5%
to 4%.

eval seq. window number TPUv4 hours (k) PG19  arXiv GitHub

Model length length params PG19/arXiv/GitHub

SLIDE:12L 4096 512 190M 0.5/05/18 12.12 2.69 228
TRSF-XL:2048 2048 2048  190M 0.8 /0.8/3.0 11.96 248 2.01
BRECT:FIXED:SKIP 4096 512 196M 08/0.8/30 11.55+1.1 2.36 2.04
BST:SH:S4 202M 05/05/18 1157 £1.1 251 2.14
BST:MH:S4 218M 08 /08 /18 11.60 +£1.1 2.52 215
BST:MF:S4 217™™ 05/05/18 11.63 £1.2 248 2.07
BST:SH:UNSTRUCT 206M 05/05/18 11.52 +1.1 249 2.09
BST:MF:UNSTRUCT 221M 05/05/18 1156 £1.2 244 2.03
GSS-HYBRID-L 4096 512 373M 0.8 /08/1.8 10.52 2.51 1.88
BST:SH:S4-L 366M 08/0.8/138 10.47 249 1.86
BST:MF:S4-L 383M 08 /08/ 1.8 10.52 246 1.84
BST:SH:UNSTRUCT-L 371M 08/0.8/18 10.37 246 1.85

BST:MF:uNSTRUCT-L 388M 08 /08/1.38 10.42 241 1.83
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lengths. We refer the reader to section 5.4.2 for results on length generalization. We only
run one BST:MH using S4 since the model requires 8% more parameters while performing
on par with the faster BST:SH variant. BST:MF also has 8% more parameters but performs
better on arXiv and GitHub compared to SH. Interestingly, SH performs better than MF
on the PG19, a dataset where local context is more important to predict the next token
compared to arXiv and GitHub. We posit that this is likely due to the ability of the SH

model to retrieve the most recent context captured by the SSM.

BST:{SH,MF}:unsTrRUCT are based of unstructured parameterized convolution filters, in-

spired by the Hyena Hierarchies [225] convolutional kernel. We exclude the utilization of
the multiplicative gating mechanism employed in Hyena Hierarchies and solely apply the
regularizations implemented on the parameterized kernel, denoted as K in Equation equa-
tion 5.4. This formulation has two important advantages over S4: (1) the K kernel does
not need to be recompiled, allowing speedups when using multiple filters; (2) K has more
free parameters because it is no longer restricted by A, B matrices in equation 5.3, poten-
tially providing richer representations that can explain the improved perplexity scores over
S4 variants. Nonetheless, unsTRUCT kernel K relies on learned positional encoding which

makes the method less extendable to larger length sequences at inference..

We compare the Block-State Transformer to four different baselines:

TRSF-X1.:2048 [208] is a Transformer with a training window size of 2048. As expected,

increasing the window size improves perplexity, especially on the arXiv and GitHub datasets.
However, this model performs worse than BST:SH:HYENA on PG19 and is much slower,

bottlenecked by the attention layer on higher sequence lengths.

SuipE:12L [12] This model is almost identical to TRSF-XL:2048. It uses however a sliding
window of size 512 over a segment of 4096 tokens. The sliding window is differentiable over
two blocks, while TrRsr-XL does not backpropagate through the cached keys and values from
the previous window. This simple baseline is closest in terms of training speed to BST:SH.
The perplexity scores show that integrating a representation of the past, as with BRECT

and BST, positively impacts LM performance.

BRECT:FIXED:SKIP [12] is the strongest performing and fastest Block-Recurrent Transformer

architecture in [12]. This architecture is very similar to StLipE:12L. There is however a
sequential recurrent “skip” configuration, a simple linear layer gating mechanism that com-

bines current block hidden representation with past information from the previous blocks.
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GSS-HYBRID-L [13] is the closest SSM-Transformer hybrid model that was tested on long-
range language modeling tasks. GSS-HYBRID-L is based on the Diagonal State Space (DSS)

[231]. DSS and S4 are similar in performance and architecture, only differing on the initial-
ization of the kernel K [230]. [231] further improves on DSS for LM tasks by introducing a
Gated State Space version called GSS, which performs better on PG19, arXiv and GitHub.
Unlike our method, GSS-HYBRID-L does not directly integrate SSMs states into the atten-
tion mechanism but only interleaves 32 GSS layers with Transformer layers. It must be
noted that the GSS-HYBRID-L scores were obtained after grid searching over four learning
rates {6.4,3.2,1.6,0.8} x 1073 and used a different learning rate and weight decay for the SSM
layer and the Transformer layer to avoid training instabilities. In our experiment, we did
not use grid search and used the same learning rate for all layers. BST results demonstrate
that integrating SSM states into the Transformer attention provides larger benefits than

interleaving SSM and attention layers as in GSS-HYBRID-L.

Fixed compute budget. As seen in Table 5.1, we track the exact amount of compute in
TPUv4 hours that was spent training each model. The training TPUv4 hours for SLIDE:12L,
TRSF-XL:2048, BRECT:FIXED:SKIP and GSS-HYBRID-L were taken from [13]. The TPUv4
hours metric measures the compute cost of training models. For our experiments, we align
our training times with GSS-HYBRID-L for a fair comparison. Smaller parameter models all
have 12 layers, 8 heads of size 128, embedding vectors of size 1024, an MLP with a hidden
layer size of 4096 with ReLLU activation functions. For larger BST models, we double the

intermediate layer size from 4096 to 8192 and increase the number of attention heads to 12.

Training details We use the same training setup as [12] and we perform our experiments
using the Meliad library® in JAX/Flax [234, 235]. We use the Adam optimizer [236] and a
batch size of 32 and a sequence length L of 4k for training. Using a structured SSM’s recur-
rence (such as S4) in the first layer allows us to extend the positional encoding to various
lengths at inference. Smaller BST models have Block-State layer integrated in Transformer
layers {1, 7, 9} and larger BST models at layers {1, 5, 7, 9}. Since our datasets con-
tain long documents, it is possible to train on larger sequence lengths L. Training on 4k
sequence lengths allows us to test length generalization since the convolution kernel K in
Equation equation 5.3 can be extended to any sequence length L. However, since we show
in Section 5.4.2 that our model works well when extended to unseen lengths, we did not find
it necessary to run expensive experiments with higher sequence lengths. For the MF model

variants, we lower the SSM state dimension D by an additional factor of two to improve

3https://github.com/google-research /meliad
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FFT efficiency. The state dimension reduction has negligible impact to perplexity. The MF
models have S = 32 filters while the larger MF models have S = 64 filters.

5.4.2 Evaluating Length Generalization capabilities

We present our length generalization analysis and report perplexity in Figure 5.3. Our models
and baselines all have ~400M parameters, are trained on a sequence length of 4k and tested

on sequences with lower and higher sequence lengths of {512, 16k, 65k}.

We notice that all models have similar perplexity for sequence lengths of 512. Both BST:SH:S4-
L and GSS-HYBRID-L generalize well on 16k and 65k sequence lengths for PG19 and GitHub.
For arXiv, GSS-HYBRID-L. and BST:MF:UNSTRUCT-L perplexities increase drastically, poten-
tially due to noise in the arXiv dataset (as indicated by variation in perplexity metric over
time). [13] also reported that larger GSS models had difficulty generalizing to higher lengths.
Interestingly, for arXiv again, BRECT:FIXED:SKIP-L performs very well at higher sequence
lengths. We hypothesize that the Block-Recurrent model’s access to the entire past during
training, via a non-differentiable cache of representations across sequences, helps retain a
“memory” of dependencies between key items in an arXiv article allowing the model to ac-
cess past symbols, definitions, theorems or equations beyond the 4k training sequence length.
We also note that BST:MF:unsTRUCT-L and BRECT:FIXED:sKIP-L outperform other meth-
ods on PG19 up to a sequence length of 16K. Perplexity performance on PG19 is perhaps
less reliant on long term relationships between tokens, which can explain the performance of

models that have no explicit built-in mechanisms for length generalization.

The analysis also allows us to draw a clear distinction between structured and unstructured
SSMs integrated in hybrid architectures. As previously mentioned in Section 5.3.1, SSMs such
as DSS and S4 use a structured kernel K, built from learned matrices A, B and C for any
sequence length L in Equation 5.3. Since K is extendable to any arbitrary sequence length L,
both BST:SH:S4-L and GSS-HYBRID-L have a build-in mechanism for length generalization
that the unstructured BST:MF:UNSTRUCT-L model does not. BST:MF:UNSTRUCT-L performs
best on the training sequence of 4K and is on-par for 512 with perplexity increasing for unseen
16K and 65K sequence lengths. BST:SH:S4-L has by far the best perplexity for 65K
sequence lengths on PG19, GitHub and arXiv. Similarly to [12], we also notice that

perplexity improves when we extend context window (sequence length) for PG19 and GitHub.
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Figure 5.3 Length Generalization for sequence lengths {512, 16k, 65k} on PG19 (left), arXiv
(middle) and GitHub (right). BST:SH:S4-L generalizes better than other baselines, including
GSS-HYBRID-L that uses GSS, a structured SSM. GSS-HYBRID-L numbers are from [13].

5.4.3 Efficiency

The improvement over Block-Recurrent Transformers, with time complexity of O((W? +
S2+28W) - L/W) =~ O(L-W), follows from the ability to run the Block Transformer’s cells
in parallel. The time complexity of the Block-State Transformer layer is comprised of the
time complexity of the state space model sublayer, O(D - Llog L), in addition to the time
complexity required to execute the Transformer over the given context chunks (blocks) in

parallel, O(W?).

Benchmarking Block-State Transformer Perplexity by Window Length

——— BST:SH:S4
BST:MF:unstruct

12.8 Slide:12L

12.6 = GSS-Hybrid

- Rec:fixed:skip
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Figure 5.4 Left: The forward-pass computation time of a BST layer is compared against a
layer of BRECT and SLIDE:12L. These experiments were executed on GPU, to demonstrate
and exploit the parallelizability of BST layers. BST:SH is 6-11x faster than BREcCT while
BST:MH is 3-4x faster. Right: Perplexity of the trained models using different window
lengths. The figure shows that increasing the training window length results, as expected, in
better perplexity scores. We find however that both BST:MF:HYENA and BRECT:FIXED:SKIP
are the least impacted by decreasing window lengths.

In spite of the superlinear growth of the SSM sublayer, our experiments indicate that sig-

nificant performance improvements, up to a factor of 6, remain evident for sequences as
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long as 65k tokens, the point at which hardware saturation began to occur. When using a
structured SSM, the computational complexity is closely tied to the internal memory state
size of the SSM, N — specifics may vary depending on the exact type of the SSM. We set
N = 16 when reporting performance. Left side of Figure 5.4 shows the results of bench-
marking the forward-pass of a Block-State Transformer layer on GPU. Our proposed layer
runs almost 6-11x faster than Block-Recurrent Transformers (including recurrent units), and
yields comparable performance to a SLIDE:12L layer, i.e. BRECT without the recurrence. At
4k sequence length, which is mostly used during training, BRECT layer runs almost 15X
slower than SLIDE:12L with the same window size. We manage to reduce this gap to less
than 2x with BST layer. To reflect a realistic model, for these experiments we use a fixed
window length of 128, an internal state size of 16 for the SSM, and 16 heads. Moreover, to
highlight the performance gains that are only due to parallelization made possible by our
framework, we use same embedding size as input to the SSM, which is 512. Note that we use
the vanilla implementation of FFT and inverse FFT operations provided by JAX [234]. How-
ever, we believe that the speed of our method can be further improved with recent and faster

hardware-specific I/O-aware implementations introduced in other auto-diff frameworks.

5.5 Ablation Studies

In the following section, we perform ablations to investigate (1) the placement of a single
SSM layer in Table 5.2 in the overall architecture, (2) the effects of the number of SSM layers
added in Table 5.3, and (3) the size D of the SSM state in Table 5.4. For the ablations,
we use the ~200M parameter BST:SH:S4, since it is the fastest model, and assess various

configurations on PG19.

Table 5.2 A single BST at Table 5.3 Multiple BST Table 5.4 Increasing BST’s
various layer index. layers at various locations. S4 model state size D.
Layer idx PPL # layers PPL State Size PPL Step Time
3 12.41 2 11.69 8 11.95  x0.7
7 11.92 3 11.57 16 11.57  x1.0
9 11.88 4 11.21 32 11.55  x1.8
12 12.03 5 11.20 64 11.54  x3.2

In Table 5.2, we experiment adding a single BST layer at layer indices 3,6,9,12. We notice
that a single BST layer with state size D = 16 located closer to the middle of the whole
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Block Transformer stack, at index = 9, has the greatest effect on perplexity. This finding is
inline with findings in prior work [223, 12].

In Table 5.3, we test if adding multiple BST layers yields improvements on performance. We
start with BST layers with state size D = 16 at indices 0,9. We follow by adding another
BST layer at index 7 for a total of three BST layers and then another at index 5, followed by
another at index 12. Adding more BST layers lowers perplexity. However, the results seem
to plateau at 5 BST layers. We note also that there is a 3.5% training step time increase for

each added layer.

In Table 5.4, we train our models with different state sizes D. For the state size ablation, we
use three BST layers at indices 0,7,9. We find that increasing D improves perplexity to the
detriment of training speed (step time). For this reason, we chose D = 16 for Table 5.1 BST

results.

5.5.1 Scaling Experiments

In this section, we compare how BST scales compared to Transformer-XL with 4 x the window
size and BRECT. In Figure 5.5, we see that at lower scales, from 80M to 200M, BREcCT and
BST have very similar performances. Beyond 200M, the perplexity performance percentage
gap between BRECT and BST increases from 2.5% at 200M paramaters to 4.0% at 1.3B
parameters. The perplexity performance percentage gap between BRECT and Trsr-XL is

even more pronounced as it starts at 7.6% at 200M parameters to 10.6% at 1.3B parameters.

©® Trsf-XL:12048 @ Rec:fixed:skip BST:SH:unstruct Flgure 55
16 Scaling properties on PG-19.

Yellow: (BST:SH:UNSTRUCT)
12-layer Block-State Transformer.

Red: (REC:FIXED:SKIP)
10 12-layer Block-Recurrent Trans-

former.

Perplexity

80M 200M 320M 650M 1.3B

Blue: (Trsr-XL-2048)
13-layer Transformer-XL.

Number of parameters
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5.5.2 Long Range Arena Experiments

While the main focus of our research was to demonstrate that hybrid Transformer-SSM
models are efficient and perform well on long context autoregressive LM, we also evaluate
our method on standard classification task where long range dependencies in a sequence are
important to capture. In Table 5.5, we present our results on the Long Range Arena (LRA)
benchmark [237] which incorporates three different modalities including text, images, and
mathematical expressions. The LRA dataset also tests models on various sequence lengths

from 1K to 16K.

BST:SH:S4 is composed of four BST layers (no BRT layers are interleaved) and two S4
layers on top. We use the same standard block length of 512 for BST and BRT. However,
we train BST and BRT on the full sequences (up to 16K for Path-X). We use AdamW as
our optimizer [238] with a warmup for the learning rate, where we start from a value of 1le~"
and increase the learning rate linearly up a specified value € {le™3,2¢73 4¢3} for the first
10% of training. This is followed by cosine annealing for the rest of training down to a value
of 1e=7. All layers are bidirectional, including the S4 layer in BST:SH:S4 as described in
[239]. Our weight decay is chosen from {0, 0.05, 0.1, 0.15} and our dropout is chosen from
{0, 0.1}. Except for Path-X experiments, we use weight decays € {0.03,0.05,0.07} for all
parameters except S4D matrices A and B. Also, for Path-X, the initialization range of our
discretization time step A for PathX is decreased from (Apin, Amax) = (0.001, 0.1) to (A,
Apax) = (0.0001, 0.01).

Our results on LRA are very promissing and show that, compared to other state-of the art
methods that chunk sequences into blocks, BST is able to model long range dependencies.
For example, BST outperforms MEGA-CHUNK [224] on four out of six LRA tasks and by 1.5%
on the average score. However, BST still needs to improve (perhaps by extending the block

size) to catch up to MEGA (without chunks).

5.6 Conclusion

We have introduced a model that combines the attention mechanism of Transformers with
the long-range memory mechanism, and parallelism afforded by State Space Models. We
explored several memory state variants that make different trade-offs between redundancy

and retrievability. Experiments show that our model can minimize perplexity on par with
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MODEL ListTOPTS TEXT RETRIEVAL IMAGE PATHFINDER PATH—X‘ Ava
Transformer 36.37 64.27 57.46 42.44 71.40 X 53.66
Linear Trans. 16.13 65.90 53.09 42.34 75.30 X 50.46
Reformer 37.27 56.10 53.40 38.07 68.50 X 50.56
Performer 18.01 65.40 53.82 42.77 77.05 X 51.18
BigBird 36.05 64.02 59.29 40.83 74.87 X 54.17
Mega 63.14 90.43 91.25 90.44 96.01 97.98 \ 88.21
S4D 60.47 86.18 89.46 88.19 93.06 91.95 84.89
S4 59.60 86.82 90.90 88.65 94.20 96.35 86.09
S5 62.15 89.32 91.40 88.00 95.33 98.58 | 87.46
Methods with chunked input sequences
BRECT :FIXED:SKIP 37.29 66.14 58.76 50.41 76.33 75.89 60.80
MEGA-CHUNK 58.76 90.19 90.97 85.80 94.41 93.81 85.66
BST:SH:S4 (ours) 61.49 87.63 90.51 91.07 95.75 95.28 | 86.96

Table 5.5 Performance on Long-Range Arena (LRA). For a fair comparison, we adjust the
number of layers and model dimensions on each task so that BST and BRECT have similar
number of parameters with S4 and MEGA-cHUNK. BRECT results are from our own runs and
all other baselines are from published results.

and often improves upon recent competing baselines, while achieving up to more than 10x

speedups at the layer level, provided there is hardware support to fully take advantage of

parallelism. This is an appealing property for scaling up BST which makes the addition of

SSMs into Transformers computationally appealing. We show that integrating SSM states

into the Transformer attention provides larger benefits than simply interleaving SSM and

attention layers. Finally, we show that the model generalizes to longer sequences than it was

trained.
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CHAPTER 6 CONCLUSION

The work in this dissertation by article follows a common thread: structure the problem so
that model capacity is spent where it matters, moving from input structuring to parame-
ter structuring, to brief user—-model interaction before generation, and finally to layer-level
structure for long-range context. Rather than proposing a single master algorithm, the
contributions show how targeted mechanisms for selection, conditioning, interaction, and hy-
bridization address different leverage points in the LLM pipeline, providing building blocks
that can be combined in future work. This chapter is organised as follows. Section 6.1
summarizes the four articles through this lens. Section 6.2 situates these ideas in 2024-2025
developments that parallel or extend them. Section 6.3 looks forward, outlining a vision for

the next phase of LLMs driven by efficiency, and future research directions.

6.1 Summary of Works

Across the articles in the thesis, four principles recur. We first make important choices
explicit before decoding, by selecting what the model sees such that generation emphasizes
abstraction over copying on long documents. Then, we adapt compactly under constraints by
routing variation through small task-conditioned adapters and allocating updates by dataset
size and predictive uncertainty, achieving strong transfer with few trainable parameters and
limited additional data. We also clarify intent before decoding through brief interaction that
elicits missing user preferences, steering the model to the intended output on the first pass
and reducing avoidable retries. Finally, we structure for long-range context via hybrid layers
that couple state-space propagation with block-wise attention, yielding favorable perplexity
memory trade-offs and strong Long Range Arena performance while tracking wall-clock and

memory alongside accuracy.

Long-document summarization via selective conditioning via text extraction. In
Chapter 2, we introduce a lightweight selection step in front of a Transformer generator to
shape the conditioning context for long documents. By training the selector and generator to
work in tandem, the system encourages genuine abstraction instead of surface copying. Across
evaluations on arXiv, PubMed, Newsroom, and BigPatent, we observe competitive ROUGE
alongside reduced n-gram copying and positive human judgments on informativeness and
coherence. The key takeaway is that structuring the input with a compact set of extracted

sentences can improve summary quality without increasing model size.
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Parameter-efficient multi-task learning with conditional adapters and selective
training data sampling. In Chapter 3, we keep most of the backbone frozen and route
task variation through small, task-conditioned adapter modules. Training steps are allocated
with an explicit policy that balances dataset size (temperature-scaled) and predictive uncer-
tainty (uncertainty-weighted), all under controlled update budgets. This approach improves
transfer on standard text classification and language understanding benchmarks while using
few trainable parameters and bounded parameter updates, reducing storage and interference

relative to full fine-tuning.

Ambiguity-aware generation through brief pre-decoding interaction. In Chap-
ter 4, we address the inherent ambiguity that arises when user queries omit crucial context.
The method reframes generation as the last step of a short interaction that asks targeted
questions to surface missing preferences (e.g., formality, gender realization, pronoun reso-
lution). Under a fixed pre-decoding budget, conditioning on these clarifications improves
ambiguity resolution and downstream quality on cross-lingual evaluations, demonstrating

that clarifying intent before decoding can steer outputs without lengthening generation.

Block-State Transformers for long-range language modeling. In Chapter 5, we
propose Block-State Transformers, a hybrid layer that composes a state-space branch for
efficient long-horizon propagation with block-wise attention for local, content-aware mixing.
The design attains favorable perplexity—memory trade-offs at long context and strong per-
formance on Long Range Arena benchmarks, offering a fully parallelizable alternative to
recurrent schemes while retaining effective long-range signal flow. The result is a structural

mechanism for scaling context length without prohibitive cost.

6.2 Links to recent works from 2024 to 2025

Although the constituent articles were completed between 2020 and 2023, the surrounding
landscape has moved quickly. To situate these contributions in the present, this section
offers a focused update on how closely related ideas evolved during 2024-2025, highlighting
representative developments rather than attempting an exhaustive survey. The goal is to
clarify where the proposed mechanisms have been extended or refined, where independent

lines of work have converged on similar design choices, and where open problems remain.

Text extraction (retrieval and n-gram tables) for efficient conditional generation.

A growing body of work argues that before generating, systems should choose what to show
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the model. For long inputs, one representative 2024 study On Context Utilization in Sum-
marization with LLMs [240] shows pronounced position bias and introduces the MiddleSum
benchmark, finding that hierarchical or incremental schemes that pre-structure the source
mitigate the bias. This supports the thesis’s idea of a compact sketch or extract before ab-
straction. In retrieval-augmented generation, RankRAG [241] is an influential system that
aligns closely with this thesis’s selection-then-generation pattern: a single instruction-tuned
LLM performs context ranking and answer generation, effectively front-loading ranked con-
tent selection so that the generator conditions on higher-quality context. Efficiency trends
also include n-gram/speculation-based acceleration that proposes candidate continuations
cheaply and verifies them with the base model. For example, N-Grammys [242] and SAM-
Decoding [243] show that using draft n-gram—driven lookups and finding the longest suffix

match respectively can deliver notable speedups in autoregressive decoding.

Parameter-efficient multi-task adaptation. After well known adapters that came after
our work such as LoRA [244], 2024 introduced DoRA [245], a weight-decomposed low-rank
method that separates magnitude and direction to narrow the gap to full fine-tuning without
inference overhead. DoRA’s consistent gains across LLaMA/LLaVA/VL-BART suggest a
practical path for stronger transfer under fixed update budgets. Hyperdecoders [246] an
input-conditioned hypernetwork that produces instance-specific decoder adaptations (not
just per-task), often outperforming PEFT and even full fine-tuning on several NLP tasks;

good to cite if you want a stronger “conditioning signal”.

Interactive disambiguation before decoding. A growing line of work now explicitly
benchmarks and trains models to detect and clarify ambiguity before answering. The CLA M-
BER benchmark [247] shows that off-the-shelf LLMs still struggle to identify ambiguous
queries and craft good clarifying questions, underscoring the value of brief, targeted interac-

tions prior to generation as proposed in this thesis.

Long-range modeling with hybrid SSM-attention layers. There has been rapid
movement toward architectures that combine efficient state-space updates for long-horizon
propagation with attention for local, content-aware mixing-precisely the design space explored
by Block-State Transformers. At scale, the Zamba [248] family interleaves Mamba [249]
(SSM) and attention to reach large contexts with favorable throughput-quality trade-offs.
Jet-Nemotron [250] applies post—architecture search to a pretrained model freezing MLPs
and selectively keeping, dropping, or replacing attention blocks-to achieve large speedups

while matching strong baselines. It pursues the same goal as Block-State—style hybridiza-
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tion in our work but instead of SSMs, Jet-Nemotron uses Gated Delta Networks [251], a

Mamba-style state-space extension.

6.3 Future Research

A central bet of this dissertation is that the path to more capable Al runs through efficiency,
not just scale. Biological intelligence offers a provocative benchmark: a human brain operates
on roughly 20 W while supporting rich, continual cognition. By contrast, modern AI sys-
tems often require orders of magnitude more energy for far narrower tasks. Treating energy,
memory footprint, and latency as first-class objectives (coequal with accuracy) can unlock
models that are both more useful and more widely deployable. Empirically grounded com-
parisons [252] remind us why this matters. The brain metabolism scales under a tight power
budget per neuron (~20 W total), whereas mainstream GPU inference routinely draws hun-
dreds of watts per device, and the environmental and economic costs of today’s large models

remain substantial.

Efficiency is not merely about cost; it enables qualitatively new behaviors. Compute-optimal
training [253] (e.g., Chinchilla-style data/parameter balancing) improved downstream effi-
ciency and accuracy simultaneously, showing that better use of tokens and parameters can
beat brute-force scaling. On the inference side, test-time compute (TTC) has emerged as
a controllable knob. We can allocate more “thinking time” can raise reasoning quality, but
it must be budgeted and steered to remain practical'. Recent system cards and research
notes highlight smooth gains from increased train and test time compute, yet also empha-
size the need for principled scheduling and verification so that extra thinking yields reliable

improvements rather than waste.

Building on this research and new methods and use-cases tested since 2023, I have started

exploring:

1. Adaptive test-time compute (TTC) which allocates extra chains, searches, or verifica-
tions only when the model’s own uncertainty, disagreement among samples, or verifier
scores justify it. This aligns with recent TTC work that scales sampling and verifica-
tion while keeping a tight budget. Low-entropy cases stay cheap and hard cases merit

deeper search with verifiers or self-consistency.

2. Future work should treat fast drafting and parallel refinement as first-class. We can

combine retrieval-aware speculation with verification, then explore highly parallel gen-

1See https://openai.com/index/learning-to-reason-with-llms
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erators such as diffusion-style LLMs in the spirit of Mercury [254] for multi-token
refinement, and continuous autoregressive schemes that compress K tokens into a sin-
gle vector step as in recent CALM [255] designs. The research goal is a unified stack
that learns when to draft, when to refine in parallel, and when to fall back to standard
decoding, all under a fixed test-time compute budget. Success here would lower latency

and energy per answer while preserving the target distribution and quality.

. Architectures that move work from memory traffic to structured state. Biological effi-
ciency stems partly from locality and sparse activation. Hybrid SSM-attention layers
are a step in this direction. Future work will push stateful, streaming representations
that minimize KV-cache bandwidth, reduce random memory access, and exploit struc-
tured recurrence. This direction also complements emerging systems work that treats
inference scheduling and memory movement as core optimization problems with large

energy dividends.

. Co-design with hardware and runtime compression/optimization. Future work will
make models runtime-aware without rehashing decoding strategies. We started to focus
on: (i) budget-aware layers that minimize memory movement and KV-cache traffic; (ii)
dynamic precision and calibration that adjust per layer /request under accuracy guards;
(iii) on-the-fly compression of activations and caches (low-rank/entropy coding, segment
pruning, input-aware compression) with learned admission policies; and (iv) autotuned
scheduling that optimizes prefetch/eviction and device placement under power caps.
The objective is a portable serving stack that jointly minimizes joules and latency per

answer while preserving quality.
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APPENDIX A LARGE TEXT SUMMARIZATION

A.1 Appendix: Large Text Summarization

A.1.1 Samples from the arXiv test set

Samples from the TLM-I and TLM-I+E (G,M) models on a random example from the arXiv

test set.

A.1.2 Extractive Model Details

The model uses word embeddings of size 300. The token-level LSTM (sentence encoder),
sentence-level LSTM (document encoder) and decoder each have 2 layers of 512 units and a
dropout of 0.5 is applied at the output of each intermediate layer. We trained it with Adam,
a learning rate 0.001, a weight decay of 107>, and using batch sizes of 32. We evaluate the
model every 200 updates, using a patience of 50. At inference, we decode using beam search
with a beam size of 4 for the pointer model and pick the £ most likely sentences from the
sentence classifier, where k is the average number of sentences in the summary across the

training dataset.



TLM conditioned on intro — deep convolutional neu-
ral networks ( cnns ) have created new benchmarks in the
object recognition challenge . most of these benchmark
datasets contain thousands of images of interest . in addi-
tion to these datasets , several standard data - sets , such
as pascal voc 2012 and the ms coco , have been used in
conjunction with the same network in order to improve the
object detection task . in this paper , we present a method
for object localization using the deep convolutional neural
networks trained for the simpler task of image - level classi-
fication . we propose localization candidates ( or bounding
boxes ) which maximize classification scores for a class of
interest . we explore the beam search strategy where the
number of candidate bounding boxes are restricted as we
traverse from the root node towards the leaf nodes . we
then gradually explore smaller and smaller regions of in-
terest till a point is reached where the classifier is not able
to discriminate among the classes of interest . the detec-
tion candidates are organized in a search tree , the root
node being represented by the entire test image . we then
gradually explore smaller and smaller regions of interest till
a point is reached where the classifier is not able to distin-
guish among the classes of interest .

TLM conditioned on intro 4+ pointer network ex-
tracted sentences — deep convolutional neural networks
( cnns ) are widely used in image recognition applications
. however , they face a number of challenges . first , cnn
models are computationally expensive to train and to per-
form . second , they are not easy to implement and can
not exploit global features . to alleviate these issues , we
present a method that leverages the correlation between
semantic information present in feature maps and localiza-
tion of an object of interest . the method leverages feature
map activations for object localization . we demonstrate
that this method is significantly faster than state - of - the
- art in localization accuracy by a significant margin of up
to 8 map on two standard data - sets with complex scenes
, pascal voc 2012 and the much larger ms coco .

Ground truth abstract — object localization is an im-
portant computer vision problem with a variety of appli-
cations . the lack of large scale object - level annotations
and the relative abundance of image - level labels makes
a compelling case for weak supervision in the object lo-
calization task . deep convolutional neural networks are
a class of state-of-the-art methods for the related problem
of object recognition . in this paper , we describe a novel
object localization algorithm which uses classification net-
works trained on only image labels . this weakly supervised
method leverages local spatial and semantic patterns cap-
tured in the convolutional layers of classification networks
. we propose an efficient beam search based approach to
detect and localize multiple objects in images . the pro-
posed method significantly outperforms the state-of-the-art
in standard object localization data - sets with a 8 point
increase in map scores .
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Table A.1 Qualitative Results - Generated abstracts from our models on a random example

from the test set of [2]
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APPENDIX B CONDITIONAL ADAPTIVE MULTITASK LEARNING

B.1 Appendix: Conditional Adaptive Multitask Learning

B.1.1 Summary of Acronyms

Acronyms of datasets and descriptions can be found below in section B.1.6.
Table B.1 List of acronyms used in this paper.

Acronym | Description

ARLM Autoregressive Language Models

CA-MTL Conditional Adaptive Multi-Task Learning: our architecture

CFF Conditional Feed-Forward: a feed-forward layer modulated by a conditioning vector

CLN Conditional Layer Normalization in section 3.2.1

EDM Evolutionary Data Measures [129]: a task difficulty estimate

GLUE General Language Understanding Evaluation [16]: a benchmark with multiple datasets

QA Question Answering

MT Multi-Task

MTAL Multi-Task Active Learning: finding the most informative instance for multiple learners (or models)
MLM Masked Language Model: BERT [6] is an example of an MLM

MTL Multi-Task Learning: "learning tasks in parallel while using a shared representation" [117]

MRQA Machine Reading for Question Answering [30]: a benchmark with multiple datasets

NER Named Entity Recognition

NLP Natural Language Processing

SOTA State of the art

ST Single Task fine-tuning: all weights are typically updated

ST-A ST with Adapter modules: one adapter per task is trained and pretrained weights are optionally updated

B.1.2 Zero-Shot Results on SciTail and SINLI

Before testing models on domain adaptation in section 3.4.4, we ran zero-shot evaluations
on the development set of SciTail and SNLI. Table B.2 outlines 8-task CA-MTLggrr.-BASE’S
zero-shot transfer abilities when pretrained on GLUE with our MTL approach. We expand
the task embedding layer to accommodate an extra task and explore various embedding
initialization. We found that reusing STS-B and MRPC task embeddings worked best for
SciTail and SNLI respectively.

B.1.3 More Experimental Details

We used a batch size of 32 and a seed of 12 in all experiments. We used Adam [256] as
the optimizer with a learning rate of 2e-5. We applied a learning rate decay with warm up
over the first 10% of the training steps. Unless otherwise specified, we used 5 epochs, a seed
of 12 and a sequence length of 128. Additional details are outlined in section . Our data

prepossessing and linear decoder heads are the same as in [6]. We used the same dropout



146

Table B.2 CA-MTL is flexible and extensible to new tasks. However, CA-MTL is sensitive to the
new task’s embedding. We tested multiple task embeddings that worked best on either SciTail or
SNLI by checking performance in a zero shot setting or using 0% of the data.

Initialization of new SciTail SNLI
task embedding layer | 0% of data | 0% of data
CoLA’s embeddings 43.0 34.0
MNLI’s embeddings 24.2 33.0
MRPC’s embeddings 34.5 45.5
STS-B’s embeddings 46.9 33.2
SST-2’s embeddings 25.8 34.2
QQP’s embeddings 31.7 37.3
QNLI’s embeddings 32.0 38.0
RTE’s embeddings 32.3 40.6
WNLI’s embeddings 29.0 30.4
Average 28.7 37.7
Random initialization 46.8 34.0
Xavier initialization 29.8 37.6

rate of 0.1 in all layers. To run our experiments, we used either four NVIDIA P100 GPU
for base models or four NVIDIA V100 GPU for larger ones. We did not perform parameter
search. We do not use ensemble of models or task-specific tricks [6, 9, 136]. All models are
either 12 Transformer layers for BASE and 24 Transformer layers for LARGE. Apart from
CA-MTL, models trained in multi-task learning (BERT or RoBERTa without adapters) used
random task sampling. For Table 3.1 and Figure 3.8, all BERT-based model have half their
layers frozen (untrained) for a fair comparison of ablation results. For the 24-task MTL and
CA-MTL models in Tables 3.4 and 3.5, we increased the input sequence length to 256 and
used 8 epochs.

B.1.4 Baselines and Other Experimental Results

In this section, we present our baseline results for BERT, RoBERTa, CA-MTL as well as other
models. Our single task results (ST) that we ran ourselves surpass other paper’s reported
scores in Table B.3. [15] reports random seed median scores for RoBERTa. However, our
RoBERTa ST baseline matches or surpasses the original paper’s scores 4 out 7 times
on the development set when scores are comparable (QQP F1 and STS-B spearman are not

reported).
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Table B.3 F1 scores are reported for QQP/MRPC, Spearman’s correlation for STS-B, accuracy
on the matched /mismatch sets for MNLI, Matthew’s correlation for CoLLA and accuracy for other
tasks. ST=Single Task, MTL=Multitask. *QNLI vl (we report v2) **F1 score or Spearman’s
correlation is not reported. ***Unknown random seeds. Results from: 1[7] 2[9] 3[14] #[15].

Method Total Trained GLUE
params | params/task [ CoLA  MNLI MRPC QNLI QQP RTE SST-2 STS-B Avg
Base Models — Dev set Results
PALs+Anneal Samp.! 1.13x 12.5% - - - - - - - - 81.70
8-task CA-MTLBERT-BASE 1.12x 5.6% 60.9 82.7/83.1 88.9 90.7 90.3 79.1 91.9 88.8 84.03
BERT LARGE Models — Dev set Results
ST BERT-LARGE? 9% 100% 60.5 86.7/85.9 89.3 92.7% 89.3 70.1 94.9 86.5 84.0
ST BERT-LARGE? 9% 100% 62.1 86.2/86.2 923 89.4 885 70.0 925 90.1 84.1
ST BERT-LARGE 9% 100% 63.6 86.5/86.0 91.4 91.0 88.5 70.2 94.7 88.2 845
24-task CA-MTLBERT.LARGE | 1.12X 5.6% 63.8 86.3/86.0 92.9 934 88.1 84.5 94.5 90.3 86.6
RoBERTa LARGE Models — Dev set Results
T

?&Eﬁ?ﬁ'&fiﬁi 9x 100% 68.0  90.2 909 947 ** 866 964  **  —
ST RoBERTa-LARGE 9% 100% 68.3 89.2/88.9 92.6 94.8 84.6 87.0 96.4 91.7 88.2
24-task CA-MTLRoBERTa-LARGE | 1.12X 5.6% 69.7 89.4/89.3 93.9 949 88.8 91.0 96.2 91.0 89.4

B.1.5 Some Results on layer Freezing and with Full Block Attention.

All experiments in this section were run for only 5 epochs, exclusively on the GLUE dataset
for the large BERT-based 8-task CA-MTL model. Results in Table B.4 reveal that as we
freeze more layers, performance tends to decrease. However, since we wanted to preserve as
much pretrained knowledge as possible, we chose to keep at least 50% of layers frozen. While
this has slightly lowered our performance on 9 GLUE tasks, we believe that keeping as much
of the original pretrained weights is beneficial when increasing the total number of tasks in

MTL to 24 or more tasks. However, we did not explore this hypothesis more.

Table B.4 8-task CA-MTLggrT-LARGE (see section 3.4.3) for various layer freezing configura-
tions. F1 scores are reported for QQP/MRPC, Spearman’s correlation for STS-B, accuracy on the
matched /mismatch sets for MNLI, Matthew’s correlation for CoLA and accuracy for other tasks.
FBA = Full Block Attention

% frozen |# tasks GLUE
layers | g.e ST |CoLA MNLI MRPC QNLI QQP RTE SST-2 STS-B Avg
LARGE Models — Dev set Results
63.6 86.5/86.0 91.4 91.0 885 70.2 93.1 88.2 84.3

Method

ST BERT-LARGE (ours)| 0%

CA-MTL 0% 7 60.2 86.2/86.0 92.0 91.5 88.7 76.3 93.3 89.5 84.9
CA-MTL 25% 6 63.7 86.1/85.8 89.1 91.2 88.6 79.7 929 885 851
CA-MTL 50% 3 63.2 85.5/85.5 91.8 90.9 883 814 93.0 90.1 85.5
CA-MTL FBA 50% 0 60.2 81.7/81.1 88.0 85.8 85.7 787 886 87.1 81.8
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B.1.6 Dataset Description

The datasets that were used for the domain adaptation experiments were SciTail! and SNLI?.
We jointly trained a CA-MTLgoprrTa-LARGE Model on 9 GLUE tasks, 8 Super-GLUE? tasks,

6 MRQA* tasks, and on WNUT2017° [156].
Table B.5 GLUE [16] dataset description.References: [17], 2[18], 3[19], 4]20], 5[21], 6[16], 7[22]

Acronym | Corpus |Train| | Task Domain

CoLA! Corpus of Linguistic Acceptability 8.5K acceptability miscellaneous
SST-22 Stanford Sentiment Treebank 67K sentiment detection movie reviews
MRPC3 Microsoft Research Paraphrase Corpus 3.7TK paraphrase detection | news

STS-B* Semantic Textual Similarity Benchmark | 7K textual similarity miscellaneous
QQP Quora Question Pairs 364K paraphrase detection | online QA
MNLI® Multi-Genre NLI 393K inference miscellaneous
RTES Recognition Textual Entailment 2.5K inference/entailment | news, Wikipedia
WNLI? Winograd NLI 634 coreference fiction books

All GLUE tasks are binary classification, except STS-B (regression) and MNLI (three classes).

We used the same GLUE data preprocessing as in [6].
Table B.6 Super-GLUE [23] dataset description. References: [24], 2[25], 3[26], 4[27], ®[28], [23],

"[29], ®[22]
Acronym | Corpus |Train| | Task Domain
BoolQ! Boolean Questions 9.4K acceptability Google queries, Wikipedia
CB? CommitmentBank 250 sentiment detection miscellaneous
COPA?® Choice of Plausible Alternatives 400 paraphrase detection blogs, encyclopedia
MultiRC?* | Multi-Sentence Reading Comprehension | 5.1K textual similarity miscellaneous
ReCoRD® | Reading Comprehension 101K paraphrase detection news

and Commonsense Reasoning

RTE® Recognition Textual Entailment 2.5K inference news, Wikipedia
WiC7? Word-in-Context 6K word sense disambiguation | WordNet, VerbNet
WSC8 Winograd Schema Challenge 554 coreference resolution fiction books

Table B.7 MRQA [30] dataset description. References: 1[31], 2[32], 3[33], 4[34], ®[35], ¢[36]

Acronym Corpus |Train| | Task Domain
SQuAD! Stanford QA Dataset | 86.6K crowdsourced questions | Wikipedia
NewsQA?2 NewsQA 74.2K crowdsourced questions | news
TriviaQA3 TriviaQA 61.7K trivia QA web snippets
SearchQA* SearchQA 117.4K | Jeopardy QA web snippets
HotpotQA® HotpotQA 72.9K crowdsourced questions | Wikipedia
Natural Questions® | Natural Questions 104.7K | search logs Wikipedia

Thttps://allenai.org/data/scitail; Leaderboard can be found at: https://leaderboard.allenai.org/scitail /submissions/public
2https://nlp.stanford.edu/projects/snli/

3https://super.gluebenchmark.com /tasks

4https://github.com/mrqa/MRQA-Shared-Task-2019

Shttps://github.com/leondz/emerging _entities 17
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SuperGLUE has a more diverse task format than GLUE, which is mostly limited to sentence
and sentence-pair classification. We follow the same preprocessing procedure as in [23]. All
tasks are binary classification tasks, except CB (three classes). Also, WiC and WSC are span
based classification tasks. We used the same modified MRQA dataset and preprocessing steps
that were used in [257]. All MRQA tasks are span prediction tasks which seeks to identify

start and end tokens of an answer span in the input text.
Table B.8 SNLI [37] and SciTail [38] datasets description.

Acronym |Corpus |Train| | Task Domain
SNLI! Stanford Natural Language Inference|550.2k |inference |human-written English sentence pairs
SciTail?  |Science and Entailment 23.5K |entailment|Science question answering

SNLI is a natural inference task where we predict three classes. Examples of three target la-
bels are: Entailment, Contradiction, and Neutral (irrelevant). SciTail is a textual entailment
dataset. The hypotheses in SciTail are created from multiple-choice science exams and the
answer candidates (premise) are extracted from the web using information retrieval tools.
SciTail is a binary true/false classification tasks that seeks to predict whether the premise
entails the hypothesis. The two datasets are used only for domain adaptation in this study

(see section B.1.2 for the details of our approach).
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APPENDIX C INTERACTIVE CHAIN PROMPTING

C.1 Appendix: Interactive Chain Prompting

The appendix contains more information on INTERCPT. We examine limitations of our work
in Section C.1.1. In Section C.1.2, we further link the specific prompts to each interactive
step in Figure 4.1. In Section C.1.3, we discuss the link between INTERCPT and methods
such as Chain-of-Thought and Least-to-Most prompting. We discuss other meaningful related
work in Section ?7. In Section C.1.4, we provide details on the datasets that we have created
such as (1) data statistics and (2) tools, process and pseudocode to create the data. Finally,
in Section C.1.7, we list all of the pseudocodes for prompting PaLM for both the User LM
and the Translator LM.

C.1.1 Limitations

Our work is about solving query ambiguities in translation which is a relatively unexplored
area. Solving unambiguous sentences in Translation is a topic that is most traditionally
researched in Translation. During initial experimentation, PaLM was able to correctly detect
ambiguous and unambiguous queries in 98% of examples (with a 1,000 sample size and
a balanced split between ambiguous/unambiguous labels). Nonetheless, we have not fully

explored performance on unambiguous queries and this could be a possible limitation.

It must be noted however that our method is orthogonal to contemporaneous context-less
or interaction-less translation work such as Prompting PaLM for Translation (POMP) [173]
in which prompts, exemplars and instructions are optimized to reach state-of-the-art trans-
lation BLEU/BLEURT scores on common WMT benchmarks with unambiguous text (see
Related Works Section 4.3 for more details). INTERCPT without context is equivalent to
the LLMINOEXTRA baseline since it uses the same prompt exemplars and the same model

without context and without answers from the simulated user (see Section 4.4).

Our paper tackles the issue of user query ambiguities where we assume that the user has
background information. For example, if a user wants to translate “are you sure it is pretty?”,
the user should know what “it” is and who “you” is. If the user refuses to answer questions,
we can default translations to LLMNOEXTRA which is the same as INTERCPT without

context or interaction.

While we have covered more ambiguities across more languages than other prior work, there is
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still ambiguities and languages that we have not yet tested. This could be another limitation
for ambiguities that are significantly different than the ambiguities discussed in our paper. It
must be noted that we have chosen common sentence-level ambiguities and that we have left
paragraph-level ambiguities for future work. For example, “lexical cohesion” is an ambiguity
type that is more common at the paragraph level and INTERCPT may not detect such

ambiguities.

C.1.2 More details on InterCPt interactive steps and links to prompts

To make link between interaction steps in Figure 4.1, the process overview in Section 4.2,

the appendix code and templates, we add the following:

Step 1: The Translation LM asks a question on ambiguity using language specific methods
in Apppendix C.1.9. It takes as input the English text to Translate en_tert and outputs
the question ). For example, if we want to translate English to Spanish with a generalist

template, we can use spanish__generalist_translator _interactive(...).

Step 2: The User LM answers the question () generated in step 1 using any method in
Appendix C.1.8. Tt takes as input en_ text and the context C' (ctx in the code) and outputs

the answer U.

Step 3: If no other ambiguity is detected, the Translation LM translates using language
specific methods in Appendix C.1.9. It takes as input the English text to Translate en_ text,

the question @, and the answer U and outputs the translation A.

C.1.3 Link with Chain-of-Thought and Least-to-Most prompting

In this section, we add a few more words on the link between INTERCPT and Chain-of-
Thought (CoT) or Least-to-Most (L2M) prompting. CoT performs better than the baseline
that has access to the whole information in the problem statement (similar to having context).
The behavior is attributed to the sequential solving of subproblems (in our case ambiguity)
and a multistep computation (in our case interaction). LLMwCXT has access to more
information but does not involve multiple computation steps to solve a subproblem. This is

how INTERCPT is most similar to CoT since INTERCPT uses multistep computation.

C.1.4 More details on AmbigMT ambiguity datasets

In this section, we provide additional information on what the datasets contain and how

they were created. As mentioned in Section 4.1, we did not find datasets that covered
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multiple ambiguities for multiple language pairs. We provide an overview of publicly available
datasets in Table C.1. Upon manual inspection of samples from other public datasets, we
found that translation queries were often (> 50%) unambiguous since the translation query
contained enough information and did not need to rely on the provided context. We inspected
200 samples from AMBIGMT and found that only ~3% of queries did not need context to

disambiguate the linguistic phenomena.

‘ Source ‘ Lang Pairs ‘ Linguistic Phenomena Test Data
[258] en—de (1) “it” pronoun resolution 12,000
[259] en—ir (1) Anaphora resolution, (2) lexical cohesion 900
[260] en—ru (1) Ellipsis, (2) lexical cohesion 6,000

de—en
[260] zh—en (1) “it” pronoun resolution, (2) lexical cohesion 6,090
en—ru
EE:ES (1) “it” pronoun resolution, (2) gender neutral names
AMBIGMT en—sde 17,200
en—sija (3) neutral professions, (4) polysemy, (5) formality

Table C.1 Other MT datasets that contain specific linguistic phenomena and provide context.
en = KEnglish, de = German, fr = French, ru = Russian, zh = Mandarin Chinese, ja =
Japanese.

C.1.5 Dataset statistics

We present in Table C.2 the data statistics for AMBIGMT'. For polysemy, the total senses per
word is the number of different definitions or meanings found for a specific source English
word. Each ambiguity is well balanced across classes formal/informal or feminine/mascu-
line. The Neutral Professions dataset is derived from the Translated Wikipedia Biographies

dataset! that only covers {en-es, en-de} language pairs.

Table C.2 AMBIGMT data statistics of each type of class and language pair.
Form = formal, Inform = informal, Mas = Masculine, Fem = Feminine, res = resolution,
Prof = Profession.

Lang Total Polysemy Formality “it” res. Neutral Names | Neutral Prof.
Pair Samples Senses Form. ‘ Inform. | Mas. ‘ Fem. | Mas. ‘ Fem. Mas. ‘ Fem.
en—es 4600 3.6 49% 51 % 50% | 50% | 51% 49% 52% 48%
en—de 4600 3.1 50% 50 % 52% | 48% | 50% 50% 53% 47%
en—fr 4000 3.3 49% 51 % 50% | 50% | 51% 49% — —
en—ja 4000 3.0 50% 50 % 52% | 48% | 53% 47% — —

Thttps://ai.googleblog.com/2021/06 /a-dataset-for-studying-gender-bias-in.html
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C.1.6 AmbigMT data creation tools, process and heuristics

In this section, we present the steps, tools and heuristics used to detect ambiguities. For
polysemy, formality, “it” resolution, gender neutral names, we extract the data from Open-
Subtitles corpora and neutral professions from Translated Wikipedia Biographies. The source
data that was used consists of parallel sentence level pairs. We first detect a sentence that
has a specific ambiguity and extract the context by taking three to five preceding English
sentences, depending on sentence size. For Polysemy, the context is an English sentence that
contains the polysemous word that will be translated. The code and datasets are released

here.

Polysemy

We provide the following list of steps to create the polysemy dataset for all languages:

1. Extract polysemous words from Wordnet. [261] using the NLTK toolkit [262]%.

o Create a list of English words.

o Compute the number of definitions per word without counting definitions with syn-
onym overlap.

« Extract polysemous words (w.) with more than three definitions and a word length

greater than four.

2. For each Polysemous English word we, extract a list [, = {w,1,...,w,n} of possible word
translations using the Google Cloud Translation v2 API, where x € {es, fr, de, ja} is the
target language.

3. For each Polysemous English word w, and each target language = € {es, fr, de, ja}:

o Find a sentence that contains the word w, in the OpenSubtitle dataset.
o If the parallel sentence contains one of the translated word w,; € [, from step 2 and

no other translated word, keep the English sentence as context.

Formality

Each language has specific formality rules. For Japanese, we direct the reader to our public
code: https://github.com/jpilaul/interactive_chain_prompting. We provide the follow-

ing list of steps to create the formality dataset for Spanish, French and German:

1. Find a sentence that contains “you” or “your” and that has word count less than 20, in

the English OpenSubtitle corpus.

2See example in https://www.nltk.org/howto/wsd.html


https://github.com/jpilaul/interactive_chain_prompting
https://github.com/jpilaul/interactive_chain_prompting
https://www.nltk.org/howto/wsd.html
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2. Select parallel sentences for each target language x € {es, fr,de, ja} that meet the fol-

lowing criteria.

3. If & == es, check the following in parallel Spanish sentence (all checks are initialized to

FALSE):

If all verbs finish by “s”, “ste” or “os”, then is_verb_ informal = TRUE.

If any pronouns is “usted”; then is_pronoun_ formal = TRUE.

If any pronouns is in [“t4”,“tu”,“te”, “vos”, “vosotros”|, then is_pronoun__ informal

= TRUE.

If any determinants is “su”, then is_ determinant_formal = TRUE.

If any determinants is in [“tu”,“vosotros”, “vosotras”| then is_ determinant__informal

= TRUE.

is_informal =is verb informal and is_pronoun_informal and is determinant informal.

is_formal = is_pronoun_ formal and is determinant formal.

4. If x == fr, check the following in parallel French sentence (all checks are initialized to

FALSE):

(A9

If any verbs finish by “x”, “s” or “ons”, then is_ verb_informal = TRUE.

If any verbs finish by “ez”, then is_verb_formal = TRUE.

If one of the pronouns is “vous”, then is pronoun_ formal = TRUE.

If one of the pronouns is “tu”, then is_ pronoun_ informal = TRUE.

If one of the determinants is in [“vos” “votre”], then is determinant_ formal =
TRUE.

If one of the determinants is in [“tes”,“ton”, “ta”, “toi”] then is_ determinant_ informal

= TRUE.

is_informal =is verb informal and is_ pronoun_informal and is determinant informal.

is_formal = is_verb_formal and is_ pronoun_ formal and is_determinant_ formal.

5. If == de, check the following in parallel German sentence (all checks are initialized to

FALSE):

If “I” not in sentence and one of the pronouns is in [“Sie”,“Ihr”, “Thre”, “Thren”,
“Ihrem”, “Ihrer”, “Ihres”], then is_pronoun_ formal = TRUE.

If one of the pronouns is in [“du”,“dein”, “deine”, “deinen”, “deinem”, “deiner”,
“deines”; “dich”], then is_ pronoun_ formal = TRUE.

If “I” in sentence one of the pronouns is in [“er” “sie”, “es”, “ihr”], then is_ pronoun_ formal
= TRUE.

is_informal = is_pronoun_ informal.

is formal = is pronoun_ formal.
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6. Keep samples if is formal != is_informal, use ‘formal’ label if is formal or ‘informal’
label if is informal.
7. For each sample, create context by keeping the preceding three to five English sentences,

depending if word count is above 20.

“jt” resolution

We provide the following list of steps to create the “it” resolution dataset. The steps apply

to all languages:

1. For each English sentence in the OpenSubtitle dataset, keep sentences where the word*“it”
exists.
« Using a dependency parser, if “it” is expletive?®, skip sample.
o In the parallel Spanish, French, German or Japanese sentence, if the sentence does
not contain a verb and a gendered pronouns, skip sample.

» Keep gender label.

2. For each sample, create context by keeping the preceding three to five English sentences,

depending if word count is above 20.

Gender Neutral Names

We provide the following list of steps to create the gender neutral names dataset. Please note
that for simplicity we used binary genders. Genders beyond female and male will be left for

future work. The steps apply to all languages:

1. Compile a list Ly, of gender neutral (unisex) names

o Collect a list of names with gender statistic such as the percentage of people with the
name who identify as female or male?.

» Keep the names that are used in approximately equal proportions (unisex) with at
least a female or male proportion above 40%.

2. For each gender neutral name € Lg,,,, find a sentence that contains the name in the
English sentence and keep the corresponding parallel sentence in Spanish, French, German
or Japanese.

o If the English sentence has gendered pronouns, skip the sentence if multiple genders

are detected.

3The spaCy dependency parser can be used to find expletive “it”,
4Names with gender statistics were compiled and combined using a Japanese names database [263] and
a English names database that originates from the United States Social Security Administration.


https://spacy.io/
https://github.com/fivethirtyeight/data/tree/master/unisex-names
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o If the English sentence has no gendered pronouns, use a Part-of-Speech tagger® on
the corresponding parallel sentence in Spanish, French, German or Japanese and skip
the sentence if multiple genders are detected.

o Keep gender label.

3. Replace gendered pronouns with [pr| in the source English sentence to remove simple clues
about the name’s gender.
4. For each sample, create context by keeping the succeeding three to five English sentences,

depending if word count is above 20.

C.1.7 Prompt templates used in experiments

In this section, we discuss the main prompt templates used in experiments. This includes
INTERCPT Translator generalist and specialist templates to ask questions about ambiguities
and exemplars to translate in French, Spanish, German or Japanese. It also includes INTER-
CPT User generalist and specialist templates to answer questions given a context. We also
provide the prompt templates for the PaLM-with-Context experiments where we use context
and the same exemplars to translate in French, Spanish, German or Japanese. Please note
that we have normalized special characters for simplicity. The German and Japanese tem-
plates as well as Spanish and French templates with special characters can be found in our
public code and data repository. In the python methods listed below, en_ text is the input
query, ctzr is the context, question is the question from the Translator model and anwer is

the answer from the User model.

C.1.8 InterCPt Simulated User Prompts

The 8-shot generalist Simulated User prompt template is the same for all languages and is

provided in code block listing C.1.

def generalist_simulated_user_context(en_text, question, ctx):
"""Generalist Simulated user has access to context and answers

the question."""

templated_input =

f"""[web] Given a Context (C), provide an Answer (A) to the Question
Q:
S: about

SLanguage specific spaCy models could be used.
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About 2% of the households are enumerated using the canvasser
method.

Is "about" an adverb that means approximately, near or a
preposition that means regarding, over, surrounding?

"about" means approximately.

rent

Many single women cannot live independently because they cannot (
afford to) own or rent housing

Is "rent" a tenant’s regular payment for a property or to pay
someone for the use of something?

"rent" is to pay someone for the use of something.

abstract

For the international community is not an abstract concept, it
consists of us ourselves.

Is "abstract" to consider theoretically, to extract something, or
a summary, or an adjective?

"abstract" is an adjective that modifies "concept" in the phrase

"abstract concept".

What do you mean?

Daria, I just think that your field of vision could really be
enhanced... - Come on, Mom. - It’s not my field of vision you
want to enhance.

"you" can be neutral, formal, informal. Who does "you" refer to?
"you" is ’informal’ since the listener is the speaker’s "mom", it

implies a familiarity with the listener "you".

This will accelerate your metabolic functions-- help you make the
transition.

At the very least, get them to hold their fire. - Captain, the
transporters are off-line. The docking port hasn’t been hit yet.

"you" can be neutral, formal, informal. Who does "you" refer to?
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A: "you" is ’formal’ since "you" refers to a Captain and the speaker

will typically use a polite form.

S: You know where it begins, you never know where it ends...

Someone once told me we always are where we’re supposed to be. -

Now I believe it. - Life is a jourmney.

Q: "you" can be neutral, formal, informal. Who does "you" refer to
in (8)7

A: "you" is \’neutral\’ because it is a generic "you" that refers to

people in general on their journey through life.

S: it is also very pretty.
Even when it is pouring outside, this umbrella is both practical
and elegant.

Q: What does "it" refer to?

A: "it" is a harp.

S: Tell me, why do they have to tilt it?

C: -Frog is wrong. - I see here that you play the harp.
Q: What does "it" refer to?

A: "it" is an umbrella.

S: {en_text.strip(O1}

C: {ctx.strip()}

Q: {question}Z

Az

return templated_input

Pseudocode C.1 INTERCPT Generalist Simulated User Prompt Template

The 8-shot formality specialist Simulated User prompt template is the same for all languages

and is provided in code block listing C.2.

‘def formality_simulated_user_context(en_text, question, ctx):
‘ """Formality simulated user has access to context and answers

‘ the question."""
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templated_input =
f"""[web] Given a Context (C), provide an Answer (A) to the Question

(Q) about Sentence (S):

This is for you, too.

I'm Freya. - Welcome to Denmark, Mr. Helm. - You always greet
people like this? - I’m Freya Carlson, your Tourist Bureau
contact.

Q: "you" can be neutral, formal, informal. Who does "you" refer to
in (8)7

A: "you" is \’formal\’ since "you" refers to a customer or tourist

that Freya Carlson is greeting with the polite form "Mr.".

- i can gladly help you.
I will go to town to fetch the materials. Once I return, we can
repair your majesty’s royal carriage.

Q: "you" can be formal or informal. Who does "you" refer to?

A: "you" is \’formal\’ since "you" refers to "your majesty".

You know what I mean.

Elizabeth, will you bring the binoculars? - [Elizabeth] Mm, the

stench is horrible. [John] Here, take a hold of this. - [
Elizabeth] Is it dead?

Q: "you" can be neutral, formal, informal. Who does "you" refer to
in (8)7

A: "you" is \’informal\’ since the listener "John" has familiarity

with the speaker and uses the first name "Elizabeth".

S: You think you can make it through that kind of stuff, you think
you can make it through anything.

C: Well, transitions are hard. - Been together ever since college. -
Been through a lot. - You know, us coming out to her family, and
her brother dying.

Q: "you" can be neutral, formal, informal. Who does "you" refer to
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in (8)7
"you" is \’neutral\’ because it is a generic "you" that refers to

people in general going through a difficult moment.

You can imagine the princess-sized tantrum that followed.
"you" can be neutral, formal, informal. Who does "you" refer to
in (S)7

This is the bike that I learned to ride on. - I just didn’t know
my mom kept it. - It used to have these training wheels on the
back with lights that would flash every time you pedaled. - Then

one day, my mom took them off and said it was time to be a big
girl.

"you" is \’informal\’ since the speaker is talking about a funny
childhood memory which implies a familiarity with the listener "

you'.

Can I just say, it’s been an absolute pleasure to finally meet
you?

Generations of Daleks just woke up very cross, and they’re coming
up the pipes. - Or to put it another way... bye! - Doctor, you

must help me.

"you" can be neutral, formal, informal. Who does "you" refer to
in (8)7

you" is \’formall\’ since "you" refers to a "Doctor" that the

speaker just met.

You know where it begins, you never know where it ends...

Someone once told me we always are where we’re supposed to be. -
Now I believe it. - Life is a journey.

"you" can be neutral, formal, informal. Who does "you" refer to
in (8)7

"you" is \’neutral\’ because it is a generic "you" that refers to

people in general on their journey through life.
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City policemen questioned many of you this week.

Lying on his belly, he was carried home on a makeshift stretcher.
- Next Sunday, after the service, the Baron asked the pastor to

let him speak.

"you" can be neutral, formal, informal. Who does \"you\" refer to
in (8)7

"you" is \’formal\’ since the speaker directly addresses several

people or "many of you", the plural form of "you".

{en_text.strip(O}
{ctx.strip(O}
{question}

nnn

return templated_input

Pseudocode C.2 INTERCPT Formality Specialist Simulated User Prompt Template

The 8-shot polysemy specialist Simulated User prompt template is the same for all languages

and is provided in code block listing C.3.

def polysemy_simulated_user_context(en_text, question, ctx):

"""Polysemy simulated user has access to context and answers the

question."""

templated_input =

f"""[web] Given a Context (C), provide an Answer (A) to the Question
Q):

abstract

C: For the international community is not an abstract concept, it
consists of us ourselves.

Q: Is "abstract" to consider theoretically, to extract something, or
a summary, or an adjective?

A: "abstract" is an adjective that modifies the word "concept".

S: abstract

We need to abstract the data from various studies.

Is "abstract" to consider theoretically, to extract something, or
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a summary, or an adjective?

"abstract" means to extract something.

about

About 2% of the households are enumerated using the canvasser
method.

Is "about" an adverb that means approximately, near or a
preposition that means regarding, over, surrounding?

"about" means approximately.

about

The story is about soldier returning home after the war.
Is "about" an adverb that means approximately, near or a
preposition that means regarding, over, surrounding?

"about" means regarding.

bank

The online banking application does not work. I tried a few times
and I could not transfer the funds. I went to the bank.

Is "bank" a financial institution, the edge of a river, a set or
series of similar things or the cushion of a pool?

"bank" is a financial institution.

rent

Many single women cannot live independently because they cannot (
afford to) own or rent housing

Is "rent" a tenant’s regular payment for a property or to pay
someone for the use of something?

"rent" is to pay someone for the use of something.

bat
The bat flew over the forest and back to its cave.

Is "bat" an animal or a sports equipment?
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A: "bat" is an animal.
{ctx}
{question}

A: mnn

return templated_input

Pseudocode C.3 INTERCPT Polysemy Specialist Simulated User Prompt Template

C.1.9 InterCPt Generalist Prompt Templates for each target language

The 8-shot Spanish generalist Translator prompt template is the same for all test ambiguity

data and is provided in code block listing C.4.

def spanish_generalist_translator_interactive(en_text, question=None
, answer=None):
"""Translation model asks questions and uses answers to
translate"""
if answer == None:
# Ask questions
instructions = "[web] Given sentence ’S’ to translate to
Spanish, ask clarifying questions ’Q’ to clarify ambiguities or
multiple senses:"
else:
# Translate given answer
instructions = "[web] Given answer ‘U’ to question ’Q’,
provide the Spanish translation ’A’ of sentence ’S’. Provide the

best answer:"

templated_input =

S: about
Q: Is "about" an adverb that means approximately, near or a

preposition that means regarding, over, surrounding?¥%s

S: rent
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Is "rent" a tenant’s regular payment for a property or to pay

someone for the use of something?is

abstract
Is "abstract" to consider theoretically, to extract something, or

a summary, or an adjective?ys

You think if I get contacts I’ll suddenly turn into the
homecoming queen.
"you" can be neutral, formal, informal. Who does "you" refer to7}

S

This will accelerate your metabolic functions-- help you make the
transition.
"you" can be neutral, formal, informal. Who does "you" refer to7}

S

They could wait ’till you’re on the beach, then cut loose, or
start firing right away.
"you" can be neutral, formal, informal. Who does "you" refer to?%

s

can’t they just build it on an angle?

What does "it" refer to7%s

It is also very pretty.

What does "it" refer to7?%s

if answer is None:

templated_input = templated_input % (’°, 22, 272, 22 27 22
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L)
templated_input = f"{instructions}\n" + templated_input + f"
S: {en_text}\nQ:"
else:
templated_input = templated_input % (
>’\nU: "about" means approximately.\nA: aproximadamente,
cerca de, alrededor de, casi, mas o menos’,

’\nU: "rent" is to pay someone for the use of something

.\nA: alquilar, arrendar, rentar’,

’\nU: "abstract" is an adjective that modifies "concept"
in the phrase "abstract concept".\nA: abstraccion, abstracto’,

’\nU: "you" is \’informal\’ since the listener is the
speaker\’s "mom", it implies a familiarity with the listener "you

" \nA: Tu piensas que si uso lentes de contacto de repente me
convertire en la nueva reina del colegio.’,
’AnU: "you" is \’formal\’ since "you" refers to a
Captain and the speaker will typically use a polite form.\nA:
Esto acelerara sus funciones metabolicas. Lo ayudara a hacer la
transicion.’,
’\nU: "you" is \’neutrall\’ because it is a generic "you"
that refers to people in general and not someone specific.\nA:
Podian aguardar a que uno estuviera en la playa y atacar o
comenzar a disparar.’,
>’\nU: "it" is a harp.\nA: no pueden hacerla en angulo?’,
’\nU: "it" is an umbrella.\nA: Es muy bonita tambien.’,
)
templated_input = f"{instructions}\n" + templated_input + £"S: {
en_text}\nQ: {question}\nU: {answer}\nA: "

return templated_input

Pseudocode C.4 INTERCPT Spanish Generalist Translator Prompt Template

The 8-shot French generalist Translator prompt template is the same for all test ambiguity
data and is provided in code block listing C.5.

def french_generalist_translator_interactive(en_text, question=None,
answer=None) :
"""Translation model asks questions and uses answers to
translate"""

if answer == None:
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# Ask questions

instructions = "[web] Given sentence ’S’ to translate to
French, ask clarifying questions ’Q’ to clarify ambiguities or
multiple senses:"

else:

# Translate given answer

instructions = "[web] Given answer ‘U’ to question ’Q’,
provide the French translation ’A’ of sentence ’S’. Provide the

best answer:"

templated_input = """

about
Is "about" an adverb that means approximately, near or a

preposition that means regarding, over, surrounding?¥%s

rent
Is "rent" a tenant’s regular payment for a property or to pay

someone for the use of something?ys

abstract
Is "abstract" to consider theoretically, to extract something, or

a summary, or an adjective?is

You know where it begins, you never know where it ends...

"you" can be neutral, formal, informal. Who does "you" refer to7}

S

This is for you, too.
"you" can be neutral, formal, informal. Who does "you" refer to7}

S

You know where it begins, you never know where it ends...
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Q: "you" can be neutral, formal, informal. Who does "you" refer to?%

S: I’11 help you find it before [pr] does.
Q: What does "it" refer to7%s

n

[pr] must have forced it somehow.

Q: What does "it" refer to7%s

nun

if answer 1is None:
templated_input = templated_input % (’°, 22, 272, 22 22 202
);’ )))
templated_input = f"{instructions}\n" + templated_input + f"
S: {en_text}\nQ:"

else:

templated_input templated_input % (
’\nU: "about" means approximately.\nA: environ, presque,

quelque, a peu pres, approximativement’,

’\nU: "rent" is to pay someone for the use of something.\nA:
louer’,
’\nU: "abstract" is an adjective that modifies "concept" in

the phrase "abstract concept".\nA: abstraction, abstrait’,

’\nU: "you" is \’informal\’ since the speaker has

familiarity with the listener and uses the first name "Jerry".\nA
A qui as-tu parle 7’7,

’\nU: "you" is \’formal\’ since "you" refers to a customer
or tourist that Freya Carlson is greeting with the polite form "
Mr.".\nA: Ceci est pour vous.’,

’\nU: "you" is \’neutral\’ because it is a generic "you"
that refers to people in general going through a difficult moment
.\nA: On sait ou cela commence, mais on ne sait jamais ou cela se

termine...’,

’\nU: "it" is a key.\nA: Je vous aiderai a la trouver avant
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elle.’,

>’\nU: "it" is a gate.\nA: Il a du le forcer d\’une maniere

ou d\’une autre.’,
)
templated_input = f"{instructions}\n" + templated_input + £"S: {
en_text}\nQ: {question}\nU: {answer}\nA: "

return templated_input

Pseudocode C.5 INTERCPT French Generalist Translator Prompt Template

C.1.10 InterCPt Specialist Prompt Templates for each target language

The Spanish formality specialist Translator prompt template is the same for all test ambiguity

data and is provided in code block listing C.6.

def spanish_formality_translator_interactive(en_text, question=None,
answer=None) :
"""Translation model asks questions and uses answers to
translate"""
if answer == None:
# Ask questions
instructions = "[web] Given sentence ’S’ to translate to
Spanish, ask clarifying questions ’Q’ to clarify ambiguities or
multiple senses:"
else:
# Translate given answer
instructions = "[web] Given answer ‘U’ to question ’Q’,
provide the Spanish translation ’A’ of sentence ’S’. Provide the

best answer:"
templated_input = """

S: This will accelerate your metabolic functions-- help you make the
transition.

Q: "you" can be neutral, formal, informal. Who does "you" refer to?%

S

S: Poor baby... here’s yours!
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"you" can be neutral, formal, informal. Who does "you" refer to7}

S

They could wait ’till you’re on the beach, then cut loose, or
start firing right away.
"you" can be neutral, formal, informal. Who does "you" refer to?%

s

You think if I get contacts I’ll suddenly turn into the
homecoming queen.
"you" can be neutral, formal, informal. Who does "you" refer to7}

S

For centuries, we have watched you, listened to your radio
signals and learned your speech and your culture.
"you" can be neutral, formal, informal. Who does "you" refer to7}

S

I never have. I’m not sure you’re supposed to.
"you" can be neutral, formal, informal. Who does "you" refer to?7j

s

if answer is None:

templated_input = templated_input % (’°, 22, 272, 22 27 22)
templated_input = f"{instructions}\n" + templated_input + f"
S: {en_text}\nQ:"

else:

templated_input templated_input % (
’\nU: "you" is \’formal\’ since "you" refers to a Captain
and the speaker will typically use a polite form.\nA: Esto

acelerara sus funciones metabolicas. Lo ayudara a hacer 1la
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transicion.’,

’\nU: "you" is \’informal\’ since the speaker has
familiarity with the listener and they both use "baby" and "buddy
" to address each other.\nA: Pobre bebe... aqui esta el tuyo!’,

’\nU: "you" is \’neutral\’ because it is a generic "you"
that refers to people in general and not someone specific.\nA:
Podian aguardar a que uno estuviera en la playa y atacar o
comenzar a disparar.’,

’\nU: "you" is \’informal\’ since the listener is the
speaker\’s "mom", it implies a familiarity with the listener "you
".\nA: Tu piensas que si uso lentes de contacto de repente me
convertire en la nueva reina del colegio.’,

’\nU: "you" is \’formal\’ since the speaker addresses people
not acquainted with or unfamiliar.\nA: Durante siglos, los hemos

observado, escuchado sus senales de radio. Hemos aprendido su
idioma y cultura.’,

’\nU: "you" is \’neutral\’ because it is a generic "you"
that refers to people in general that have been in this "line of
work".\nA: Yo no. No creo que uno deba acostumbrarse.’

)

templated_input = f"{instructions}\n" + templated_input + £"S: {
en_text}\nQ: {question}\nU: {answer}\nA: "

return templated_input

Pseudocode C.6 INTERCPT Spanish Formality Specialist Translator Prompt Template

The Spanish polysemy specialist Translator prompt template is the same for all test ambiguity
data and is provided in code block listing C.7. Please note that the instructions for the

translation step is different than the generalist or the formality specialist template.

def spanish_polysemy_translator_interactive(en_text, question=None,
answer=None) :
"""Translation model asks questions and uses answers to
translate"""
if answer == None:
# Ask questions
instructions = "[web] Given an English word ’S’ to translate
to Spanish, to clarify ambiguities and understand multiple
senses ask questions ’Q’:"

else:




# Translate given answer

instructions = "[web] Given answer ’U’

Translate word ’S’ into Spanish and provide

repeating synonyms in ’A’:"

templated_input =
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to question

Q7

unique and non-

abstract

Is "abstract" to consider theoretically, to extract something, or
a summary, or an adjective?ys

abstract

Is "abstract" to consider theoretically, to extract something, or
a summary, or an adjective?ys

about

Is "about" an adverb that means approximately, near or a

preposition that means regarding, over, surrounding?¥%s

bank

Is "bank" to tilt sideways, or a financial institution, the edge

of a river,

pool?Ys

rent

Is "rent"

someone for the use of something?is

if answer is None:

templated_input = templated_input %

templated_input = f"{instructions}\n"

(;) bS] P PR
b

a set or series of similar things or the cushion of a

a tenant’s regular payment for a property or to pay

);)

b b b

+ templated_input + f"
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S: {en_text}\nQ: "
else:
templated_input = templated_input % (
’\nU: "abstract" is an adjective that modifies "concept" in
the phrase "abstract concept".\nA: abstraccion, abstracto’,
’\nU: "abstract" means to extract something.\nA: abstraer’,
’\nU: "about" means approximately.\nA: aproximadamente,
cerca de, alrededor de, casi, mas o menos’,
’\nU: "bank" is a financial institution.\nA: banco’,
’\nU: "rent" is to pay someone for the use of something.\nA:
alquilar, arrendar, rentar’
)
templated_input = f"{instructions}\n" + templated_input + £"S: {
en_text}\nQ: {question}\nU: {answer}\nA: "

return templated_input

Pseudocode C.7 INTERCPT Spanish Polysemy Specialist Translator Prompt Template

The French formality specialist Translator prompt template is the same for all test ambiguity

data and is provided in code block listing C.8.

def french_formality_translator_interactive(en_text, question=None,
answer=None) :
"""Translation model asks questions and uses answers to
translate"""
if answer == None:
# Ask questions
instructions = "[web] Given sentence ’S’ to translate to
French, ask clarifying questions ’Q’ to clarify ambiguities or
multiple senses:"
else:
# Translate given answer
instructions = "[web] Given answer ‘U’ to question ’Q’,
provide the French translation ’A’ of sentence ’S’. Provide the

best answer:"

templated_input = """

This is for you, too.

"you" can be neutral, formal, informal. Who does "you" refer to7}
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To whom have you been talking?
"you" can be neutral, formal, informal. Who does "you" refer to?j

S

You know where it begins, you never know where it ends...
n

you" can be neutral, formal, informal. Who does "you" refer to7}

S

You can imagine the princess-sized tantrum that followed.
"you" can be neutral, formal, informal. Who does "you" refer to7}

S

City policemen questioned many of you this week.
"you" can be neutral, formal, informal. Who does "you" refer to7}

S

You think you can make it through that kind of stuff, you think
you can make it through anything.

you" can be neutral, formal, informal. Who does "you" refer to?%

S

if answer is None:

templated_input templated_input % (>, 7, 2>, 22 20 0

templated_input f"{instructions}\n" + templated_input + f"
S: {en_text}\nQ:"

else:

templated_input templated_input % (

’\nU: \nA: Ceci est pour vous.’,
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’\nU: \nA: A qui as-tu parle 7’7,

’\nU: \nA: On sait ou cela commence, mais on ne sait jamais
ou cela se termine...’,

’\nU: \nA: Tu peux imaginer la colere de princesse qui a
suivi.’,

’\nU: \nA: Les gendarmes sont venus interroger nombre d\’
entre vous.’,

’\nU: \nA: On pense que quand on arrive a traverser ce genre
de chose, on peut traverser n\’importe quoi.’

)

templated_input = f"{instructions}\n" + templated_input + £"S: {

en_text}\nQ: {question}\nU: {answer}\nA: "

return templated_input

Pseudocode C.8 INTERCPT French Formality Specialist Translator Prompt Template

The French polysemy specialist Translator prompt template is the same for all test ambiguity
data and is provided in code block listing C.9. Please note that the instructions for the

translation step is different than the generalist or the formality specialist template.

def french_polysemy_translator_interactive(en_text, question=None,
answer=None) :
"""Translation model asks questions and uses answers to
translate"""
if answer == None:
# Ask questions
instructions = "[web] Given an English word ’S’ to translate
to French, to clarify ambiguities and understand multiple senses
ask questions ’Q’:"
else:
# Translate given answer
instructions = "[web] Given answer ‘U’ to question ’Q’7,
Translate word ’S’ into French and provide unique and non-

repeating synonyms in ’A’:"
templated_input = """
abstract

Is "abstract" to consider theoretically, to extract something, or

a summary, or an adjective?ys
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Is "abstract" to consider theoretically, to extract something, or

a summary

about

Is "about"

, or an adjective?%s

an adverb that means approximately, near or a

preposition that means regarding, over, surrounding?is

bank
Is "bank"
of a river

pool?Ys

rent

Is "rent"

to tilt sideways, or a financial institution, the edge

, a set or series of similar things or the cushion of a

a tenant’s regular payment for a property or to pay

someone for the use of something?is

if answer
templ
templ

is None:

ated_input templated_dinput % (7, 27, 272, 27, 27)

ated_input = f"{instructions}\n" + templated_input + f"

S: {en_text}\nQ: "

else:
templ
’\nU:
the phrase
’\nU:
extraire’,
>’\nU:
quelque, a
>’\nU:

ated_input = templated_input % (
"abstract" is an adjective that modifies "concept" in
"abstract concept".\nA: abstraction, abstrait’,

"abstract" means to extract something.\nA: abstraire,

"about" means approximately.\nA: environ, presque,
peu pres, approximativement’,

"bank" is a financial institution.\nA: banque’,
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’\nU: "rent" is to pay someone for the use of something.\nA:
louer’
)
templated_input = f"{instructions}\n" + templated_input + £"S: {
en_text}\nQ: {question}\nU: {answer}\nA: "

return templated_input

Pseudocode C.9 INTERCPT French Polysemy Specialist Translator Prompt Template

C.1.11 PaLM-with-Context Generalist Prompt Templates for each target lan-

guage

The 8-shot PaLM-with Context Spanish generalist prompt template is the same for all test
ambiguity data and is provided in code block listing C.10.

def spanish_baseline_generalist_translator_context(en_text, ctx):

"""Translation model uses context to translate."""

templated_input = f£"""[web] Given context ’C’, Translate ’T’

from English to Spanish:

C: About 2% of the households are enumerated using the canvasser
method.
about

aproximadamente, cerca de, alrededor de, casi, mas o menos

C: Many single women cannot live independently because they cannot (
afford to) own or rent housing
rent

alquilar, arrendar, rentar

C: For the international community is not an abstract concept, it
consists of us ourselves.
abstract

abstraccion, abstracto
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Daria, I just think that your field of vision could really be
enhanced... - Come on, Mom. - It’s not my field of vision you
want to enhance. - What do you mean?

You think if I get contacts I’11 suddenly turn into the
homecoming queen.

Tu piensas que si uso lentes de contacto de repente me convertire

en la nueva reina del colegio.

At the very least, get them to hold their fire. - Captain, the
transporters are off-line. - The docking port hasn’t been hit yet
This will accelerate your metabolic functions-- help you make the
transition.

Esto acelerara sus funciones metabolicas. Lo ayudara a hacer 1la

transicion

Some of the guys got a little sick. - They were scared; I was
scared. - I don’t think we had any reason to be otherwise.
They could wait ’till you’re on the beach, then cut loose, or
start firing right away.

Podian aguardar a que uno estuviera en la playa y atacar o

comenzar a disparar.

Even when it is pouring outside, this umbrella is both practical
and elegant.
It is also very pretty.

Es muy bonita tambien.

-Frog is wrong. - I see here that you play the harp. - Tell me,
why do they have to tilt it?
can’t they just build it on an angle?

no pueden hacerla en angulo?




‘C: {ctx}
‘T: {en_text}

|
|
e

return templated_input

Pseudocode C.10 PaLM-with-Context Spanish Generalist Prompt Template

The 8-shot PaLM-with Context French generalist prompt template is the same for all test

ambiguity data and is provided in code block listing C.11.

def french_baseline_generalist_translator_context(en_text, ctx):

=

"""Translation model uses context to translate."""

templated_input = f£"""[web] Given context ’C’, Translate ’T’

from English to French:

About 2% of the households are enumerated using the canvasser
method.
about

environ, presque, quelque, a peu pres, approximativement

Many single women cannot live independently because they cannot (
afford to) own or rent housing
rent

louer

For the international community is not an abstract concept, it
consists of us ourselves.
abstract

abstraction, abstrait

I believe! - -Who else knows? - -I don’t know. - Jerry, names! -
I don’t want to dance!
To whom have you been talking?

A qui as-tu parle 7




C: I’'m Freya. - Welcome to Denmark,
people 1like this? -
contact. - These are for you.
This is for you, too.

Ceci est pour vous.

C: It’s like the city’s changed her.

Been together ever since college.

know,
You know where it begins,
On sait ou cela commence,

termine. ..

C: Even when it is pouring outside,
and elegant.
it is also very pretty.

il est aussi tres beau.

C: Okay,

end .

you don’t smash the cherry

Try to keep it in the top of the

Essaie de la garder dans le haut

C: {ctx}
T: {en_text}
A . nmnn

return templated_input

I’'m Freya Carlson,

Street maps,

us coming out to her family,

179

Mr. Helm. - You always greet
your Tourist Bureau

places of interest.

- Well, transitions are hard. -

- Been through a lot. - You

and her brother dying.

you never know where it ends...

mais on ne sait jamais ou cela se

this umbrella is both practical

on that. Just plop it in at the

glass.

du verre.

Pseudocode C.11 PaLM-with-Context French Generalist Prompt Template

C.1.12 PaLM-with-Context Specialist Prompt Templates for each target lan-

guage

The PaLM-with Context Spanish Formality specialist prompt template is the same for all

test ambiguity data and is provided in code block listing C.12.
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def spanish_baseline_formality_translator_context(en_text, ctx):

"""Translation model uses context to translate."""

templated_input = f£"""[web] Given context ’C’, Translate ’T’

from English to Spanish:

At the very least, get them to hold their fire. - Captain, the
transporters are off-line. - The docking port hasn’t been hit yet
This will accelerate your metabolic functions-- help you make the

transition.
Esto acelerara sus funciones metabolicas. Lo ayudara a hacer la

transicion.

Who? - Me! - I think I’ve got a cold. - "Hey buddy, give me a
Magic Hug will you!" - Magic Hug! - And me? - Shut up Swami
Poor baby... here’s yours!

Pobre bebe... aqui esta el tuyo!

Some of the guys got a little sick. - They were scared; I was
scared. - I don’t think we had any reason to be otherwise.

They could wait ’till you’re on the beach, then cut loose, or
start firing right away.
Podian aguardar a que uno estuviera en la playa y atacar o

comenzar a disparar.

Daria, I just think that your field of vision could really be
enhanced... - Come on, Mom. - It’s not my field of vision you
want to enhance. - What do you mean?

You think if I get contacts I’1ll suddenly turn into the
homecoming queen.

Tu piensas que si uso lentes de contacto de repente me convertire

en la nueva reina del colegio.

Men of earth, we of the planet Mars give you this warning. - We
have known your planet earth since the first creature crawled out
of the primeval slime of your seas to become man.

For centuries, we have watched you, listened to your radio
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signals and learned your speech and your culture.
A: Durante siglos, los hemos observado, escuchado sus senales de

radio. Hemos aprendido su idioma y cultura.

C: Pull over here. This is the spot. - I guess you run into a lot of
dead bodies in your line of work. - You get used to it.
I never have. I’m not sure you’re supposed to.

Yo no. No creo que uno deba acostumbrarse.

C: {ctx}
T: {en_text}
A . nmmnn

return templated_input

Pseudocode C.12 PaLM-with-Context Spanish Formality Specialist Prompt Template

The PaLM-with Context Spanish Polysemy specialist prompt template is the same for all
test ambiguity data and is provided in code block listing C.13.

def spanish_baseline_polysemy_translator_context(en_text, ctx):

"""Translation model uses context to translate."""

templated_input = f£"""[web] Given context ’C’, Translate ’T’

from English to Spanish:

C: Many single women cannot live independently because they cannot (
afford to) own or rent housing
rent

alquilar, arrendar, rentar

We need to abstract the data from various studies.
abstract

abstraer

C: About 2% of the households are enumerated using the canvasser
method.
T: about
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A: aproximadamente, cerca de, alrededor de, casi, mas o menos

The bat flew over the forest and back to its cave.
bat

murcielago

C: For the international community is not an abstract concept, it
consists of us ourselves.
abstract

abstraccion, abstracto

C: {ctx}
T: {en_text}
A : mnnn

return templated_input

Pseudocode C.13 PaLM-with-Context Spanish Polysemy Specialist Prompt Template

The PaLM-with Context French Formality specialist prompt template is the same for all test
ambiguity data and is provided in code block listing C.14.

def french_baseline_formality_translator_context(en_text, ctx):

"""Translation model uses context to translate."""

templated_input = f£"""[web] Given context ’C’, Translate ’T’

from English to French:

C: I’'m Freya. - Welcome to Denmark, Mr. Helm. - You always greet
people like this? - I’m Freya Carlson, your Tourist Bureau
contact. - These are for you. Street maps, places of interest.

This is for you, too.

Ceci est pour vous.

C: I believe! - -Who else knows? - -I don’t know. - Jerry, names! -
I don’t want to dance!

To whom have you been talking?

=

A qui as-tu parle 7
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C: It’s like the city’s changed her. - Well, transitions are hard. -
Been together ever since college. - Been through a lot. - You
know, us coming out to her family, and her brother dying.
You know where it begins, you never know where it ends...
On sait ou cela commence, mais on ne sait jamais ou cela se

termine. ..

C: You know, if you’re gonna go for a spin, I suggest you get your
helmet. - This is the bike that I learned to ride on. - I just
didn’t know my mom kept it. - It used to have these training
wheels on the back with lights that would flash every time you
pedaled. - Then one day, my mom took them off and said it was
time to be a big girl.

You can imagine the princess-sized tantrum that followed.

Tu peux imaginer la colere de princesse qui a suivi.

C: He was in a state of shock, unable to walk. - Lying on his belly,
he was carried home on a makeshift stretcher. - Next Sunday,
after the service, the Baron asked the pastor to let him speak.

City policemen questioned many of you this week.

Les gendarmes sont venus interroger nombre d\’entre vous.

C: I tried to explain... He might have gotten hurt! - I was actually
doing him a favour. - Someone once told me we always are where
we’re supposed to be. - Now I believe it. - Life is a jourmey.

T: You think you can make it through that kind of stuff, you think
you can make it through anything.
A: On pense que quand on arrive a traverser ce genre de chose, on

peut traverser n\’importe quoi.

{ctx}
{en_text}

s nnn

>

return templated_input

Pseudocode C.14 PaLM-with-Context French Formality Specialist Prompt Template

The PaLM-with Context French Polysemy specialist prompt template is the same for all test
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ambiguity data and is provided in code block listing C.15.

def french_baseline_polysemy_translator_context(en_text, ctx):

"""Translation model uses context to translate."""

templated_input = f£"""[web] Given context ’C’, Translate ’T’

from English to French:

C: Consequently a strategy has been defined that allows departments
to approach its implementation in a step-wise manner.
approach

s’approcher, aborder, contacter, s’adresser

We need to abstract the data from various studies.
abstract

abstraire, extraire

C: About 2% of the households are enumerated using the canvasser
method.
about

environ, presque, quelque, a peu pres, approximativement

The bat flew over the forest and back to its cave.
bat

chauve -souris

C: For the international community is not an abstract concept, it
consists of us ourselves.
abstract

abstraction, abstrait

{ctx}
{en_text}
A:llllll

return templated_input

Pseudocode C.15 PaLM-with-Context French Polysemy Specialist Prompt Template
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C.1.13 More details on gender and formality classifier

The classifiers fall into 2 categories: (1) heuristic based classification, that use the same
language rules from section C.1.6; (2) neural network based classification, using a PaLLM 62B
model with 8-shot in-demonstration exemplars. We provide below the exemplars that were
used to classify gender of French in code block listing C.16 and Spanish sentences in code
block listing C.17. Note that we added exemplars until we had a satisfactory score on our

ground truth translated sentence (see Table C.3).

def french_gender_it_classifier_template(en_text, fr_text):
"""Classify a French sentence as feminine or masculine. 7-shot

examples"""

templated_input =
f"""[web] Given French sentence ’F’, provide the gender of "it" in
English sentence ’T’ and explain in ’E’. Gender in ’A’ must be °’

feminine’, ’masculine’ or ’neutral’:

T: 1ily and marshall decided to sell it for one simple reason.
F: 1lyly et marshall 1\’avaient mise en vente pour une seule raison.
A: feminine

E: It is ’feminine’ since "mise" refers to a feminine object.
T: - maybe you need to shake it up.

F: - peut-etre qu’il faut le secouer.

A: masculine

E: It is ’masculine’ since "le" refers to a masculine object.
T: i want you to get it for me.

F: Je veux que tu me la rapportes.

A: feminine

E: It is ’feminine’ since "la" refers to a feminine object.

put it back.

repose-le.
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masculine

It is ’masculine’ since "le" refers to a masculine object.

T: I’'m afraid i won’t be able to get it for you.

F: Je crains de ne pas pouvoir te 1’obtenir.

A: neutral

E: It is ’neutral’ since we cannot determine gender with "1\’" only.

T: that view is even more beautiful when you have someone to share
it with.
elle est encore plus belle si on n’est pas seul.
feminine
It is ’feminine’ since "it" refers to "view" in English and "vue"

in French which is feminine.

where’s it going?
ou va-t-il 7

masculine

m o= T A

It is ’masculine’ since "it" refers to "il" in French which is

masculine.

{en_text}
{fr_text}

return templated_input

Pseudocode C.16 PaLM prompt template for gender classification of French sentences

def spanish_gender_it_classifier_template(en_text, es_text):
"""Classify a Spanish sentence as feminine or masculine. 8-shot
examples"""

templated_input =

f"""[web] Given Spanish sentence ’F’, provide the gender in ’A’ and
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explain in ’E’. Gender ’A’ must be either ’feminine’ or ’

masculine’:

nos habriamos pasado el dia mirandola.
feminine
It is ’feminine’ since "la" and verb "mirandola" refer to a

feminine object.

- los peruanos no podian pronunciarlo.
masculine
It is ’masculine’ since "lo" in verb "pronunciarlo" refers to a

masculine object.

Quiero decir, me encantaria volver a verlo.
masculine
It is ’masculine’ since "lo" in verb "verlo" refers to a

masculine object.

debemos ponerla de vuelta?
feminine
It is ’feminine’ since "la" in verb "ponerla" refers to a

feminine object.

-tiene que bebersela o tirarla.
feminine
It is ’feminine’ since "la" in verbs "bebersela" and "tirarla"

refer to a feminine object.

Guardalo para el proximo barco.
masculine
It is ’masculine’ since "lo" in verb "Guardalo" refers to a

masculine object.
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\"escuchandola me dan ganas de vivir.\"
feminine
It is ’feminine’ since "la" in verb "escuchandola" refers to a

feminine object.

lcambialo al menos!
masculine
It is ’masculine’ since "lo" in verb "cambialo" refers to a

masculine object.

{es_text.lower ()}

nnn

return templated_input

Pseudocode C.17 PaLM prompt template for gender classification of Spanish sentences

We have added the classification heuristics and other classification templates to our public

data and code repository.

Table C.3 PaLM 62B gender clas-
sification results on a 100 gener-
ated translation samples.

Spanish ‘ French

or% | 93%




189

APPENDIX D BLOCK STATE TRANSFORMERS

D.1 Appendix: Block State Transformers

D.1.1 Limitations

While BST’s SSM layer allows the model to unroll and parallelize the recurrence that models
long-term context between blocks of tokens, the SSM variants are reliant on efficient FFT
operations. We have found that the FF'T operation is an important speed bottleneck on TPUs
that needs to be resolved to better scale BST to many layers and larger models. While we are
still investigating the reasons, we found that JAX FFT was 4x faster on GPUs. Further, new
SSM variants such as S5 [229] bypass FFT operations using a binary associative operator®.
Our implementation is modular enough that we can simply plug in S5 or use other FFT

implementations.

One of our assumptions is that BST’s SSM layer is able to capture the right long-term
dependencies for each block. The SSM recurrence at step 7' = t provides a summarized
representation of previous steps for T'= 0 to T' = t. However, a single vector representation
may not be powerful enough to support all important long-term dependencies. Despite the
perplexity improvements on long-range language modeling tasks, this assumption needs to
be tested on other long-range classification tasks such as Long Range Arena [215] as well.
It is possible that our model can perform better if we feed to the attention layer £k = W
SSM representations that are chosen by a top-k retrieval operation, similar to the one in

Memorizing Transformer [223].

D.1.2 More detailed comparisons with existing baselines

This section provides the reader with a more in-depth comparison with similar architectures.
We cover BRECT [12] in Section D.1.2 and GSS-HYBRID [13] in Section D.1.2.

Comparison with Block Recurrent Transformer (BRecT)

The Block Transformer sublayer (i.e SLIDE:12L) processes keys and values from the previous

window stored in a differentiable cache. This is implemented similarly to the sliding window

attention pattern suggested in [12] and was originally introduced by Transformer-XL [208].

Using a causal mask, at every token inference step, the attention mechanism is applied to

In JAX, this is equivalent to using jax.lax.associative_ scan.
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blocks of tokens of size W and is partially extended to the cached keys and values from the

previous block with the sliding window. BRECT, as explained in [12], uses a non-differentiable

cache that is carried from one sequence of size L to the next?. The last recurrent states of
a sequence are stored in a non-differentiable cache and fed to the next training step on the
following sequence in the document as a warm-start. We do not pass such a representation,
since to compute the output of the convolution, we need access to the whole sequence. We
believe that this is one advantage that BRECT has over our method, especially for very long
examples that split into ordered sequences of length L, since the cache carried from one
sequence to the next can provide very useful long-range information and (weak) access to
the whole past. Since we need the whole sequence to compute SSM states, history beyond
L may be lost in the process. We believe that BST can further be improved by adding

non-differentiable sequence cache for very long documents.

While in other architectures, the history between blocks of tokens is not modeled, both
BST and BRECT use a mechanism to model previous block context. The authors of BRECT
experiment with various sequential gating mechanisms to condense the information from past
blocks. With BST, we use SSM to provide context from previous blocks to the current block

as explained in Section 5.3.2.

Comparison with the Transformer GSS-Hybrid

GSS-HyBrID [13] is a SSM-Transformer hybrid architecture that we first describe in Sec-
tion 5.4.1. The architecture is significantly different from BST. GSS-HYBRID is primarily
composed of Gated State Space (GSS) layers and has a few interleaved Transformer layers
at every 4th layer starting with the 2nd layer. BST on the other hand is mainly composed
of Block Transformer layers and has Block-State Transformer layers at positions {1, 7, 9} for
the ~200M model and {1, 5, 7, 9} for the ~400M model. Our hybrid does not stack SSM
and Transformer layers like the GSS-HYBRID but rather replaces the recurrence in BRECT
with an SSM such as S4. In BST, the SSM generates states for each Block Transformer
representations and we then use cross-attention to mix the states and the self-attention out-
puts. The authors in [13] initially built GSS, a gated version of DSS [231], to (1) reduce SSM
parameter dimensions, (2) stabilize training of the SSM and (3) allow better length gener-
alization. However, when experimenting with SSMs such as S4 or DSS, we found that the
gating was not necessary to achieve all three objectives stated above. We decided that using
GSS’s Gated Attention Unit [227] was therefore not needed when integrating SSM states into

2In our work and in [12], a document is split into multiple sequences of size L and each sequence is split
into multiple blocks of size W
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the attention mechanism. We also reiterate that the authors in [13] used hyperparameter

search to get the best performance while we did not.

D.1.3 JAX Implementation of BST

Pseudocode D.1 contains a function that implements convolution of multiple filters over the
same input sequence using FFT and inverse FF'T operations. Pseudocodes D.2, D.3 and D.4
respectively implement context state collection of BST variants: Single-Head (SH), Multi-Head
(MH) and Multi-Filter (MF). Finally, Pseudocode D.5 runs the Block Transformer sublayer in
parallel by feeding the context states to their corresponding block.

"""Unstructured filters and convolutions."""

import jax
from jax import numpy as jnp

from einops import rearrange

512 # (w)
4096 # (1)

win_length

seq_length

def get_filters_unstruct(channels):

"""Returns trainable filters and biases.

Args:

channels: number of filters.

Returns:
h: filter of shape (seq_length, channels, dim)
b: bias of shape (channels, dim)
t
h jnp.exp(- alpha * t) * dense(positional_emb(t))
b = get_bias()

jnp.linspace(0.0, 1.0, seq_length)

return h, b

def multichannel_convolution(u, h, b):

"""Multichannel convolution function.

Args:




u: input of shape (seq_length, dim)
h: filters of shape (seq_length, channels,
b: bias of shape (channels, dim)

h = rearrange(h, "1 ¢ d -> ¢ d 1")

fft_size = seq_length * 2
u_f = jnp.fft.rfft(x, n=fft_size)
h_f = jnp.fft.rfft(h, n=fft_size)

<
I

., :seq_length] # (c, 4, 1)
y =y + x *x b[..., None] # (c, d, 1)
y = rearrange(y, "c d 1 -> 1 d c")

return y

dim)

jnp.fft.irfft(h_f *x x_f, n=fft_size, norm="forward")[
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Pseudocode D.1 Unstructured filters and convolutions.

"""Context state collection for BST-SH variant."""

num_heads = 8 # (h)
num_states = 32 # (s)

# (SH): Single-Head
def SH_context_states(u):
"""Single-Head Context Collection."""

h, b = get_filters_[unstruct/s4](channels=1)

y_1 = multichannel_convolution(u, h, b) # y_1:

# 1lift to multiple heads
y_h = dense(y_1) # y_h: (1, d, h)

context_states = jnp.split(
y_h, seq_length // win_length, axis=0)

return context states # (1/w, w, d, h)

(1,

d,

1)

Pseudocode D.2 Context state collection for BST-SH variants.

"""Context state collection for BST-MH variant."""




# (MH): Multi-Head
def MH_context states (u):
"""Multi-Head Context Collection."""

h, b = get_filters_[unstruct/s4](channels=num_heads)
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y_h = multichannel _convolution(u, h, b) # y_h: (1, d, h)
context_states = jnp.split(
y_h, seq_length // win_length, axis=0)
return context_states # (1/w, w, d, h)
Pseudocode D.3 Context state collection for BST-MH variants.
"""Context state collection for BST-MF variant."""
# (MF): Multi-Filter
def MF_context_states (u):
"""Multi-Filter Context Collection."""
h, b = get_filters_[unstruct/s4](channels=num_states)
y_s = multichannel_convolution(u, h, b) # y_s: (1, d, s)
context_states = jnp.split(
y_s, seq_length // win_length, axis=0)
# context _states: (1/w, w, d, s)
# collect the last context states
context_states = context_states[:, -1, ...]1 # (1/w, d, s)
context_states = rearrange (

context_states, "lw d s -> 1lw s d")

# shift context states corresponding to windows

context_states = jnp.roll(context_states, 1, axis=1)
# replace the initial window with trainable weights
init_context = get_init_context(num_states) # (d, s)

context_states[0] = init_context

# 1lift to multiple heads

context_states = dense(context_states)

return context _states # (1/w, s, d, h)
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Pseudocode D.4 Context state collection for BST-MF variants.

"""Block-State Transformer Layer."""

# Block Transformers are non-recurrent and parallelizable.

block_transformer = jax.vmap(BRecT.nonrecurrent_cell)

def BST(u):
"""Block-State Transformer Layer."""

global MF # True if Multi-Filter, False otherwise (SH/MH)

# split dinputs into windows (1/w, w, d)
u = jnp.split(u, seq_length // win_length, axis=0)

# collect context states from SSM outputs
context states = [SH/MH/MF] context_states (u)

# pass the contexts in place of recurrent states
y = block_transformer (
token_embeddings=u,
recurrent _state=context_states,
use_cross_attn_causal_mask=not MF,

use_cross_positional_emb=MF, # context IDs

return rearrange(y, "lw w d -> (lw w) d") # (1, d)

Pseudocode D.5 Block-State Transformer Layer.
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