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Abstract

The rise of deep learning techniques and especially the advent of large language models (LLMs) intensified the discussions
around possibilities that artificial intelligence with higher generalization capability entails. The range of opinions on the
capabilities of LLMs is extremely broad: from equating language models with stochastic parrots to stating that they are
already conscious. This paper represents an attempt to review LLM landscape in the context of their generalization
capacity as an information theoretic property of those complex systems. We discuss the suggested theoretical explanations
for generalization in LL.Ms and highlight possible mechanisms responsible for these generalization properties. Through an
examination of existing literature and theoretical frameworks, we endeavor to provide insights into the mechanisms driving
the generalization capacity of LLMs, thus contributing to a deeper understanding of their capabilities and limitations in

natural language processing tasks.

Keywords Large language models - Generalization - Semantic information

1 Introduction

Machine learning systems are experiencing a rapid surge in
power and capability. These systems, driven by data-cen-
tric methodologies, exhibit the capacity to model increas-
ingly intricate domains, whether it is an image classifier [1]
or a language model [2], showcasing performance levels
that surpass human abilities on designated benchmarks.
Such advancements owe their existence to extensive scal-
ing, encompassing both the augmentation of the model’s
parameters and the amplification of training data volumes.

However, the growth in data availability faces a critical
bottleneck, particularly concerning unlabeled data, which
is forecasted to become scarce by the end of this decade
[3]. This scarcity poses a formidable challenge, particularly
for tasks necessitating human supervision or those that are
seldom encountered in web data sources. Mere aggregation
of diverse datasets no longer suffices to propel machine
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learning systems to greater heights; rather, it necessitates
the development of methodologies capable of efficient
generalization. Furthermore, as researchers endeavor to
scale Al to superhuman capacities safely, it becomes
imperative to comprehend the precise mechanisms through
which these systems generalize. This understanding is
essential to mitigate the emergence of unforeseen capa-
bilities or undesirable outcomes [4]. Hence, advancing
beyond the era of brute-force data accumulation, the focus
shifts toward refining the algorithms’ ability to generalize
across varied domains while ensuring their safety and
reliability in real-world applications.

In this work we undertake a comprehensive examination
of the phenomenon of generalization and explore strategies
for its control. Our primary focus centers on natural lan-
guage processing (NLP), with particular emphasis on large
language models (LLMs). LLMs currently stand as the
apex of universal machine learning systems, rendering
them a fitting subject for analysis. Nonetheless, many of
the concepts and methodologies discussed herein hold
relevance across the broader spectrum of machine learning.

To provide a lucid exposition of the subject matter, we
organize our discussion around the various stages of the
machine learning pipeline. By structuring our analysis in
this manner, we aim to offer a systematic understanding of
the factors influencing generalization. At the conclusion of
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each section, we list key insights from the literature under
examination.

Our work encompasses a wide array of questions per-
tinent to the study of generalization:

e Data

— What qualities of data are important for pre-
training?

— Which datasets lead to better out-of-distribution
generalization?

— How the data can be used to control the inductive
bias of the model?

e Model architecture

— What properties of a trained model are correlated
with better generalization?

— How can model architecture
properties?

— How can model architecture be used to control the
inductive bias?

explain these

e Training process

— Which optimizers lead to better generalization and
how are they related to each other?

— Can one combine or mitigate inductive biases of
different models by changing the training process?

e Inference

— What kinds of learning and generalization can
happen at inference time?

— How can one amplify model’s capabilities by
augmenting it with tools, memory and prompting
schemes?

2 Methodology

We have formed this review based on the different
hypotheses about what influences generalization, especially
in the NLP tasks. Our review is organized around the
various stages of the machine learning pipeline that influ-
ences generalization results: data, model architecture,
training process and inference. We tried to make the most
detailed review within of each stages.

3 Data

Machine learning algorithms are fundamentally designed
to acquire knowledge from data but the precise nature of
this learning process often remains not clear. In our work,
we explore various methodologies employed to shape the
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learning process and the resultant impact on the acquired
knowledge.
We delve into a multitude of approaches, including:

e Data Selection: High-quality datasets for a model with
relevant and informative examples, thus steering its
learning trajectory toward desired outcomes.

e Demonstrations and Instruction Following: Leveraging
demonstrations and explicit instructions to guide the
learning process, facilitating the acquisition of specific
problem-solving behaviors or task-oriented strategies.

e Data Generation from Models or Algorithms: Using
data generation techniques wherein data are synthesized
from existing models or algorithms, thereby expanding
the diversity and richness of the training dataset.

e Using Data from Different Tasks or Modalities: Data
sourced from disparate tasks or modalities can foster a
more comprehensive understanding of underlying pat-
terns and relationships, leading to enhanced model
generalization.

e Integration of Random Data: Introducing elements of
randomness into the training dataset, thereby encour-
aging adaptability and resilience in the model’s learning
process.

By scrutinizing these diverse methodologies, we aim to
elucidate the multifaceted ways in which the information
used for training can shape the final model.

3.1 Irrelevant data

Pre-training language models entail transferring linguistic
knowledge collected from a data-rich task to a downstream
task [5]. This process serves as a foundational step in the
development of robust and high-performing models.
However, the ramifications of pre-training extend far
beyond this initial transfer of knowledge, encompassing a
myriad of nuanced effects that warrant closer examination.

Papadimitriou and Jurafsky [6] demonstrate an intrigu-
ing finding regarding pre-training long short-term memory
(LSTM) networks [7] on structured, non-linguistic data
such as MIDI music, Java code, or nested parentheses.
Remarkably, this pre-training approach leads to a reduction
in perplexity when the LSTM model is tested on Spanish
text. This observation underscores the versatility of pre-
training methodologies and highlights the potential for
leveraging diverse datasets to enhance model performance
across linguistic domains.

Moreover, the efficacy of pre-training extends beyond
language-specific tasks. Lu et al. [8] showcase this phe-
nomenon by achieving performance levels comparable to
training from scratch across various modalities. Their
approach involves fine-tuning only the input and output
embeddings of a pre-trained Generative Pre-trained
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Transformer 2 (GPT-2) model [9]. This finding not only
underscores the transferability of pre-trained models but
also underscores the importance of efficient fine-tuning
strategies in optimizing model performance across diverse
domains.

Sinha et al. [10] conducted a notable investigation
wherein they explored the impact of removing all infor-
mation pertaining to word order during the pre-training
phase of a model. Their findings indicate that despite the
absence of word order information during pre-training, the
final performance of the model is minimally affected,
provided that a fine-tuning phase has the correct word
order.

Krishna et al. [11] conducted a study in which they
sampled the training data from a completely artificial lan-
guage, comprising random n-grams. Their investigation
aimed to explore the impact of pre-training objectives that
necessitate processing such information, such as tasks
involving copying sentences in the correct order. Despite
the synthetic nature of the training data, authors observed
that pre-training objectives requiring the processing of this
artificial language still led to performance improvements in
the model on summarization tasks when compared to a
randomly initialized version.

Maennel et al. [12] conducted a study wherein they
trained neural networks with entirely random labels,
revealing an unexpected phenomenon: in certain cases, this
training approach still facilitated improved performance
during subsequent fine-tuning stages. Investigating the
underlying mechanisms of this intriguing effect, they dis-
covered that the first layer of the network exhibited
remarkable adaptability to the data. Specifically, authors
found that the weights connecting the inputs to randomly
selected neurons in the first hidden layer behaved as ran-
dom variables during pre-training. Remarkably, they
observed that, over the course of pre-training, the eigen-
vectors of the covariance matrix associated with these
weights aligned with those of the covariance matrix
derived from the data itself. This alignment indicated that
the first layer of the network was effectively adapting to
capture statistical properties of the input data, despite the
random nature of the labels. Building upon this discovery,
Chowers and Weiss [13] further elucidated the behavior of
the first layer in neural networks. Their study revealed that,
during pre-training, the first layer progressively converged
toward a whitening transformation for the training dataset.
This transformation involves decorrelating and normalizing
the input features, effectively enhancing the network’s
ability to extract meaningful patterns from the data.

Research suggests that pre-training guides optimization
toward a flatter basin within the loss landscape, a phe-
nomenon with significant implications for model perfor-
mance and adaptability. Mehta et al. [14] demonstrated this

finding through empirical analysis and proposed it as a key
factor contributing to the reduced susceptibility of pre-
trained models to catastrophic forgetting during fine-
tuning.

Furthermore, Neyshabur et al. [15] observed a similar
phenomenon and provided additional insights into its
implications. They demonstrated that models fine-tuned
from the same pre-trained checkpoint tend to remain within
the same basin of the loss landscape.

3.2 Internal representations

Beyond their proficiency in language processing, contem-
porary language models have demonstrated a remarkable
capacity to learn and encode higher-level information
spanning diverse domains. Gurnee and Tegmark [16]
recently showed the emergence of detailed world models
within pre-trained language models. These world models
are presented in terms of both time and space, allowing for
the extraction of nuanced information regarding the timing
and location of events. Remarkably, through linear pro-
jection from activations in layer 50 corresponding to
specific tokens, it becomes feasible to discern the temporal
and spatial contexts associated with various events encoded
within the model. Moreover, Li et al. [17] conducted a
study wherein they trained a language model to predict
moves in a simple board game, Othello. They discovered
that the model inherently represented the state of the
Othello board internally. This finding underscores the
model’s capacity to capture complex relational structures
and dynamic states within diverse problem domains, tran-
scending its original training objectives in natural language
processing. Furthermore, Jin and Rinard [18] provide
compelling evidence that language models trained on code
exhibit sophisticated representations of program states.
Their study reveals a strong correlation between the quality
of these representations and the model’s proficiency in
generating correct programs.

Another discovery in the field of language models is
their innate tendency to learn linear representations, even
in the absence of explicit direction to do so. This phe-
nomenon mirrors the insights offered by Word2vec [19],
which demonstrated that simple vector arithmetic applied
to word embeddings yields semantically meaningful
results. Building upon this foundational work, recent
studies have further illuminated the linear nature of rep-
resentations within advanced language models. For
instance, Turner et al. [20] revealed that the vector arith-
metic manipulation also gives insightful results when
applied to activations within the GPT-2 model. Moreover,
Nanda [21] delved into game-based language models,
demonstrating that Othello-GPT exhibits a linear world
model. Further corroborating these findings, Jin and Rinard
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[18] provided compelling evidence that representations
within language models trained on code also exhibit
linearity.

3.3 High-quality data

State-of-the-art language models represent a pinnacle of
natural language understanding, fueled by training on vast
corpora of textual data. However, the sheer scale of data
required for training these models comes with significant
costs and challenges. As the volume of available data
approaches its finite limits, the feasibility and scalability of
training such models become increasingly constrained,
potentially posing a bottleneck to further advancements in
NLP research and development.

In the context of applications, a critical inquiry revolves
around determining the optimal composition and volume of
data necessary for endowing language models with specific
capabilities. For instance, understanding the minimum data
requirements for achieving competencies such as coherent
English generation or zero-shot reasoning is pivotal for
streamlining model training and deployment pipelines.
This entails delving into questions regarding the diversity,
quality, and relevance of training data, as well as exploring
strategies for dataset curation and augmentation.

Eldan and Li [22] conducted a study that underscores the
potential of training language models on stories with highly
restricted vocabularies. Their findings demonstrate that
even with stringent constraints on vocabulary size, it is
feasible to develop language models with less than 10
million parameters, capable of generating coherent and
grammatically correct stories. This research clarifies on the
adaptability of language models to operate effectively
within constrained linguistic environments.

Building upon prior research, Gunasekar et al. [23] have
extended the exploration into dataset selection strategies,
particularly within the programming domain. Their study
reveals that through data with maximal educational value,
it is feasible to achieve substantial reductions in the size of
language models for code-related tasks. Similarly, Li et al.
[24] have investigated the impact of dataset selection
strategies on models designed for commonsense reasoning.
Recently, Surkov and Yamshchikov [25] introduced
“Vygotsky distance”, a tool for benchmark similarity
assessment that could potentially structure further choices
of training data and benchmarks to maximize generaliza-
tion potential of the models.

3.4 Learning inductive bias from data
Inductive biases play a crucial role in shaping the learning

behavior and generalization capabilities of machine learn-
ing models. These biases can be effectively instilled into
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models through pre-training on datasets that exemplify
specific properties or tasks. Several recent studies have
showcased the effectiveness of leveraging pre-training
models with inductive biases across various domains. For
instance, McCoy et al. [26] adopted a model-agnostic
meta-learning approach [27] to identify and incorporate
inductive biases essential for rapid language acquisition.
Similarly, Wu et al. [28] devised synthetic datasets that
necessitate deductive, inductive, and abductive reasoning
skills, reflecting fundamental principles of mathematical
reasoning. Meanwhile, Lindemann et al. [29] explored the
utility of pre-training models to simulate finite state
transducers (FSTs) based on their descriptions. By pre-
training models on tasks involving FST emulation, they
injected specific inductive biases into the models, enabling
them to better generalize to NLP tasks characterized by
similar structural properties.

Mukherjee et al. [30] have introduced an approach to
knowledge distillation adapted specifically for language
models. In this methodology, a smaller model is trained on
the detailed explanations generated by a larger, more
complex model. By leveraging these rich training data
derived from the explanations of the larger model, the
smaller model is equipped to achieve enhanced perfor-
mance, leading to improved generalization across various
tasks. This transfer of knowledge can be compared with
transferring a superior inductive bias from the teacher
model to the student model.

3.5 Demonstrations of instruction following
and problem solving

A predominant trend within the domain of language
models centers around the paradigm of pre-training fol-
lowed by fine-tuning, particularly adapted toward instruc-
tion following tasks [31]. For instance, Wei et al. [32]
showed that fine-tuning language models on instruction
following demonstrations gives better zero-shot perfor-
mance than models of comparable size trained solely
through zero-shot or few-shot learning approaches. More-
over, Ouyang et al. [33] introduced reinforcement learning
techniques alongside supervised fine-tuning, showcasing
that models trained using this hybrid approach exhibit
improved generalization to previously unseen instructions.
Furthermore, Ye et al. [34] explored a training methodol-
ogy wherein models are trained to infer instructions based
on task inputs and correct answers. This instruction
guessing approach has been shown to significantly enhance
generalization performance, particularly for tasks featuring
unseen answer formats.

Chen et al. [35] highlight a connection between agents
and fine-tuning within the field of language models. Their
research clarifies on the potential benefits of fine-tuning the
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underlying language model using demonstrations of agent
behavior across diverse tasks and various prompting
methods. By fine-tuning language models on such agent-
based demonstrations, authors observed notable improve-
ments in both performance and generalization of the
resulting agents. In Sect. 6, we will discuss language
agents in more details, exploring their role and capabilities.

Wang et al. [36] conducted a comprehensive study on
the performance of pre-trained models trained on instruc-
tion-following datasets, revealing insights into the rela-
tionship between model performance, task diversity, model
size, and data quantity. Their findings indicate that the
performance of pre-trained models exhibits a log-linear
increase with the number of tasks and the size of the model
architecture. The authors observed that model performance
does not significantly depend on the quantity of data
available for each individual task. Moreover, Chan et al.
[37] highlighted additional crucial features of data distri-
bution that impact in-context learning, particularly in sce-
narios where models are required to comprehend and
generate text within specific contexts.

3.6 Summary

Simple structural patterns, such as matching tokens in
bracket sequences, word co-occurrence statistics are
important elements that significantly influence the perfor-
mance of pre-trained language models. However, beyond
merely capturing superficial statistics from data, large
language models also develop internal representations that
reflect a broader understanding of the world, often char-
acterized by linear structures.

Efforts to optimize the efficiency and capabilities of
language models often involve training on datasets that
offer greater interpretability and educational value. Fur-
thermore, the distribution of model capabilities can be
adjusted by training on datasets that align with desired
inductive biases. For instance, datasets featuring exercises
on reasoning primitives can promote the development of
models with enhanced reasoning abilities.

To enhance the effectiveness of language models in few-
shot and zero-shot learning scenarios, incorporating train-
ing or fine-tuning with demonstrations of instruction fol-
lowing is crucial. Similarly, to bolster the model’s
proficiency in complex reasoning tasks, datasets should
encompass applications of problem-solving strategies,
enabling models to acquire nuanced reasoning skills.

Another noteworthy observation is that in-context
learning tends to accelerate when it significantly facilitates
task-solving efficiency. This phenomenon becomes more
pronounced with an increasing number of tasks, as the
learning process becomes more conducive to meta-learn-
ing. With a greater diversity of tasks, the model learns not

only how to perform individual tasks but also how to
effectively generalize across them, thereby enhancing its
overall learning efficiency and adaptability.

4 Model architecture

To understand how model architecture affects generaliza-
tion we first review some properties that are usually found
in models that demonstrate comparatively high general-
ization potential or that can provide lower bounds for it,
and then we discuss explanation proposed to explain why
models have those properties and achieve superior gener-
alization. Finally, we review architecture modifications,
mostly specific to language models, which help model to
generalize better in certain directions.

4.1 Factors related to generalization

One common setting for studying generalization is the i.i.d.
(independent and identically distributed) case, where both
training and testing samples are drawn from the same
distribution and are independent of each other. This setup
enables the quantification of generalization and the estab-
lishment of lower bounds for it. Numerous properties have
been identified to provide such lower bounds, with many of
them focusing on describing model complexity in various
ways:

e Compressibility: Arora et al. [38], Lotfi et al. [39]

e Weight norm: Bartlett [40], Wei and Ma [41],
Kawaguchi et al. [42]

e Flatness: Hochreiter and Schmidhuber [43], Bahri et al.
[44], Orvieto et al. [45]

e Algorithmic stability: Chatterjee and Zielinski [46],
Bousquet and Elisseeff [47]

When deploying a model in real-world scenarios,
encountering a distribution shift is almost inevitable. In
practice, training data can only fully represent the actual
distribution of inputs under the most straightforward cir-
cumstances. Thus, a more pertinent, albeit challenging,
consideration is out-of-distribution generalization. As elu-
cidated by Wolpert [48] in no free lunch theorems, without
additional assumptions, all learning algorithms perform
equally poorly. Even widely employed techniques such as
cross-validation will lose to anti-cross-validation in half of
the cases. This underscores the significance of addressing
out-of-distribution scenarios and highlights the limitations
of relying solely on traditional methodologies in complex
real-world contexts.

If one assumes that simpler hypotheses are preferable to
complex ones, it lays the foundation for deriving a general
method of inductive inference known as Solomonoff
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induction [49]. This method involves averaging predictions
from all possible models, weighted by their Kolmogorov
complexity, resulting in a finite number of errors while
predicting any computable sequence. Goldblum et al. [50]
highlight that many real-world data sources exhibit a bias
toward simplicity, meaning they can be effectively com-
pressed compared to the uniform distribution suggested by
the no free lunch theorems. An interesting observation is
that modern deep learning models, including large lan-
guage models, whether trained or randomly initialized, also
demonstrate a propensity for simpler solutions [50, 51].
This alignment with simplicity suggests a fundamental
principle guiding both human and artificial intelligence in
learning and problem-solving tasks.

4.2 Role of depth

One advantage of deep models lies in their enhanced
expressiveness. According to Cover’s theorem [52], simply
projecting data into a higher-dimensional space with non-
linear transformations is likely to render it linearly sepa-
rable. If this transformation occurs before the
dimensionality surpasses the number of samples, the
resultant linear separation gives a simple hypothesis with
promising potential for generalization. From a theoretical
standpoint, Eldan and Shamir [53] demonstrate that adding
an extra layer to a neural network can exponentially reduce
the number of parameters for certain functions. Empiri-
cally, deep randomized neural networks [54] confirm this
notion, indicating that the addition of more non-linear
layers, even without training, can offer utility in improving
model performance.

Moreover, Hinton et al. [55] argues that neural net-
works’ ability to learn distributed representations enables
them to capture relevant information in a more efficient
and organic manner. As the network learns various con-
cepts in one layer, it can then use arbitrary linear combi-
nations of these concepts in subsequent layers, thereby
representing compositions of the original concepts. Con-
sequently, in datasets exhibiting hierarchical structures,
where higher-level concepts are formed by combinations of
concepts from lower levels, deep models are better suited
to represent such data.

Some model architectures possess the capability to
internally execute algorithms, with each non-linear layer
serving as a computation step. For instance, Von Oswald
et al. [56] demonstrate that in-context learning in Trans-
formers bears resemblance to gradient descent. Xu et al.
[57] explore the alignment of certain neural architectures
with common classes of algorithms and illustrate that better
alignment correlates with improved sample efficiency and
generalization. For instance, graph neural networks
(GNNs) [58] excel at learning algorithms resembling
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dynamic programming [59], they struggle with problems
requiring exhaustive search. These latter problems can be
swiftly learned by more versatile architectures capable of
iterating over all subsets. If there existed an architecture
capable of learning arbitrary algorithms from data without
a strong bias toward specific algorithmic classes, it could
serve as a robust approximation of Solomonoff’s induction.
Such an architecture might offer superior generalization
performance compared to less algorithmically oriented
models.

Chatterjee and Zielinski [46] highlight a phenomenon in
deep architectures trained with gradient methods: positive
feedback loops can emerge due to the paths in the network
having gradients proportional to the product of weights
along the path. Consequently, paths through edges with
already high weights receive higher gradients and thus
grow even faster. This amplification effect of depth serves
to magnify gradient directions that frequently occur in the
dataset. The authors argue that such common gradient
directions play a crucial role in generalization and empir-
ically demonstrate that robust estimators of gradients, such
as the mean of clipped gradients or gradient median, lead to
improved generalization.

4.3 Model architecture for inductive bias

While data-driven methods for controlling inductive bias
show promise, certain types of bias may be more effec-
tively managed by explicitly altering the model
architecture.

An effective change known to enhance generalization is
the incorporation of a world model. For instance, Effi-
cientZero [60] demonstrates the utility of explicitly learn-
ing a model of the environment to achieve sample-efficient
learning across various games. By leveraging this world
model for planning, EfficientZero exhibits impressive
performance. Similarly, Li et al. [61] introduce a language
model augmented with a value function, enabling control
over properties that necessitate planning, such as generated
sequence length or the probability of the prompt given the
generation. This approach illustrates the potential of inte-
grating world models to enhance the capabilities and
flexibility of language models.

In addition to a world model, incorporating a bias for
optimization can also prove beneficial. For instance, Amos
and Kolter [62] introduce a quadratic programming solver
as one of the layers in their model, showcasing its ability to
learn Sudoku solely from observing solution examples
without explicit rule instructions. Similarly, von Oswald
et al. [63] discover that Transformers can internalize gra-
dient descent procedures without architectural modifica-
tions. They propose augmenting models with layers
capable of solving least squares regression, further
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illustrating the potential for integrating optimization biases
to enhance model capabilities.

Certain problems may demand more computation than
can be accommodated within a single forward pass of the
model. In such scenarios, having an adaptive amount of
computation at each step proves advantageous. Graves [64]
address this challenge by allowing for multiple intermedi-
ate predictions before reaching the final output. Banino
et al. [65] extend a similar approach to Transformers,
proposing a differentiable training method to facilitate
adaptability. Alternatively, Dehghani et al. [66] avoid
multiple forward passes and instead apply the same set of
layers iteratively, thereby enabling the model’s depth to
adapt dynamically.

Certain types of information are best memorized by the
model, and in such cases, the addition of an explicit
external memory can be beneficial. Khandelwal et al. [67]
propose linearly interpolating the outputs of a large lan-
guage model with predictions from k-nearest neighbors,
aiding in the prediction of rare patterns such as factual
knowledge. Guu et al. [68] take a different approach by
feeding retrieved documents to another neural network,
enabling a more flexible combination with model predic-
tions. Borgeaud et al. [69] demonstrate that this approach
remains effective even at the scale of trillions of tokens,
allowing for equivalent performance with a 25x smaller
model. Wu et al. [70] incorporate kNN lookup at the layer
level, seamlessly integrating retrieval and attention mech-
anisms. They also advocate for writing facts to external
memory during inference, enabling the model to access
definitions of functions or other relevant mathematical
objects. Sukhbaatar et al. [71] replace MLP blocks in
Transformers with extra tokens added to self-attention,
simplifying the architecture and paving the way for the
application of additional attention-related techniques to
every layer in such models.

H3 [72] serves as another compelling demonstration of
deliberate architecture design. The authors meticulously
identify the specific capabilities that render Transformers
superior to state space models and subsequently craft a new
layer designed to precisely enhance these abilities. The
resulting model surpasses Transformer baselines in zero-
and few-shot performance, showcasing the efficacy of this
targeted design approach.

Another research direction emphasizes architectures that
promote sparsity. The rationale behind this approach lies in
the notion that if different components of the model operate
independently, alterations affecting one component will not
impact others, resulting in increased robustness to

distribution shifts and enhanced interpretability. To this
end, Elhage et al. [73] introduce the SoLU activation
function, defined as f(x) = x - softmax(x), which leads to
more efficient activations in MLP layers within Trans-
formers. Additionally, Lamb et al. [74] partition the
parameters and representations into groups that communi-
cate solely through attention mechanisms, fostering com-
petition among these groups. They demonstrate that
implementing this approach for all Transformer layers
except the first and last ones leads performance
improvements.

Extensive research has been dedicated to designing
neural architectures capable of learning and executing
algorithms. The neural turing machine [75], for instance,
integrates a recursive network with an external memory in
a differentiable manner, resulting in qualitatively improved
performance on algorithmic tasks. Velickovi¢ and Blundell
[76] propose leveraging graph neural networks [58], as
their architecture is inherently well-suited to operations
characteristic of dynamic programming Bellman [59],
allowing many algorithms to be formulated in this
framework.

In general, if there exists a known symmetry within the
data that can be represented as a matrix group, Finzi et al.
[77] demonstrate a method to construct a layer that exhibits
equivariance to it. Furthermore, Finzi et al. [78] illustrate
that for a model architecture incorporating specific biases,
it is possible to construct a flexible yet still biased model by
ensembling the biased model with a more generalized one,
subsequently regularizing the weight assigned to the gen-
eral model. Similarly, Goldblum et al. [50] advocate for
ensembling models with diverse architectures and applying
appropriate regularization as a flexible approach to learning
which bias to apply based on the data.

4.4 Summary

Simple models tend to exhibit relatively higher general-
ization capacity, as evidenced by both empirical observa-
tions and theoretical estimates. Simplicity, in this context,
can be construed in terms of compressibility (or low Kol-
mogorov complexity), small weight norms, flatness of the
loss landscape, or minimal reliance on individual training
examples.

Depth plays a crucial role in this phenomenon, with
several explanations of its impact. Firstly, the incorporation
of nonlinearities enhances model expressiveness, often
exponentially, thereby necessitating fewer parameters and
reducing complexity relative to the training data. Secondly,
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deep architectures naturally capture hierarchical or com-
putational structures inherent in the data. Finally, when
trained via gradient descent, deep models naturally priori-
tize common cases in terms of gradient directions while
disregarding outliers.

5 Training process

This section is by far the most difficult one to write since,
unfortunately, there are a lot of choices that are made
during training of large language models, yet most of the
papers on the topic disclose only a fraction of those deci-
sions. Initially, we delve into works that analyze the indi-
vidual influence of each factor. Subsequently, we explore
three major categories of modifications to mainstream
gradient-based optimizers that are adapted to enhance
generalization. These include methods explicitly targeting
solutions within flat basins of the loss landscape, parameter
averaging across multiple models, and training models to
exhibit resilience against input perturbations.

An appealing property of human generalization lies in
its capacity to generate novel insights even without expo-
sure to new data, e.g., by theoretical research. As the
availability of training data gradually emerges as a bot-
tleneck, methodologies capable of extracting more
knowledge from a fixed dataset through bootstrapping
mechanisms assume greater significance.

The outcomes of model training endeavors, encom-
passing generalization performance, are significantly con-
tingent upon hyperparameters. Consequently, techniques
that facilitate automatic hyperparameter adjustment hold
considerable promise.

Lastly, we delve into three distinct groups of methods
aimed at controlling the model’s generalization tendencies.
These encompass mechanisms for regulating the simplicity
of learned solutions, fostering diversity among solutions,
and introducing biases to steer the model’s generalization
trajectory in a desired direction.

5.1 Role of the optimizer

The extent to which the choice of optimizer, often mani-
festing as a form of stochastic gradient descent (SGD),
influences generalization performance prompts inquiry.
Mingard et al. [79] provide insights by demonstrating that
randomly sampling parameters as opposed to using SGD
has negligible effects. Specifically, their study investigates
the probability of a deep neural network trained with SGD
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converging to a specific input—output mapping on a given
dataset. Their findings reveal that this probability aligns
closely with the Bayesian posterior probability of the
mapping given the dataset. Similarly, Chiang et al. [80]
conduct an experiment employing uniform sampling in lieu
of Gaussian processes, achieving comparable generaliza-
tion success rates to those obtained with SGD. Concur-
rently, Barak et al. [81] explore the task of learning k-
sparse parity of n bits. Their study underscores that the
performance of SGD, particularly in terms of training
dynamics cannot be explained by random sampling. They
delineate the following reasons:

1. The distribution of convergence times deviates signif-
icantly from geometric patterns, a finding that aligns
with the observations of Kalimeris et al. [82]. Their
study highlights that models trained with SGD exhibit
a tendency to increase in complexity throughout the
training process.

2. Deep models trained with SGD demonstrate an ability
to master the sparse parity task in a number of
iterations approaching asymptotic optimality, a phe-
nomenon challenging to clarify without introducing an
explicit sparsity prior. However, it’s noteworthy that
the inherent sparsity bias may stem from the deep
model architecture itself. Mingard et al. [83] provide
insights into this aspect, demonstrating that such
models exhibit a bias toward simpler functions.
Specifically, if the prior assigns equal probability mass
to k-sparse functions for all k, the probability of a
single k-sparse function will be Q(n ).

3. A significant portion of the variance in convergence
times can be attributed to the initialization method used
in SGD.

4. Phase transitions, exemplified by phenomenon such as
grokking [84], showcase distinct qualitative shifts in
training behavior across different stages. Hu et al. [85]
offer an explicit modeling approach for this phe-
nomenon using a hidden Markov model, where distinct
states correspond to various phases in the training
process.

5.2 Flatness

Since at least Hochreiter and Schmidhuber [43], there has
been a hypothesis suggesting that flat minima in the loss
landscape correspond to better generalizing solutions.
Various techniques have been developed to identify such
minima, often involving modifications to the loss function.
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Let’s denote the data distribution as p(x, y), and the mod-
el’s loss with parameters 0 as L(y | x, 0), typically repre-

senting the negative log-likelihood. The standard
optimization process can then be expressed as:
arg min (Exy e [£0 | x,0)] + Z10]) (1)

Foret et al. [86] try to identify minima that exhibit flatness
in all directions, drawing motivation from PAC Bayesian
generalization bounds:

arg mﬁin([ExﬁyN,,(xw [max L(y]|x,0+ e)} + /1||0||2) (2)

llell <p

Orvieto et al. [45] concentrate on expected sharpness,
constructing their loss function as a smoothed version of
the original:

arg m(,in([Exa)Wp(x,y) [[EF~N(0,621)£()] | x, 0+ 6)]) (3)

Chaudbhari et al. [87] propose a similar approach:
arg mgn([EX7y~P(X~,}') [— log/ exp(—L(y | x,0 + ¢)
R)I

~2lel?)ae])

Additionally, Ishida et al. [88] suggest a heuristic solution
empirically shown to improve generalization:

argmin Ev - e | |1£0 | x,0) = ] ) (5)

(4)

Both 2 and 3 optimize for large loss basins, just in different
ways. Regarding the connection with 4, Yang et al. [89]
demonstrate that some monotonically increasing function
of negative local entropy serves as an upper bound for the
Hessian norm, which is directly optimized in 3. As for 5,
Liu et al. [90] show that when the loss surpasses the
flooding threshold » and the model alternates between
gradient descent and gradient ascent, the dynamics become
equivalent to minimizing the norm of the gradient. After
SGD converges close to a local minimum, the expected
gradient norm becomes proportional to the Hessian norm
and the amount of stochasticity in SGD updates, implying
optimization for flatness.

5.3 Averaging

The concept of using trajectory averaging for faster con-
vergence is not novel, as evidenced by Polyak and Juditsky
[91] and the literature referenced therein. However, recent
research has proposed various approaches to leverage such

averaging and has also clarified its correlation with
generalization.

Izmailov et al. [92] discovered that SGD with cyclical or
constant learning rate schedules tends to converge to the
vicinity of high-performing networks but often remains at
the boundary rather than reaching the center. To address
this, they proposed averaging the model weights from
multiple points during training. This method was found to
give solutions closer to the center of the corresponding loss
basin, resulting in enhanced generalization without adding
overhead to either training or inference. Building upon this,
Lu et al. [93] applied the technique to fine-tune pre-trained
models and noted improvements in generalization.

Zhang et al. [94] proposed a two-level optimizer where
the outer loop advances in the direction of the average
weight updates computed in the inner loop. While their
primary focus was on enhancing convergence, they also
noted improved generalization. A slight variation of this
approach is presented in Zhang et al. [95], where the inner
loop trains multiple copies of the model from the same
starting point and subsequently averages their parameters.
They suggest that this method can be combined with other
techniques, such as sharpness-aware minimization [86] or
ensembling, to achieve superior performance.

Mandt et al. [96] examine SGD samples as a Markov
chain, offering a concise proof that Polyak averaging [91]
with a constant learning rate is optimal among all
stochastic gradient methods. They demonstrate that
asymptotically, its efficacy remains unaffected by batch
size or learning rate adjustments.

5.4 Adversarial training

While methodologies discussed in the previous section
concentrate on the flatness of the loss concerning model
parameters, adversarial training can be interpreted as
striving for flatness of the loss concerning the inputs.
However, the relationship between adversarial training and
generalization is complex, and it can have both positive
and negative effects.

Goodfellow et al. [97] clarify that adversarial examples
arise due to the overly linear behavior of the model, which
attempts to generalize in directions irrelevant to the task at
hand. Essentially, if the model behaves linearly in the
vicinity of a particular input and the input space is high-
dimensional, perturbations in the direction of the gradient
can significantly influence the model’s output. While the
impact from each dimension may be small, their cumula-
tive effect grows linearly with the number of dimensions.
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Fig. 1 Decision boundary in
adversarial training. Figure from
Madry et al. [101]

Consequently, this introduces the first source of the
robustness-generalization trade-off: linear extrapolation
facilitates easy generalization but compromises robustness.
Raghunathan et al. [98] demonstrate this trade-off using a
toy example and observe that access to ample unlabeled
data points can help mitigate it. On the theoretical front,
Bubeck et al. [99] demonstrate that achieving robust
learning can be exponentially challenging computationally,
while Schmidt et al. [100] illustrate that it can also be hard
from an information theoretic sense.

Madry et al. [101] highlight another challenge in
building robust models: as the perturbation size increases,
the decision boundary becomes more complex, necessi-
tating a higher-capacity model to accommodate it, as
illustrated in Fig. 1. Paradoxically, if there exists a less
general but more robust way to predict the data, the model
might transition to it, thereby compromising generalization
once again. Additionally, they observe that augmenting
model capacity, such as increasing depth, inherently
enhances robustness, even in the absence of adversarial
training. Conversely, models with insufficient capacity fail
to derive benefits from adversarial training and struggle to
learn effectively under such conditions.

Adversarial training can also serve as a form of regu-
larization, as demonstrated by Goodfellow et al. [97], who
observed improved generalization on the MNIST dataset
after its application. This phenomenon arises because a
network exhibiting large gradients with respect to many
input features at certain training examples will lack
robustness; perturbing any of these features will result in
significant shifts in the outputs. Consequently, the network
is compelled to either rely on linear combinations with
small coefficients (in terms of L1 norm) or adopt highly
non-linear behaviors, ensuring that only a few features are
pivotal for each example. The former effect promotes
sparsity, a beneficial form of simplicity, while the latter
reduces linearity, which, in certain scenarios, helps prevent
overly simplistic solutions (similar in spirit to Sect. 5.7).
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5.5 Bootstrapping

If one aims to train a model for a task with limited or
unavailable data, some form of bootstrapping becomes
necessary.

Amini et al. [102] provide a comprehensive overview of
methods that leverage a trained classifier and unlabeled
data to enhance performance further. Similarly, Huang
et al. [103] propose an analogous approach adapted for
large language models, employing prompting techniques
and aggregating multiple predictions to derive more reli-
able answers from the model. Expanding on this, Jung et al.
[104] demonstrate the feasibility of sampling unlabeled
data from a language model itself. Furthermore, Wang
et al. [105] use such an approach to generate an instruction
tuning dataset from only 175 seed examples annotated by
humans, showcasing that a model fine-tuned on this dataset
outperforms strong baseline models.

In certain scenarios, the intrinsic nature of the problem
permits the model to enhance itself solely through self-
interaction. A notable instance is AlphaGo Zero [106], a
reinforcement learning system that attained superhuman
performance solely via self-play. Extending this concept,
Bricman and Feeney [107] propose training language
models to advocate for various positions in arguments
against other language models. They argue that such a
dynamic will foster automated truth-seeking capabilities
and substantially augment the language model’s abilities
far beyond its initial state.

5.6 Meta-optimization

The emergent abilities of Transformers highlight the
potential of optimizing a sufficiently flexible model on
diverse datasets to achieve various beneficial generaliza-
tions. Therefore, it stands to reason that enhancing the
flexibility of the optimization process itself can similarly
give gains in generalization.

One category of approaches revolves around optimizing
the hyperparameters of existing optimizers. For instance,
Chandra et al. [108] calculate the gradients of the training
loss with respect to hyperparameters and subsequently
utilize gradient-based optimizers to automatically adjust
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these hyperparameters during training. However, as high-
lighted by Wu et al. [109], there exists a trade-off between
short-term and long-term performance. For instance, a high
learning rate may consistently overshoot in each iteration
but achieve greater overall progress by moving faster.
Consequently, when such meta-gradients are computed
with a short horizon, it often results in hyperparameters
biased toward short-term performance, leading to learning
rates significantly lower than optimal by orders of
magnitude.

One potential approach to address this credit assignment
challenge is by leveraging multiple training runs across
various models to train a model capable of optimizing
hyperparameters optimally. Almeida et al. [110] approach
this as a reinforcement learning problem, employing
Proximal Policy Optimization (PPO) [111] to train an
LSTM model. This LSTM model takes unitless metrics
regarding the current training state, such as the log-ratio of
validation and training performance or the cosine similarity
between gradient and momentum, as input and outputs
adjustments to be made to the hyperparameters.

Yang et al. [89] take a direct approach to meta-opti-
mization by optimizing the model parameters themselves.
They leverage local entropy [87] and Hessian norm to
identify meta-optimizers that lead to enhanced general-
ization performance for the optimized models. Expanding
on this idea, Kirsch and Schmidhuber [112] push the
boundaries further by replacing each model weight with an
LSTM and meta-learning the entire training dynamics.
Their study demonstrates that such a system can learn to
imitate back-propagation, and the optimization algorithm
learned through meta-learning on one dataset generalizes
effectively to training on another dataset.

Peebles et al. [113] adopt an approach to optimization
by learning a generative model for the joint distribution of
model parameters and various metrics. This strategy
enables them to sample models exhibiting low loss or other
desirable properties. While this approach may not be
entirely practical at present, the concept of sampling
models with good generalization, rather than solely
focusing on training methodologies to achieve such mod-
els, presents an interesting avenue for further research. For
instance, Decision Transformer [114] demonstrated
impressive performance in model-free offline reinforce-
ment learning by leveraging a Transformer to learn the
joint distribution of policies and their associated rewards.

5.7 Avoiding solutions that are too simple

One crucial inductive bias in machine learning is sim-
plicity, a principle often encapsulated by Occam’s razor.
This principle suggests that, given two features with equal
predictive power, the simpler one is preferred. Numerous

studies have demonstrated that deep neural networks
exhibit some form of Occam’s razor, particularly when
trained using gradient descent methods [51, 83]. While
simplicity can serve as a useful tool to prevent overfitting
in many cases, there exists an inherent tension between
simplicity and complexity in achieving generalizable
solutions. In scenarios where overly simplistic solutions
may exist, it becomes imperative to avoid them, as they
tend to rely on spurious correlations from the training data
and may consequently fail to generalize well to unseen test
data.

Clark et al. [115] address this challenge by employing
an ensemble approach, where a smaller capacity model is
trained alongside the main model. The smaller model pri-
marily captures superficial patterns, while the larger one
learns features that generalize better. Similarly, Nam et al.
[116] observe that superficial features are often learned
initially. To mitigate this, they propose training a biased
model by gradually increasing the weight assigned to
correctly predicted examples. Concurrently, they train the
main, unbiased model on the more challenging instances.

The concept of simplicity can be customized for specific
architectures or tasks. In the field of language modeling, a
crucial aspect is the model’s ability to capture long-dis-
tance dependencies. For instance, [117] augment the
effective context length of a language model by computing
the difference between output logits of a short-context
model and those of the main model. Another approach by
Chuang et al. [118] delves into the disparities among layers
in a deep model. They observe that outputs from the final
layers tend to exhibit greater factual correctness. By
strategically selecting one of the earlier layers for com-
parison, they enhance factuality even further. Specifically,
they identify the layer with the highest Jensen-Shannon
divergence of next-word distributions from the final layer
and then subtract their logits.

5.8 Learning diverse solutions

If a model generalizes in a wrong manner, but superficial
features are challenging to differentiate in terms of sim-
plicity, it may prove beneficial to train a diverse set of
models. Each model could rely on different features,
increasing the likelihood that at least one of them captures
the essential ones. Teney et al. [119] achieved such
diversity by approximating feature importance through loss
gradients and penalizing the dot product of these gradients
for all pairs of models. Consequently, they obtained models
that were all reasonably accurate, but concurrently made
predictions based on different input characteristics.
Another approach involves modifying the training pro-
cedure of a single model to incentivize the utilization of
multiple features. For instance, Pezeshki et al. [120]
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identified that ridge regression introduces undesired cou-
pling between features. They introduced spectral decou-
pling, which entails applying L2 regularization to the
output logits instead of the network weights. The authors
derived this approach by analyzing the model’s behavior in
the NTK [121] regime. However, an intuitive analogy can
be drawn to methods from the previous section. Consider
the model as an ensemble of two: one that leverages
superficial features and another based on more critical
ones. After training the biased part, regularization on out-
puts will compel the unbiased model to focus on more
challenging examples. This is because increasing activa-
tions for easy answers will no longer lead to a reduction in
loss.

5.9 Controlling a known bias

To mitigate biases similar to those induced by simplicity,
one approach involves training a distinct model specifically
designed to capture the biased features and patterns. Sub-
sequently, the residuals of this specialized model can be
used to train the primary model [122]. Alternatively, the
primary model can be trained as part of an ensemble
alongside the biased model [123], thereby reducing the
impact of the bias on the final predictions.

In the domain of computer vision, Touvron et al. [124]
demonstrated enhanced data efficiency for vision Trans-
formers by training them not only to predict the correct
answers but also to predict the answers provided by a
convolutional network. Building upon this work, Ren et al.
[125] illustrated that employing two distinct teacher
architectures gives even greater benefits.

Naturally, for a model to effectively adopt a particular
inductive bias, it must possess the flexibility to learn it. For
instance, the LSTM architecture tends to derive fewer
advantages from LIME pre-training [28] compared to the
Transformer architecture [126].

5.10 Summary

The influence of gradient-based optimizers on successful
generalization is moderate, with the model architecture
playing a more pivotal role by imposing an appropriate
simplicity prior. Understanding the behavior of models
during training-including the increasing complexity of
represented functions, initialization dependence, and phase
transitions-is crucial.

Various approaches aim to incentivize convergence to
flatter solutions, despite being formulated in different
ways, they optimize for similar properties.

Averaging models in parameter space proves effective,
especially when models stem from the same training
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trajectory or have a common ancestor, such as in fine-
tuning scenarios.

While adversarial training may enhance generalization,
it demands increased model capacity to learn a more non-
linear solution, potentially compromising performance for
fixed parameter counts.

Bootstrapping methods encompass generating training
data from scratch or from seed examples, leveraging lan-
guage model reasoning to enhance data quality, and
employing model outputs in self-interaction to serve as
primary training data sources.

Meta-optimizers offer avenues for improved general-
ization within the same training budget, through hyperpa-
rameter selection for existing optimizers and direct
optimization of models. Basic notions like back-propaga-
tion can even be parametrized and learned. Moreover, it
may be feasible to generate model parameters in a single
pass using another model, allowing control over different
properties, including generalization.

When simple solutions are deemed inadequate for a
task, training a less capable model alongside the main one
can capture overly simplistic features and patterns, pre-
venting the main model from relying on them. Alterna-
tively, if undesired bias capture via an auxiliary model is
uncertain, the training process can incentivize the model to
diversify its feature usage for predictions. Finally, known
useful biases represented by specific model architectures or
algorithms can be imparted onto models with different
architectures, provided they exhibit sufficient flexibility.

6 Inference

Even without updating model parameters, it is possible to
influence performance by adjusting how the model is uti-
lized. A prominent example of this is zero-shot and few-
shot learning, where simply adding examples to the prompt
can enable the model to grasp the task contextually. Further
advancements can be made by augmenting the model with
memory, additional tools, and sophisticated prompting
schemes.

These systems, often referred to as language agents,
have garnered significant research attention recently. For a
comprehensive overview, one may refer to [127, 128]. In
this section, we aim to underscore the pivotal role of such
systems in enhancing the capabilities of raw language
models, particularly in terms of their generalization.

6.1 In-context learning
In-context learning [129], as exemplified by techniques

such as chain-of-thought prompting, offers means to instill
desired biases into models without explicit training. For
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instance, presenting the model with examples of reasoning
in similar tasks can prompt it to employ similar reasoning
in its responses [130]. Even the simple addition of phrases
like “let’s think step by step” before providing answers can
give significant effects [131]. In a demonstration by Jojic
et al. [132], models executing algorithms step-by-step
within prompts showcase the ability to solve specified
tasks.

In their work Min et al. [133] integrate pre-training with
in-context learning. Specifically, they train the model using
in-context learning demonstrations, enhancing its ability to
adapt and learn in-context during inference. This approach
can be interpreted as an inductive bias toward acquiring
further inductive biases.

Garg et al. [134] demonstrate that Transformers exhibit
the capacity to learn functions that generate data, including
linear functions, two-layer neural networks, or decision
trees, following pre-training with corresponding in-context
learning examples. This finding suggests a meta-level
inductive bias, focusing on the acquisition of specific
classes of inductive biases, but ones less prevalent in nat-
ural language tasks.

Kirsch et al. [135] have shown that various models can
be trained as in-context learners provided they possess a
sufficiently large capacity and are exposed to a diverse
array of tasks during pre-training. Interestingly, they note
that the critical dimension for effectiveness in this context
is not the number of parameters, but rather the size of
model state (memory).

6.2 Tool use

A popular way to augment agent capabilities in some
domain is to connect it to relevant tools. Parisi et al. [136]
allow models to invoke tools and show how to bootstrap
model to use tools effectively from a few demonstrations of
tool use. Komeili et al. [137] allow the model access to
internet search and show that it leads to better performance
than retrieval-based methods. Gao et al. [138] augment
language models with the access to Python interpreter.
Schick et al. [139] use question answering, calculator,
Wikipedia search, machine translation and calendar as
tools. Patil et al. [140] fine-tune a language model to
effectively use a vast array of tools via their APISs,
including pre-trained models from HuggingFace, Torch-
Hub, and TensorHub. Liu et al. [141] use language model
to convert a given task into a formal language and then
employ a specialized solver for planning tasks.

6.3 Memory

Memory is a critical aspect of a learning system, particu-
larly influencing its generalization performance, as

demonstrated in [135]. Furthermore, a model with
enhanced memory capabilities can generate longer outputs
without sacrificing coherence, offering advantages for
approaches that extend a model’s abilities at the expense of
longer inference times, as discussed in the next sections.
However, numerous models either possess a finite context
window or struggle to access information from distant time
steps, prompting various efforts to augment them with
external memory mechanisms.

Zhou et al. [142] propose RecurrentGPT, which operates
similarly to LSTM but utilizes natural language processing
for all operations instead of linear algebra. In another
approach, Packer et al. [143] conceptualize memory as a
tool accessible to the system, enabling functions such as
keyword-based search. Additionally, Chen et al. [144]
assist the system in handling long documents by con-
structing a tree of summaries first, allowing the system to
navigate it to locate relevant information.

6.4 Mutli-step reasoning

Wang et al. [145] use a technique where multiple solutions
are sampled from a model, and the most frequent answer is
selected. Since all correct solutions to a problem should
give the same correct answer, while incorrect solutions
may diverge, this aggregation method tends to enhance the
accuracy of proposed solutions. Building upon this idea,
Yao et al. [146] introduce the concept of a tree of thoughts,
where the model can branch into different lines of rea-
soning at any point, instead of sampling multiple chains of
reasoning and aggregating them afterward. Extending fur-
ther, Besta et al. [147] advance from trees to arbitrary
graphs, enabling the aggregation of ideas even before
reaching the final output or refining an idea rather than
deriving conclusions from it. Lastly, Sel et al. [148] dis-
cover that presenting in-context examples of tree search
over ideas is sufficient to encourage a language model to
use a similar technique. Furthermore, because the model is
not bound to strictly follow the algorithm and can apply
heuristics, it performs even better than the original algo-
rithm. For a visual comparison of these approaches, refer to
Fig. 2.

6.5 Reflection

Madaan et al. [149] demonstrate that a simple iterative
process of generation and self-reflection can enhance the
quality of outputs from the same underlying language
model. Meanwhile, Shinn et al. [150] employ language
models to simulate reinforcement learning algorithms.
Instead of relying on gradient descent, they solve the credit
assignment problem through self-reflection. To preserve
the insights gained, they use an external memory. These
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Fig. 2 Prompting strategies for multi-step reasoning. Figure from Besta et al. [147]

approaches allow for a trade-off between longer inference
times and improved output quality, where quality encom-
passes generalization. By engaging in more extensive
“thinking,” a model may uncover deeper structures within
a task, even if said task lies outside the distribution origi-
nally encountered by the model.

Zhao et al. [151] integrate external memory storage,
reflective analysis of failed attempts, reuse of previous
successful strategies, and examination of commonalities
among successive attempts. This integrated approach
results in an agent capable of experiential learning and
adept at generalizing across tasks.

Zelikman et al. [152] present an approach where an
agent is represented as a Python function. This function
takes an initial solution to the task, a utility function
specific to the task, and a language model as inputs, and
iteratively refines the solution. Through recursive applica-
tion of this agent to optimize its own code, they provide a
proof-of-concept for self-improvement in language model-
based agents.

6.6 Summary

The upper limit of what Transformers can achieve through
in-context learning remains uncertain. However, a
notable achievement lies in their ability to emulate rea-
soning strategies and even basic machine learning algo-
rithms.  Furthermore, refining in-context learning
capabilities is feasible through effective pre-training
strategies.

To address the limitations of modern language models,
leveraging external tools and memory proves beneficial.
Additionally,  employing  sophisticated  prompting
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techniques enhances robustness against inadvertent rea-
soning errors and enables learning from experience without
re-training.

The comparative table presents the key results of various
studies that were considered in this review (Appendix A).

7 Discussion

This paper provides a review of the expanding field of
research focused on understanding the generalization
capabilities of neural networks. Within this domain,
numerous approaches have emerged, operating at various
levels of abstraction and targeting different components of
the training pipeline. These components encompass diverse
aspects such as model architecture, data distribution, opti-
mization techniques, and modifications made during
inference. A wide array of strategies has been proposed,
each offering insights into enhancing generalization per-
formance. These strategies span from structural modifica-
tions to the neural network architecture to adjustments in
the distribution of training data.

A critical need exists for the development of theories
that clarify the causal mechanisms underlying observed
phenomenon. Establishing such theoretical foundations
could pave the way for principled approaches aimed at
systematically improving generalization across diverse
neural network architectures and tasks. As the field con-
tinues to evolve, the pursuit of such theories becomes
increasingly imperative.
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Appendix A Comparison table of different studies

Authors Models

Data

Results

Irrelevant data

Papadimitriou Pre-training Long Short-Term Memory

and Jurafsky (LSTM) networks

(6]

Lu et al. [8] Fine-tuning only the input and output
embeddings of a pre-trained
Generative Pre-trained Transformer 2
(GPT-2) model; Frozen Pre-trained

Transformer (FPT)

Sinha et al. [10] Masked language model (MLM)

Irrelevant data

Krishna et al. Different TS5 models; PG models

(1]

Maennel et al.  Several network architectures, including
[12] VGG16 and ResNet-18, on CIFAR-10

and ImageNet

Chowers and Deep Convolutional Neural Networks
Weiss [13] (CNNs)

Mehta et al. Different pre-trained Transformer
[14] models (D-BERT: DistilBERT,

BERT-b: BERT- base, RoBERTa:
RoBERTa-base, BERT-L: BERT-

Large)

Irrelevant data

Neyshabur et al. RI (random initialization), P (pre-trained
[15] model), RI-T (model trained on target
domain from random initialization),
P-T (model trained/fine-tuned on
target domain starting from pre-trained

weights)

Internal representations

Gurnee and The Llama-2 family of models

Tegmark [16]

Structured, non-linguistic data such as
MIDI music, Java code, or nested
parentheses

Natural language data; the datasets
provided by TAPE

Sentences with randomly shuffled word
order

The training data from a completely
artificial language, comprising
random n-grams

Natural image data with entirely
random labels

Different dtasets, for example,
ImageNet, CIFAR-10

Different datasets, for example,
MNIST, CIFAR-10

IMAGENET pre-training;
CHEXPERT; three sets from
DOMAINNET as downstream
transfer learning tasks

Datasets: world, US, NYC places; three
temporal datasets (historical figures,
artworks, news headlines)

Transfer learning as a method for
analyzing the encoding of
grammatical structure in neural
language models; improve test
performance on natural language,
despite no overlap in surface form or
vocabulary

Investigate the capability of a
transformer pre-trained on natural
language to generalize to other
modalities with minimal fine-tuning;
language pre-trained Transformers can
obtain strong performance on a variety
of non-language tasks

MLM’s success can largely be explained
by it having learned higher-order
distributional statistics that make for a
useful prior for subsequent fine-tuning

Pre-training on documents consisting of
character n-grams selected at random
nearly matches the performance of
models pre-trained on real corpora

An alignment between the principal
components of network parameters
and data takes place when training
with random labels

The energy distribution is very different
from that of the initial weights and is
remarkably consistent across random
initializations, datasets, architectures
and even when the CNNSs are trained
with random labels

Investigate existing methods in the
context of large, pre-trained models
and evaluate their performance on a
variety of text and image classification
tasks

New tools and analyses to address
fundamental questions what enables a
successful transfer and which part of
the network is responsible for that

Identify individual “space neurons” and
“time neurons” that reliably encode
spatial and temporal coordinates
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Lietal [17] GPT model

Jin and Rinard  Transformer model

[18]

LLMs (LLaMA-3, OPT, GPT-2, and
GPT-J)

Turner et al.
[20]

High-quality data
Eldan and Li
[22]

GPT-3.5 and GPT-4

Gunasekar et al.
[23]

Li et al. [24]

phi-1—a Transformer-based language
model for code

phi-1.5—a 1.3 billion parameter model

Surkov and GLUE, SuperGLUE, CLUE, and
Yamshchikov RussianSuperGLUE
[25]

Learning inductive bias from data

McCoy et al.
[26]

Model in framework

Wu et al. [28] LIME models, HAT

Learning inductive bias from data

Lindemann
et al. [29]

Pre-training models

Mukherjee et al.
(30]

Orca, a 13-billion parameter model that
learns to imitate the reasoning process
of LFMs (large foundation models);
GPT-4

A simple board game, Othello

A synthetic corpus of programs written
in a domain-specific language for
navigating 2D grid world
environments

The Stanford IMDb Large Movie
Review Dataset;
RealToxicityPrompts; LAMA
ConceptNet; OpenWebText

TinyStories—a synthetic dataset of
short stories that only contain words
that a typical 3 to 4-year-olds usually
understand

CodeTextbook; CodeExercises dataset

A combination of phi-1’s training data
(7B tokens) and newly created
synthetic, “textbook-like” data
(roughly 20B tokens)

The data of GLUE, SuperGLUE,
CLUE, RussianSuperGLUE; all the
benchmarks in Papers With Code
which belong to the NLP field

Different data

Synthetic datasets

Synthetic data

Large-scale and diverse imitation data
with judicious sampling and selection

Demonstrations of instruction following and problem solving

Wei et al. [32] 137B parameter pre-trained language

model FLAN

Ouyang et al.
[33]

Fine-tune GPT-3 using supervised
learning; InstructGPT

Over 60 NLP datasets verbalized via
natural language instruction templates

Collect a dataset of labeler
demonstrations

Evidence of an emergent nonlinear
internal representation of the board
state; produce “latent saliency maps”
that help explain predictions

Evidence that language models of code
can learn to represent the formal
semantics of programs

Investigate activation engineering:
modifying activations at inference
time to predictably alter model
behavior

A framework which uses GPT-4 to
grade the content generated by these
models as if those were stories written
by students and graded by a (human)
teacher

phi-1 attains accuracy 50.6% on
HumanEval and 55.5% on MBPP

phi-1.5 exhibits the ability to “think step
by step” or perform some rudimentary
in-context learning

A theoretical instrument and a practical
algorithm to calculate similarity
between benchmark tasks

A framework for giving particular
linguistic inductive biases to a neural
network model

Hypothesis that Transformer networks
are flexible enough to learn inductive
bias from suitable generic tasks

Show how a structural inductive bias
can be efficiently injected into a
seq2seq model by pre-training it to
simulate structural transformations on
synthetic data

Show that learning from step-by-step
explanations, whether these are
generated by humans or more
advanced Al models, is a promising
direction to improve model
capabilities and skills

Number of fine-tuning datasets, model
scale, and natural language
instructions are key to the success of
instruction tuning

InstructGPT models show
improvements in truthfulness and
reductions in toxic output generation
while having minimal performance
regressions on public NLP datasets
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Demonstrations of instruction following and problem solving

Ye et al. [34] FLIPPED model

Chen et al. [35] A variety of base LMs

Wang et al. [36] Tk-INSTRUCT—a Transformer model
trained to follow a variety of in-

context instructions

Chan et al. [37] An embedder; a causal Transformer

model

Factors related to generalization

Chatterjee and
Zielinski [46]

Deep architectures trained with gradient
methods

Goldblum et al.
[50]

GPT-2, GoogLeNet models

Role of depth

Von Oswald
et al. [56]

Transformers

Xu et al. [57] Graph neural networks (GNNs)

Model architecture for inductive bias

Li et al. [61] A language model augmented with a

value function; BLEU; AdverSuc

Amos and
Kolter [62]

OptNet—a network architecture

Model architecture for inductive bias

von Oswald Transformers

et al. [63]

The subset of TO meta-training datasets

A setup of question answering (QA)
with a Google search API

Instruction-following datasets; SUPER-
NATURAL INSTRUCTIONS, a
benchmark of 1,616 diverse NLP
tasks and their expert-written
instructions

Data consist of a mix of ‘bursty’ and
‘non-bursty’ sequences

Different data

CIFAR-10; CIFAR-100; ImageNet

Linear regression datasets

Dataset generation

The OpenSubtitles (OSDb) dataset

Dataset of puzzles

A large compilation of various English

text datasets including parts of
Wikipedia, arXiv, and code

FLIPPED gives particularly large
improvements on tasks with unseen
labels, outperforming TO-11B by up to
+20% average F1 score

Propose FireAct, a novel approach to
fine-tuning LMs with trajectories from
multiple tasks and prompting methods,
and show having more diverse fine-
tuning data can further improve agents

Tk-INSTRUCT outperforms existing
instruction-following models such as
InstructGPT by over 9% on our
benchmark despite being an order of
magnitude smaller

In-context learning traded off against
more conventional weight-based
learning, and models were unable to
achieve both simultaneously

Exploration of the interaction of the
gradients of different examples during
training

Architectures designed for a particular
domain, such as computer vision, can
compress datasets on a variety of
seemingly unrelated domains

Trained Transformers become meta-
optimizers, i.e., learn models by
gradient descent in their forward pass

GNNs align with DP (dynamic
programming) and to solve different
tasks

Strategy to manipulate the behavior of a
neural decoder that enables it to
generate outputs that have specific
properties of interest

OptNet—a network architecture that
integrates optimization problems
(specifically in the form of quadratic
programs) as individual layers in
larger end-to-end trainable deep
networks

Standard next-token prediction error
minimization gives rise to a subsidiary
learning algorithm, this process
corresponds to gradient-based
optimization of a principled objective
function, which leads to strong
generalization performance on unseen
sequences
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Graves [64] Recurrent neural networks

Banino et al. Transformers

[65]

Dehghani et al.  The Universal Transformer

[66]

Model architecture for inductive bias

Khandelwal kNN-LMs
et al. [67]

Guu et al. [68]  Retrieval-Augmented Language Model

pre-training (REALM)

Retrieval-Enhanced Transformer
(Retro)

Borgeaud et al.
[69]

Wau et al. [70] Extension to the Transformer
architecture, called kNN-augmented
attention; Transformer XL;

Memorizing Transformer
Role of the optimizer

Mingard et al.
[79]

Deep neural networks (DNNs)

Kalimeris et al. Models trained with SGD

[82]

Flatness

Yang et al. [89] Neural networks ResNet-20

Averaging
State-of-the-art residual networks,

PyramidNets, DenseNets, and
ShakeShake networks

Izmailov et al.
[92]

The Hutter prize Wikipedia dataset

The bAbI question answering dataset;
the English Question Answer dataset

The WMT14 En-De dataset

WIKITEXT-103 LM; BOOKS is the
Toronto Books Corpus; WIKI-3B is
English Wikipedia

CoNLL-2003 data; Open-QA datasets

A 2 trillion token database

Generic webtext (C4), math papers
(arXiv), books (PG-19), code
(Github), formal theorems (Isabelle)

MNIST, Fashion-MNIST, IMDb movie
review dataset, lonosphere Dataset

Binary MNIST; CIFAR-10

CIFAR-10

CIFAR-10, CIFAR-100 and ImageNet

Adaptive Computation Time (ACT)—
an algorithm that allows recurrent
neural networks to learn how many
computational steps to take between
receiving an input and emitting an
output

PonderNet—a new algorithm that learns
to adapt the amount of computation
based on the complexity of the
problem at hand

The Universal Transformer (UT)—a
parallel-in-time self-attentive recurrent
sequence model which can be cast as a
generalization of the Transformer
model

kNN-LMs—an extension a pre-trained
neural language model (LM) by
linearly interpolating it with a
k-nearest neighbors (kNN) model;
kNN-LM achieves a new state-of-the-
art perplexity of 15.79—a 2.9 point
improvement with no additional
training

Augmentation of language model pre-
training with a latent knowledge
retriever, which allows the model to
retrieve and attend over documents
from a large corpus such as Wikipedia

Enhancement of auto-regressive
language models by conditioning on
document chunks retrieved from a
large corpus, based on local similarity
with preceding tokens

Extension of language models with the
ability to memorize the internal
representations of past inputs

Randomly sampling parameters as
opposed to using SGD has negligible
effects

Key to this work is a new measure of
how well one classifier explains the
performance of another, based on
conditional mutual information

An implicit connection between the
local entropy and the Hessian;
flatness-aware regularizers to
incorporate two metrics into the L20
framework for meta-training
optimizers to learn to generalize

Simple averaging of multiple points
along the trajectory of SGD, with a
cyclical or constant learning rate, leads
to better generalization than
conventional training
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Averaging
Lu et al. [93] The pre-trained DistilRoBERTa;

RoBERTa-Large

Zhang et al. Transformer-based neural machine
[94] translation models

Zhang et al. CNNs and ViTs
[95]

Adversarial training

Goodfellow
et al. [97]

Deep neural networks

Raghunathan Wide ResNet 40-2 models

et al. [98]

Bootstrapping

Huang et al.
[103]

Jung et al. [104]

Pre-trained large language models

Impossible-TS; GPT-3.5; ChatGPT

Meta-optimization
Chandra et al.
[108]

MLPs, CNNs, RNNs

Wu et al. [109] MLP network with two hidden layers of
100 units, with ReLLU activations;

CNN network

Avoiding solutions that are too simple

Clark et al. LXMERT—a transformer-based model
[115] that has been pre-trained on image-
caption data; the pre-trained uncased
BERT-Base model; ResNet-18

MLP with three hidden layers, ResNet-
20, and ResNet-18

Nam et al. [116]

Chuang et al.
[118]

LLaMA family models

The GLUE benchmark

ImageNet, CIFAR-10/100; the Penn
Treebank dataset; the WMT 2014
English-to-German dataset

CIFAR and ImageNet

The MNIST dataset

CIFAR-10; MNIST

GSMB8K; DROP; OpenBookQA;
ANLI-A3

Distilled dataset from 1.5B LMs

CIFAR-10

MNIST; CIFAR-10

Synthetic MNIST; VQA-CP v2 dataset;
the MNLI Hard sentence pair
classification dataset; ImageNet

Colored MNIST; Corrupted CIFAR-10

TruthfulQA; FACTOR (News/Wiki)

Adaptation of Stochastic Weight
Averaging (SWA), a method
encouraging convergence to a flatter
minimum, to fine-tuning PLMs; this
simple optimization technique is able
to outperform the state-of-the-art KD
methods for compact models

Lookahead—a new optimization
algorithm, that is orthogonal to
previous approaches and iteratively
updates two sets of weights

Lookaround - a straightforward yet
effective SGD-based optimizer
leading to flatter minima with better
generalization

The primary cause of neural networks’
vulnerability to adversarial
perturbation is their linear nature

The robustness-generalization trade-off:
linear extrapolation facilitates easy
generalization but compromises
robustness

LLM is capable of self-improving with
only unlabeled datasets

IMPOSSIBLE DISTILLATION—a
framework for paraphrasing and
sentence summarization, that distills a
high-quality dataset and model from a
low-quality teacher that itself cannot
perform these tasks

Showing how to automatically compute
hypergradients with a simple and
elegant modification to back-
propagation

Introduction of a toy problem, a noisy
quadratic cost function, on which the
authors analyze short-horizon bias by
deriving and comparing the optimal
schedules for short- and long-time
horizons

A method that can automatically detect
and ignore the dataset-specific patterns
(dataset biases)

A failure-based debiasing scheme by
training a pair of neural networks
simultaneously

Decoding by Contrasting Layers (DoLa)
approach obtains the next-token
distribution by contrasting the
differences in logits obtained from
projecting the later layers versus
earlier layers to the vocabulary space
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Learning diverse solutions

Teney et al.
[119]

A fully connected two-hidden layer
MLP classifier

Pezeshki et al.
[120]

A convolutional network with ReLU
nonlinearity

Controlling a known bias

Touvron et al. Vision Transformer

[124]

Ren et al. [125] Vision Transformer; CivT (cross

inductive bias transformer); ResNet;
RedNet

In-context learning
Jojic et al. [132] GPT-3 family of models

In-context learning
Min et al. [133] The pre-trained LM

Tool use

Parisi et al.
[136]

Transformer-based language models;
pre-trained T5 models

Komeili et al.
[137]

T5; BART-Large; BlenderBot variants;
Transformer

Tool use
Gao et al. [138]

ProgramAided Language models (PAL)

ImageNet-9; MNIST/CIFAR

CIFAR-10, CIFAR-100, and CIFAR-2;
Colored MNIST

Imagenet

ImageNet

A dataset of 100 random nonrepeating
digit sequences of length 5

142 NLP datasets

Natural Questions (NQ); MathQA

Collected dataset of human-human
conversations

BIG-Bench Hard

The simplicity bias can be mitigated and
out-of-distribution generalization
improved

Gradient Starvation arises when cross-
entropy loss is minimized by capturing
only a subset of features relevant for
the task, despite the presence of other
predictive features that fail to be
discovered

Competitive convolution-free
transformers by training on Imagenet
only; a teacher-student strategy
specific to Transformers

A distillation-based method to train
vision Transformers; lightweight
teachers with different architectural
inductive biases (e.g., convolution and
involution) to co-advise the student
Transformer

Execution and description of iterations
by regimenting self-attention (IRSA)
in one (or a combination) of three
ways: 1) Using strong repetitive
structure in an example of an
execution path of a target program for
one particular input, 2) Prompting
with fragments of execution paths, and
3) Explicitly forbidding (skipping)
self-attention to parts of the generated
text

MetalCL (Meta-training for InContext
Learning) - a meta-training framework
for few-shot learning where a pre-
trained language model is tuned to do
in-context learning on a large set of
training tasks

Tool Augmented Language Models
(TALM)—combining a text-only
approach to augment language models
with non-differentiable tools, and an
iterative “self-play” technique to
bootstrap performance starting from
few tool demonstrations

An approach that learns to generate an
internet search query based on the
context, and then conditions on the
search results to finally generate a
response

ProgramAided Language models (PAL)
- an approach that uses the LLM to
read natural language problems and
generate programs as the intermediate
reasoning steps
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Memory

Zhou et al. RECURRENTGPT; RNN A diverse set of genres of novels RECURRENTGPT—a languagebased
[142] including science fiction, romance, simulacrum of the recurrence

Packer et al.
[143]

Chen et al.
[144]

MemGPT (MemoryGPT)

Stable Beluga 2; MEMWALKER;
LLaMA 2 Chat

Mutli-step reasoning

Wang et al.
[145]

Yao et al. [146]

Besta et al.
[147]

Reflection

Madaan et al.
[149]

Reflection

Shinn et al.
[150]

Zhao et al.
[151]

Zelikman et al.
[152]

UL2; GPT-3; LaMDA-137B; PaLM-
540B

GPT-4

GPT-3.5; Llama-2

GPT-3.5 and GPT-4

CoT (GT); ReAct

ReAct and Act as main baselines
planning LLM agents

GPT-4

fantasy, horror, mystery, and thriller
novels

Multi-Session Chat dataset; augmented
MSC dataset, nested KV retrieval
dataset, and a dataset of embeddings
for 20M Wikipedia articles

QUuALITY, SummScreenFD, and
GovReport from the SCROLLS
benchmark

The Math Word Problem Repository;
CommonsenseQA

Game of 24; for a creative writing task
where the input is 4 random
sentences; 5x5 mini crosswords

Different prompts

A single LLM as the generator

HotPotQA; multi-step tasks in common
household environments in AlfWorld;
code writing tasks in competition-like
environments with interpreters and
compilers in HumanEval; MBPP;
LeetcodeHard

HotpotQA; ALFWorld and WebShop;
FEVER

Code generation using LMs as meta-
optimizers

mechanism in RNNs

Virtual context management—a
technique drawing inspiration from
hierarchical memory systems in
traditional operating systems which
provide the illusion of an extended
virtual memory via paging between
physical memory and disk

MEMWALKER—a method that first
processes the long context into a tree
of summary nodes

A decoding strategy, self-consistency, to
replace the naive greedy decoding
used in chain-of-thought prompting

“Tree of Thoughts” (ToT) - a
framework for language model
inference which generalizes over the
popular “Chain of Thought” approach
to prompting language models, and
enables exploration over coherent
units of text (“thoughts”) that serve as
intermediate steps toward problem
solving

Graph of Thoughts (GoT) - a framework
that advances prompting capabilities
in large language models (LLMs)
beyond those offered by paradigms
such as Chain of Thought or Tree of
Thoughts (ToT)

SELF-REFINE - an approach for
improving initial outputs from LLMs
through iterative feedback and
refinement

Reflexion—a framework to reinforce
language agents not by updating
weights, but instead through linguistic
feedback; Reflexion achieves a 91%
pass@1 accuracy on the HumanEval
coding benchmark

Experiential Learning (ExpeL) agent
that autonomously gathers experiences
and extracts knowledge using natural
language from a collection of training
tasks

Demonstration that LMs like GPT-4 are
capable of improving code that
leverages the LM itself
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