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Abstract
There is a vast amount of textual data available
from various sources such as websites, news
articles, and academic manuscripts, and it can
be easily accessed through datasets like the
common crawl, which is almost 541TB in
size. However, training large language models
(LLMs) from scratch on these large datasets
can be computationally infeasible in many
settings. While there have been efforts to make
LLM training more accessible, there has not
yet been much exploration into the possibility
of effectively distilling large-scale textual
data as a solution. While we find that the
dataset distillation approaches proposed in the
vision community might be ineffective in the
LLM setting, we hope that our work will help
motivate 1) theoretical investigations into the
minimum amount of information required to
train performative LLMs, 2) investigations into
understand the compositionality of the compact
linguistic knowledge, 3) investigations into
other more effective dataset distillation
methods. More information can be found
in https://github.com/XindiWu/
LLM-Distillation/tree/llm.

1 Introduction

As language models continue to grow to unprece-
dented scales, it becomes increasingly important
to focus on techniques that ameliorate the grow-
ing problem of the inaccessibility of these models
in consumer settings. While various frameworks
aimed at distilling trained LLMs themselves into
smaller (yet performant) models have been studied
extensively in the recent past, an area that has not
received much attention in the LLM space is the
problem of dataset distillation.

Recent LLMs have been trained on increasingly
larger and larger datasets. Training on these enor-
mous datasets can be prohibitively expensive in

0From The office: "Why Waste Time When Few Word
Do Trick". https://www.youtube.com/watch?v=
_K-L9uhsBLM

Figure 1: Illustration of our proposed schema for
LLM dataset distillation. It includes two steps, the
inner loop focuses on training the language model from
scratch, the outer loop focuses on updating the distilled
dataset.

terms of both compute and storage not only on con-
sumer devices, but even in many commercial or
research settings. This issue motivates a new av-
enue for optimization - dataset distillation. Dataset
distillation is a problem that aims to distill large
amounts of data down to smaller (filtered or syn-
thetically generated) datasets that can be used to
train models which are ideally as performant as
models trained using the original data.

Deep learning methods have made large strides
in building task-specific models, but are shown to
easily forget past knowledge when learning new
tasks. One way to address this issue is to build mod-
els that can compress a large amount of information
into a small memory storage space. The dataset
distillation mechanism would allow the model to
quickly retrieve memories from the past and re-
cover the corresponding skills. Our goal is to un-
derstand the critical data information from dataset
distillation perspective and aim to encode the in-
formation of optimized LLMs weights through a
small synthetic dataset. We will further provide
in-depth understanding of what would be the min-
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imum information for LLMs to learn in order to
quickly recover a good performance. Fundamen-
tally we are trying to understand how to decouple
knowledge encoded in LLMs with dataset distill-
tion approaches.

2 Related Work

The question of whether it is possible to generate
synthetic examples that contain a high density of
information and are further used to train models has
been studied more so by the computer vision com-
munity. Dataset distillation was first proposed in
(Wang et al., 2018) where the authors showed that
training set of a few synthetic data points be used
in conjunction with convolutional neural networks
such as LeNet, AlexNet to achieve competitive per-
formance on MNIST and CIFAR10 datasets.

Later, (Zhao et al., 2020; Zhao and Bilen, 2021;
Cazenavette et al., 2022; Lee et al., 2022; Jiang
et al., 2022) explored different ways of perform
gradient or trajectory matching, many of which
are studied in meta-learning approaches. Those
approaches focused on matching the gradients that
would arise when the model is trained using real
data to those which arise when it is trained us-
ing synthetic data. Instead of matching the final
weights of neural networks, another thread of work
(Zhao et al., 2020; Wang et al., 2022; Lee et al.,
2022) focuses on matching feature distributions
of the real and synthetic data in the latent embed-
ding space to better align features or preserve real-
feature distribution. While most of these methods
created synthetic datasets consiting of synthetic in-
puts paired with real labels, some more recent stud-
ies have also experimented with using soft trainable
synthetic labels.(Sucholutsky and Schonlau, 2021;
Bohdal et al., 2020).

Many of these works use a bilevel optimization
framework to create synthetic data where an in-
ner loop trains an initialized model to convergence
using the current version of the synthetic dataset,
while the outer loop goes on to evaluate the predic-
tions of these trained models on real data and use
the associated loss as a training signal to optimize
the synthetic dataset. This bilevel optimization can
be computationally intensive and there has been
some work attempting to increase the efficiency
of the framework. (Lorraine et al., 2020; Nguyen
et al., 2020, 2021; Vicol et al., 2022; Zhou et al.,
2022; Nguyen et al., 2020).

There is a vast amount of textual data available

from various sources such as websites, news arti-
cles, and academic manuscripts, and it can be easily
accessed through datasets like the common crawl,
which is almost 541TB in size. However, train-
ing large language models (LLMs) from scratch on
these large datasets has become increasingly expen-
sive. While there have been efforts to make LLM
training more accessible, there has not yet been
much exploration into the possibility of effectively
distilling large-scale textual data as a solution. One
of the main challenges of distilling textual data
is that it is inherently discrete, meaning that each
word must belong to a limited vocabulary. In ad-
dition, there is a rich underlying structure to text,
with sentences following fixed patterns according
to grammar, and the context in which a piece of
text is used can greatly affect its semantic inter-
pretation. (Sucholutsky and Schonlau, 2021) use a
latent-embedding method for condensing text data.
Essentially, they avoid the discrete nature of opti-
mization by performing distillation in a continuous
embedding space. Specifically, they utilize a fixed
text-encoder to learn continuous representations of
each word in the condensed text and optimize them
using the BPTT data-distillation framework pro-
posed by (Wang et al., 2018). The condensed text
representations are then decoded using a nearest-
neighbor approach.

3 Method

In this section, we introduced the two dataset dis-
tillation frameworks we implemented, including
(Deng and Russakovsky, 2022) and (Wang et al.,
2018).

3.1 Problem Formulation

Consider a model fθ which has been initialized
using the weights θ0 ∼ Θ. Traditionally, given a
training set D = {xi, yi}Ni=1 and a loss function ℓ,
one may attempt to find the optimal weights

θ∗ = argmin
θ

1

N

N∑
i=1

ℓ (fθ(xi), yi) . (1)

using some gradient-based optimization methods.
The problem of dataset distillation involves cre-

ating a synthetic dataset S = {x̂i, ŷi}Mi=1 such
that M ≪ N which can be used to train a model
(whose weights are initialized to ϕ0 ∼ Θ) to reach
some final weights ϕ∗ such that fθ∗ ≈ fϕ∗ when
evaluated over the input distribution.



Figure 2: Bilevel Optimization Structure. Distilling a large-scale language dataset into compressed representation.
A general dataset from X to Y , can be distilled into these compressed representations for recall and model re-
training.

Some formulations also return a sequence of step
sizes N = {η̂t}Tt=1. These are to be used while
performing T gradient-based updates of the model
of the form

ϕt+1 = ϕt − η̂t∇θ

 1

M

M∑
j=1

ℓ(fθ(x̂j), ŷj)

∣∣∣∣∣∣
θ=ϕt

(2)
This procedure described in 2 is referred to as

the inner-loop optimization.
Finally, the model trained using the synthetic

dataset fϕT
is evaluated on the original training set

D to obtain a “generalization" loss L(S,N).
We can now compute the gradients of L with

respect to S and N and perform updates

[Sτ+1,Nτ+1] = [Sτ ,Nτ ]−α∇[S,N]L(S,N)
∣∣
S=Sτ
N=Nτ

(3)
Equations 2 and 3 taken together comprise one

iteration of the so-called outer loop optimization.
By performing several iterations of the outer loop
optimization, we can arrive at an [S,N] which com-
prises the distilled dataset and the associated step
size. These final values of [S,N] can be used to
train a model from scratch.

3.2 Implementation Details

In our case, f is a large language model. Owing
to computational bottleneck concerns, we opted to
use BERT-Tiny (Bhargava et al., 2021; Turc et al.,
2019) while performing our data distillation experi-
ments so far. However, we hope to extend our work
to DistilBERT, BERT and RoBERTa Base as well
in the future.

Also, since this formulation requires the syn-
thetic dataset S to be differentiable, we fed to-
ken embeddings directly into the model during the
inner-loop optimization rather than token IDs.

Although L is a function of S and N, it is non-
trivial to compute the gradients of L with respect to
[S,N] because of the multiple inner-loop iterations
performed in 2 to train f from scratch. Backprop-
agation through time (BPTT) (Werbos, 1990) is
an algorithm which is traditionally used to train
recurrent neural networks on sequential data. It
involves unrolling the RNN over a fixed number of
time steps and using gradient descent to optimize
the network’s parameters.

After the inner-loop optimization in our dataset
distillation framework 3, we use BPTT to calculate
the gradients ∇[S,N]L(S,N).

Since we implement all our code using the Py-
Torch python library (Paszke et al., 2019), we can
use torch.autograd module to perform the
gradient computations internal to a single inner-
loop iteration. However, owing to memory con-
straints, it is infeasible to carry out these gradient
computations all the way from L to [S,N]. Be-
cause of this, we use the algorithms proposed by
(Maclaurin et al., 2015; Domke, 2012) to carry out
the full backpropagation for the outer loop opti-
mization.

In practice, it is not always possible to perform
full-batch gradient descent for equations 2 and
3 owing to memory constraints. Hence, we use
batches of synthetic and real data drawn from Sτ

and D respectively in our implementation. We
present our algorithm in 1.

4 Experiments

4.1 Evaluation Test-Bed

For choices of datasets to attempt to distill, we
mainly consider the following four standard lan-
guage datasets which are widely used in prior
works on text classification.

Rotten Tomatoes: The Rotten Tomatoes (Pang



Figure 3: Unrolled Optimization. L is the training loss, in our case, we use the cross entropy loss to measure how
accurately the text is classified to the right label. At step k, the model parameter and gradient are denoted as ω(k)

and g(k). The black solid line denotes a forward pass and the red dashed line denotes a backward pass. S here is the
distilled dataset.

and Lee, 2005) dataset consists of movie reviews
and ratings from the Rotten Tomatoes website,
along with metadata about the movies. It includes a
total of around 586,000 movie reviews, with around
290,000 labeled as positive and around 296,000 la-
beled as negative.

AG News: The AG News (Zhang et al., 2015)
dataset consists of news articles from various
sources, along with labels indicating the category
of the article. It includes a total of around 120,000
news articles, with around 30,000 articles in each
of the four categories (World, Sports, Business, and
Science/Technology).

IMDB: The IMDB (Maas et al., 2011) dataset
consists of movie reviews from the Internet Movie
Database (IMDB). It includes a total of around
50,000 movie reviews, with around 25,000 labeled
as positive and around 25,000 labeled as negative.

SST-2: The SST-2 (Socher et al., 2013) dataset is
a subset of the Stanford Sentiment Treebank (SST)
that consists of movie reviews annotated as either
positive or negative. It includes a total of around
8,600 movie reviews, with around 4,300 labeled as
positive and around 4,300 labeled as negative.

Implementation. We conduct all our experi-
ments on a single GTX 3090 GPU with 24-GB
VRAM. We train both our baseline models and
our distillation framework using 100 epochs over
the training data (for outer loop optimization in
the case of the distillation experiments) with early
stopping if convergence occurs before the 100th
epoch. For the baseline experiments, we use an
SGD optimizer and for the distillation experiments,
we use Adam to optimize the synthetic inputs S

Model / Dataset SST-2 RT IMDB AG News
TinyBERT 80.96 78.99 87.44 93.22
DistilBERT 80.74 78.71 87.32 92.97
BERT Base 93.35 84.71 93.86 94.46

RoBERTa Base 93.35 88.46 95.11 94.98

Table 1: Baseline Results: Here we report the baseline
validation accuracies on four datasets with four different
models.

SST-2 RT IMDB AG News
TinyBERT 0.61 0.57 0.62 0.36
DistilBERT - - - -
BERT Base - - - -

RoBERTa Base - - - -

Table 2: Distillation Results: Here we report peak val-
idation accuracy on four datasets while distilling via
TinyBert. Note that these distillation runs were unsuc-
cessful and our framework failed to converge.

and step sizes N.

5 Results

Using our experimental setup described above, we
derive the following baseline results shown in Ta-
ble 1 and the distilled experiments in Table 2. As
we can see for each of the datasets, the baseline
numbers and fairly high.

For each of the distillation experiments, we eval-
uated the model’s accuracy (on the validation set
of the corresponding dataset) when trained using
[S,N] after every epoch (outer loop).

Unfortunately, our dataset distillation pipeline
remains very unstable and reliably fails to converge.
We observed across various different settings of



Algorithm 1 Dataset Distillation for LLMs
1: hyperparameters: Momentum rate β0, β1,

learning rate α0, α1 for θ and ϕ respectively.
2: input: Dataset D, loss function ℓ(·, ·)
3: Initialize synthetic embeddings S and learning

rates N
4: repeat
5: Randomly initialize model parameters θ0
6: Initialize momentum m⃗0 = 0
7: for t = 1 to T do
8: Sample a minibatch Bs = {(xi′, yi)}

from S
9: Compute

L = 1
|Bs|

∑|Bs|
i=1 ℓ(fθt−1(xi

′), yi)
10: Update momentum

m⃗t = β0m⃗t−1 +
dL

dθ⃗t−1

11: Update θ⃗t = θ⃗t−1 − α0m⃗t

12: end for
13: Sample a minibatch B = {(xi, yi)} from

D
14: Compute

L(S,N) = 1
|B|

∑|B|
i=1 ℓ(fθT (xi), yi)

15: Update [S,N]
16: until Converge

the hyperparameters of the distillation framework
that any apparent increase in accuracy seemed to
quickly be completely undone in the next epoch
as the model reverted back to chance performance.
We present a thorough analysis of why we believe
this was the case in the following section.

6 Discussion

As mentioned above, while optimizing our distilled
datasets, our models performed barely over chance
when we experimented with distilling the 4 datasets
mentioned in section 4.1. We remain confident in
our theoretical understanding and implementation
of the backpropagation through time algorithm and
it is unclear where the pipeline breaks down. We
experimented over a range of hyperparameters such
as learning rate and scheduling, batch size, number
of inner and outer loop optimizations, etc and we
were still unable to achieve presentable results. We
present a short analysis of a few possible reasons
why we believe our methodology as described in
section 3.

We hypothesize that the main reason for the poor
performance of synthetic data in our LLM-based

distillation pipeline is that transformer models (by
virtue of their inductive biases) tend to model func-
tions which are highly sensitive to their inputs. We
believe that CNNs and previous language mod-
els like TextConvNet on which data distillation
has successfully been shown, model mathematical
functions which are more well-behaved in terms of
Lipschitzness. The reason why we believe dataset
distillation works so well for CNNs and RNNs
is that smoothly changing the input results in a
smooth change in the output as well. We believe
this property does not hold to the same degree in
transformers, wherein small perturbations to the in-
put, cause the output change by a significant factor.
We think that this makes it significantly harder to
optimize S by backpropagating gradients through
the entire sequence of inner-loop iterations.

7 Limitations

The "No Free Lunch" theorem (Wolpert and
Macready, 1997) states that no single learning al-
gorithm is guaranteed to be the best for all tasks.
This also applies to dataset distillation, where the
effectiveness of a data summary is influenced by
the learning algorithm and objective function used
during the distillation process. These choices rep-
resent encoded inductive biases, which can impact
the ability of the summary to generalize to new
data. It is important to consider these biases when
selecting a dataset distillation technique, as they
can significantly impact the resulting performance.

Previously, dataset distillation techniques have
only been tested in situations where there is a very
small amount of data (usually 1 to 50 data points
per class). However, (Cui et al., 2022) found that
when the size of the condensed data is increased,
most distillation methods perform similarly to ran-
domly sampling data. While this decrease in per-
formance is expected, it occurs much more quickly
with larger condensed data sets. Therefore, it is im-
portant to further study the reasons for this decline
in performance and explore potential solutions if
data distillation is to be used as a replacement for
training with full datasets. If it proves to be im-
possible to address this limitation, there may be
limited utility to data distillation frameworks as a
whole.

One potential drawback of our current frame-
work is that the inner optimization loop is very
time-consuming, and it would be even more chal-
lenging to apply it to larger datasets. As we have



also reasoned in section 6, this bilevel framework
makes optimization difficult. We intend to explore
other learning frameworks, some methods that are
known to ameliorate instability, and other closed-
form solutions as a way to address this issue in our
next steps.

8 Conclusion

8.1 Future Work

While our primary goal remains to work on mend-
ing our dataset distillation pipeline until we see
positive results, there are many exciting ways in
which we can extend this work. We discuss a few
ideas below that we could potentially explore once
we have a working distillation pipeline.

In-Context Learning: We hope to see if dataset
distillation methods are applicable in the in-context
learning setting. Our first move towards this goal
will be to test whether the synthetic examples from
distilled datasets can be used as viable prompts and
compare the results prompts created using demon-
strations randomly chosen from the original train-
ing set. In the text setting, distilled examples are
represented my matrices in the embedding space.
We hope to map these embeddings back to text by
mapping each synthetic embedding to it’s closest
word embedding. After doing so, we would like
to see if these synthetic text examples can make
for viable prompts in the k-shot prompting setting.
We believe that this might be a promising avenue
because finding a way to distill the knowledge of
the entire training set into a few synthetic demon-
strations could potentially make for very potent
prompts. These synthetic embeddings are likeley
to be incoherent and not grammatically sound, so
it would be interesting to see if they could yield
similar levels of performance as data from the real
dataset.

More Complex Tasks: Another important ex-
tension to our work would be to test this dataset
distillation pipeline on a broader variety of tasks.
We are especially curious to see how this pipeline
would work with tasks that rely more on coherence
and grammatical soundness of its inputs, for exam-
ple, named entity recognition. We can also extend
to more complex entailment and understanding-
based tasks to see if the models can learn "more
challenging" skills with smaller amounts of data.

Different Optimization Methods: Yet another
way we would like to extend our work is to po-
tentially explore optimization algorithms beyond

stochastic gradient descent (for the inner loop op-
timization). The main reason we hope to try this
is that SGD is no longer the state-of-the-art opti-
mization algorithm used to train and finetune large
language models. A natural extension to this work
would be to use Adam to optimize the synthetic
dataset. However, it remains unclear how we could
do so.

8.2 Broader Impact

Improved efficiency: Distilling a large dataset into
a smaller one can significantly improve the effi-
ciency of the training process, making it faster and
more practical to use in real-world applications.
For the same number of gradient steps, dataset dis-
tillation can achieve much higher performance as
opposed to optimizng on the standard dataset.

Increased accessibility: By making it easier to
deploy and use large language models, data distil-
lation can increase the accessibility of advanced
techniques to a wider range of users and organiza-
tions.

Ethical considerations: Language data distilla-
tion raises a number of ethical considerations, such
as the potential for bias in the data used to train
the larger model and the potential for the smaller
model to perpetuate that bias. It is important for
practitioners to be aware of these issues and to
take steps to address them. Another ethical con-
sideration would be that dataset distillation could
possibly make it easier for adversarial attackers to
exploit models.

Economic implications: The development and
use of large language models has significant eco-
nomic implications, as these models have the po-
tential to transform a wide range of industries. Data
distillation can make it more feasible for organiza-
tions to adopt and use these models, which could
drive innovation and economic growth while simul-
taneously minimizing environmental costs.
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