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Abstract

A compression algorithm framework is developed in this master thesis to com-
press neural network models. Within this framework, weight matrices that are
suitable for compression are identified and then reduced using low-rank approxi-
mation methods. Accordingly, a key component of the algorithm is determining
the truncation rank to apply to the selected weight matrices. The framework is
evaluated on Transformer models, and it is found that the truncation rank config-
uration chosen by the algorithm yields better compression results than baseline
low-rank compression methods. Various scenarios are examined, including the
compression of fine-tuned models and pre-trained models, both when samples
from the target datasets are available and when they are not.

Keywords : Transformers · Neural network compression· SVD · Low-rank
approximation · Matrix rank · Fine-tuning
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1 Introduction

Transformer models are everywhere, serving as the foundation for generative
AI systems such as chatbots and image generators. These models are typically
very large, making both training and everyday use computationally intensive,
thus costly, and environmentally impactful due to datacenter emissions. Conse-
quently, compression of AI models can provide significant benefits by reducing
model size while preserving performance.

In this study, compression is achieved by exploiting the rank property of the
matrices that constitute Transformer models. The rank quantifies the redun-
dancy of information within a matrix. Matrices with low rank contain a lot of
redundant information and are therefore prime candidates for compression. A
modular framework for compressing Neural Network models in various contexts
is explored and evaluated on Transformer models. The framework’s design allows
it to be applied beyond the scenarios examined in this work, enabling further
extensions and adaptations. The study begins by reviewing key matrix proper-
ties related to low-rank factorization and by presenting the general transformer
architecture, followed by a description of the specific models and benchmark
datasets used here, and a literature review. The next section presents a modular
compression framework, detailing its hyper-parameters and how they are chosen
for various scenarios. Finally, the numerical results are shown and discussed
in comparison to baseline compression methods. The result is a compression
framework that works well and outperforms baseline methods on several tasks.

The code repository with scripts to reproduce the results is available at:
https://drive.google.com/drive/folders/1AkpjavGN36AziuIbmQGZkZFRAy0F40li?usp=sharing
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2 Background

2.1 Low-rank factorization

Fundamental results and definitions related to low-rank matrix factorization are
recalled here, and at the same time, some of the notations that will be used later
are introduced.

Singular Value Decomposition (SVD)

The Singular Value Decomposition (SVD) of a matrix decomposes it into the
product of 3 matrices.

Theorem 1 (Singular Value Decomposition (SVD) [12]). If A is a real m × n
matrix, then there exist orthogonal matrices U = [u1 | · · · | um] ∈ Rm×m and
V = [v1 | · · · | vn] ∈ Rn×n such that

A = UΣV ⊤, where Σ = diag(σ1, . . . , σp) ∈ Rm×n, p = min{m,n}, (1)

σ1 ≥ σ2 ≥ · · · ≥ σp ≥ 0 are the singular values of A, and ui, vi are the
corresponding left and right singular vectors.

The SVD of a matrix A ∈ Rm×n is typically computed in two steps: first,
reducing A to a bidiagonal matrix (costing O(mn2) flops), and then computing
its SVD (requiring O(n) iterations, each of O(n) flops). The total cost is O(mn2),
or O(n3) for square matrices [21].

Rank of a matrix

The column rank of a matrix A ∈ Rm×n is the dimension of the subspace spanned
by its columns. Similarly, the row rank is the dimension of the subspace spanned
by its rows. The row rank and the column rank of a matrix A are equal [2]
(we will denote both terms as rank). The rank is also the number of non-
zero singular values of a matrix [12]. We say a matrix A ∈ Rm×n is full rank
when rank(A) = min{m,n}. In practice, the rank indicates how redundant the
information inside a matrix is (i.e. a low-rank matrix contains highly redundant
information).

SVD as best low-rank approximation

The best rank-k approximation of A ∈ Rm×n is given by its truncated SVD.

Theorem 2 (Eckart–Young Theorem [12]). Let A ∈ Rm×n have rank r, and
suppose k < r. Let

Ak =

k∑
i=1

σiuiv
⊤
i , (2)

where σi are the singular values of A and ui, vi are the corresponding left and
right singular vectors. Then

min
rank(B)=k

∥A−B∥2 = ∥A−Ak∥2 = σk+1 (3)
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The matrix Ak is the closest rank-k matrix to A in both the spectral and Frobenius
norms.

In practice, Ak is often expressed as the product of three truncated matrices
Uk ∈ Rm×k, Σk ∈ Rk×k, Vk ∈ Rn×k where Vk, Uk, Vk are respectively obtained
by keeping the first k columns of U,Σ, V and such that Ak = UkΣkV

T
k . In the

following, k will be denoted as the truncation rank.

2.2 The general Neural Network Model

The concepts and notations used to describe general Neural Network models are
introduced here.

Let’s consider some data {X,Y}, where X ∈ Rn×d0 contains n input vec-
tors of dimension d0, and Y ∈ Rn×c contains their corresponding c-dimensional
targets.

A neural network model with L layers is denoted by ML
W , where W = {Wk ∈

Rmk×nk}Kk=1 is the set of weight matrices. The weights are grouped by layer,
with W (ℓ) containing all weights used in the ℓ-th layer.

W =

L⋃
ℓ=1

W (ℓ)

The output of layer ℓ is denoted h(ℓ) ∈ Rn×dℓ , with h(0) = X. This output
is generally computed as:

h(ℓ) = fℓ

(
h(ℓ−1);W (ℓ)

)
The architecture of a neural network can be conceptualized through W and a
sequence of functions fℓ : Rn×dℓ−1 → Rn×dℓ , with ℓ = 1, . . . , L. Each fℓ specifies
both the organization of weights W (ℓ) and the operations that transforms the
previous layer’s output h(ℓ−1) ∈ Rn×dℓ−1 into the current layer’s output h(ℓ) ∈
Rn×dℓ . Therefore, the final prediction after L layers is :

Ŷ = ML
W (X) = h(L)

The weight matrices W are learned by minimizing a loss function L(·) that
measures the difference between predictions and targets.

W ∗ = arg min
W
L
(
Y,ML

W (X)
)

For low-rank compression, let R = (R1, R2, . . . , RK) be a rank configuration
where each Rk ≤ min(mk, nk). The set of compressed weight matrices WR is
obtained by truncating each Wk to rank Rk. The resulting compressed network
is denoted ML

WR
, and its weights are optimized via

W ∗
R = arg min

W
L
(
Y,ML

WR
(X)

)
6



In practice, we approximate W ∗
R rather than compute it exactly.

Note : In the following sections Y will be reserved to denote model outputs
instead of target labels.

2.3 The Transformer architecture

The architecture of the models used in this work is described here. They all
belong to the same class of models, namely Transformer models. For this reason,
a breakdown of the transformer’s general architecture, as well as the specific
architectures used for benchmarking, is provided here.

Transformer models were first introduced in 2017 by Ashish Vaswani and its
team at Google Brain with the well-known paper attention is all you need [38].
Transformers are generally used in Natural Language Processing (NLP) to pro-
cess or generate textual data. These models leverage an efficient mechanism
known as multi-head attention to parallelize computation and highlight the con-
text of the words in their respective sentences. An illustration of the general
transformer architecture is given in Figure 1.

Figure 1: The Transformer architecture [38]. The encoder is on the left and the
decoder is on the right. N is the number of layers (denoted by L in this work).

We can see that the Transformer is composed of different architectural blocks.
These blocks will be described in the following sections. All the Transformer
model implementations used in this work come from the HuggingFace’s Trans-
formers library [40].
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Word Embedding. Before a Transformer can process raw text, the text
must first be broken into discrete units called tokens. A tokenizer is the compo-
nent that performs this step. The tokenizer takes a sentence and splits it into
tokens, which may be words, subwords, or punctuation marks, depending on the
specific tokenization scheme. Each token is then assigned to a unique integer
index in a fixed vocabulary of size nvocab. In practice, one often represents each
token index as a one-hot vector of length nvocab, so that a batch of B sentences
each of length seq can be viewed as a tensor X ∈ RB×seq×nvocab . The input em-
bedding layer projects these sparse one-hot encodings into a dense, continuous
feature space of dimension dmodel. Concretely, it replaces each token’s one-hot
vector by the corresponding row of the word embedding layer W ∈ Rnvocab×dmodel .
After this, the model’s input becomes a tensor X ∈ RB×seq×dmodel , where each
token is represented by a learned dmodel-dimensional vector representing the fea-
ture dimension. For the following, we will set n = B × seq, so that the input
tensor becomes an input matrix denoted by X ∈ Rn×nvocab and the output of the
word embedding by X ∈ Rn×dmodel . More generally, n will denote the number of
tokens of any feature matrix.

Positional Encoding. The problem with this text input format is that
the model has no information about the ordering of the words within the input
sequence. To address this, a special vector called positional encoding is added
to each word’s embedding. This vector provides information about the position
of the word in the sequence. Unlike word embeddings, positional encodings are
not learned during training. Instead, they are computed using a fixed formula
based on sine and cosine functions:

PE(pos,2i) = sin

(
pos

10000
2i

dmodel

)

PE(pos,2i+1) = cos

(
pos

10000
2i

dmodel

)
where pos is the position of the word in the sequence, i is the index of the

elements of its embedding vector in the word embedding layer and dmodel is the
size of the word embeddings.

Self-Attention. The input of the self-attention mechanism is a set of 3
matrices Q ∈ Rn×dk , K ∈ Rn×dk , V ∈ Rn×dv called the query, key and value
matrices. These input matrices can come from the outputs of some architectural
blocks of the transformer. An attention score is computed by taking the dot
product between the query matrix Q ∈ Rn×dk and the key matrix K ∈ Rn×dk .
The resulting attention score is then scaled by

√
dk, to stabilize gradients during

training. The scaled score is passed through a softmax function (e.g. Eq 4) to
normalize it into a probability distribution. Finally, the normalized attention
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score is multiplied by the value matrix V ∈ Rn×dv to produce the output of the
self-attention layer. Mathematically, this process is expressed as:

Attention(Q,K, V ) = softmax

(
QKT

√
dk

)
V

When the query, key and value matrices are just copies of some token embed-
ding sequence x ∈ Rn×d, with dk = dv = dmodel, the output of the self-attention
layer can be interpreted as a refined version of the input sequence, where the
features of tokens that are strongly related to other tokens in the sequence are
accentuated. This allows the model to capture contextual relationships within
the input sequence. In other words, tokens that are more relevant (i.e., more
strongly related to other words in the sequence) will have their features high-
lighted, while less relevant tokens will have their features weakened.

If dk = dv = dmodel, the computational complexity of the attention mech-
anism is O(n2dmodel) = O(n2) and is thus quadratic in the token embedding
sequence length.

Multi-Head Attention.

Figure 2: Multi-Head Attention block [38]

A Multi-Head Attention layer extends the Self-Attention mechanism by using
multiple attention blocks in parallel. Each attention block is called an attention
head. While a Self-Attention layer computes attention scores for a single set
of Query (Q), Key (K), and Value (V ) matrices, a Multi-Head Attention layer
replicates this process h times (where h is a hyperparameter). In addition,
each head, denoted by headi, has its own set of learned weight matrices W i

Q ∈
Rdmodel×dk , W i

K ∈ Rdmodel×dk , W i
V ∈ Rdmodel×dv , where i ∈ {1, . . . , h}, that

linearly project the input Q,K, V ∈ Rdmodel×dmodel .

The outputs of these h heads are concatenated and then projected using
an additional learned weight matrix WO ∈ Rhdv×dmodel . Mathematically, this is
expressed as:
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MultiHead(Q,K, V ) = Concat(head1, . . . ,headh)WO

where headi = Attention(QWQ
i ,KWK

i , V W V
i )

To maintain computational efficiency, the feature dimension of the Query,
Key, and Value matrices in each head is typically divided by h compared to
their dimension in a single Self-Attention layer (i.e. dk = dv = dmodel/h). This
ensures that the overall computational cost of Multi-Head Attention remains
similar to that of Self-Attention, while allowing the model to capture diverse
patterns and relationships in the data through multiple attention heads.

Masked Multi-Head Attention. The Masked Multi-Head Attention is
very similar to the Multi-Head Attention layer but here, the attention matrix
is forced to be lower-diagonal (upper-diagonal values are set to 0) so that the
model can not see in the future while predicting words during training.

Add & norm. Add & Norm layers are quite simple, they rely on 2 opera-
tions. The first operation is the addition : for instance, the input of a layer is
added to its output. This addition part is often denoted as a skip connection.
One of its role is to help the gradients to backpropagate during training, avoid-
ing gradient vanishing problems [4]. The second operation is the normalization,
where the output of a layer is normalized across the feature dimension.

Feed Forward. A feed forward layer is just a regular linear weight matrix
that multiplies an input vector and adds a bias term.

Encoder and Decoder. The Encoder and the Decoder are the core building
blocks of a transformer model. The encoder is the left block in Figure 1 and
the decoder is the right block. In a transformer, an encoder is composed of a
Multi-Head Attention layer with a Feed Forward layer, each of them connected
with an Add & Norm layer. In the original paper [38], L = 6 decoder layers
are stacked together. Intuitively, the goal of the encoder is to produce a low-
dimensional representation of the input. A decoder is composed of a Masked
Multi-Head Attention layer, a Multi-Head Attention layer that takes the output
of the encoder as Query and Key matrices and the output of the Masked Multi-
Head Attention layer as a Value matrix. The final block of a decoder is generally
a Feed Forward layer and each blocks are connected with an Add & Norm layers.
In the original paper [38], L = 6 decoder layers are stacked together. The goal of
the decoder is to produce a word from the low-dimensional representation of the
encoder and from the word it had predicted at the previous step (the words are
predicted one by one). Therefore, the output of the encoder can be computed
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once but a forward pass through the decoder has to be computed each time a
word is predicted.

Classification Head. When using a Transformer model for task-specific
applications like classification, additional layers are often appended to the archi-
tecture. For classification tasks, the model must produce a vector of classification
scores for each class. Suppose the final layer of the Transformer outputs a ma-
trix Y ∈ Rn×dmodel . To classify inputs into c classes, we add a classification head
on top of the Transformer, which is a learnable weight matrix Wcls ∈ Rdmodel×c.
This matrix projects the Transformer’s output to a matrix Y ∈ Rn×c, containing
raw scores (i.e. logits) for each class. Note that n can also represent the number
of input sentences instead of the number of input tokens.

The logits are then passed through a softmax layer:

softmax(z)ij =
ezij∑c
k=1 e

zik
, (4)

where zij = Yi,j . The softmax transforms each row of the matrix into a probabil-
ity distribution, ensuring the sum of probabilities for each input equals 1. The
resulting element (i, j) represents the probability that the i-th input belongs to
class j.

Practical considerations. In order to make the connection with the no-
tations introduced in section 2.2, each layers ℓ of a Transformer is an encoder
and/or a decoder fℓ with its set of weight matrices W (ℓ). These layers contain
multi-head attention mechanisms with key, query, value, and feed forward weight
matrices. The word embedding and the classification head are also considered
as layers but they are respectively replicated once before and after the L − 2
encoder and/or decoder layers. We also assume that the feature dimension is
constant across layers : dℓ = dmodel, with ℓ = 1, . . . , L.

In practice, we consider two types of Transformer models: pretrained mod-
els and classification models. Each pretrained model consists of two modules:
the embedding module, which includes word embedding and position embedding
layers, and the backbone module, which contains multi-head attention mecha-
nisms and feed-forward weight matrices. Pretrained models are trained on very
general data to learn efficient text representations but are not fine-tuned on any
specific tasks. Classification models share this structure but include an addi-
tional classification head on top of their backbone module, which is specific to
a given task. The input to a Transformer model is normally processed by the
embedding module, although it can be bypassed so that the input is fed directly
to the backbone. Similarly, the output of classification models may be taken
either after the backbone module or after the classification head. In later sec-
tions, pretrained models will be denoted by ML

W,Pre and classification models

by ML
W,Cls. The notation ML

W serves as a general representation for any model
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when no specific type is specified (i.e. not limited to transformer architectures,
and including but not limited to pretrained or classification models). Figure 3
summarizes the structure of the modules.

Figure 3: Left : pretrained model ML
W,Pre with embedding module followed by

L backbone layers. Right : classification model ML
W,Cls, with a classification

head after the backbone layers. The input of the models can be fed before
the embedding or before the backbone and the outputs can be taken after the
backbone or after the classification head (for the classification model).

2.3.1 BERT

BERT-base is the smaller version of the BERT model [10], introduced by Google
in 2018. It follows an encoder-only architecture, meaning it is composed entirely
of Transformer encoder layers and does not include any decoder component.
Specifically, BERT-base stacks L = 12 identical encoder blocks, each operating
on token representations of feature dimension dmodel = 768. Within each en-
coder block, the model applies multi-head self-attention without any masking,
which allows every token to attend to all others in the sequence. This absence
of masking is what enables bidirectionality (i.e. each token’s representation can
incorporate contextual information from both its left and right surroundings,
rather than being limited to a single direction). In total, BERT-base comprises
approximately 110 million trainable parameters. The dimension and relative
importance of each architectural blocks are summarized in Table 3. The archi-
tecture is divided into 3 approximately equal parts : the word embedding layer,
the attention mechanism (query, key, value and projection matrix) and two feed
forward layers. The model also contains Add and norm modules, along with
skip connections but they don’t contribute significantly to the total number of
parameters.
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Architecture blocks Number of parameters (%)

Word Embeddings 30522× 768 21.4%

Positional Encoding 512× 768 0.4%

Query 12× 768× 768 6.5%

Key 12× 768× 768 6.5%

Value 12× 768× 768 6.5%

Attention projection 12× 768× 768 6.5%

Feed Forward 12× 768× 3072 25.9%

Feed Forward 12× 3072× 768 25.9%

Table 1: Weights of the main architectural block of the BERT-base Transformer

2.3.2 GPT-2

GPT-2 [33] is a Transformer-based language model developed by OpenAI and re-
leased in 2019. In contrast to BERT, GPT-2 follows a decoder-only architecture,
meaning it consists exclusively of Transformer decoder blocks and does not in-
clude any encoder component. The version commonly referred to as GPT-2-small
includes N = 12 stacked decoder blocks, each operating on token representations
of feature dimension dmodel = 768. Each decoder block uses masked multi-head
self-attention to ensure that predictions for a given token can only depend on
preceding tokens in the sequence. This masking enforces an autoregressive struc-
ture, where the model generates text one token at a time by conditioning only
on the left context. Overall, GPT-2-small contains approximately 117 million
trainable parameters, distributed across its attention mechanisms, feed-forward
layers, and token embeddings.

Architecture blocks Number of parameters (%)

Word Embeddings 50257× 768 31.0%

Positional Encoding 1024× 768 0.1%

(Query, Key, Value) 12× 2304× 768 17.1%

Attention projection 12× 768× 768 5.7%

Feed Forward 12× 768× 3072 22.8%

Feed Forward 12× 3072× 768 22.8%

Output Feed Forward 768× 50257 31.0%

Table 2: Weight of the main architectural blocks of the GPT-2-small Trans-
former. The Output Feed Forward block reuse the same embedding matrix as
the input.

2.3.3 RoBERTa

RoBERTa-base is the base variant of the RoBERTa model [26], introduced by
Facebook AI in 2019. Its Transformer architecture is identical to that of BERT-
base, it consists of N = 12 stacked encoder blocks, each with a feature dimension
dmodel = 768, and 12 attention heads. The only architectural difference lies in
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the vocabulary size (50 265 tokens, whereas BERT-base uses 30 522 tokens).
This larger vocabulary directly increases the size of the input embedding matrix,
accounting for RoBERTa-base’s approximately 125 million parameters compared
to BERT-base’s roughly 110 million.

Architecture blocks Number of parameters (%)

Word Embeddings 50265× 768 31.0%

Positional Encoding 514× 768 0.3%

Query 12× 768× 768 5.7%

Key 12× 768× 768 5.7%

Value 12× 768× 768 5.7%

Attention projection 12× 768× 768 5.7%

Feed Forward 12× 768× 3072 22.7%

Feed Forward 12× 3072× 768 22.7%

Table 3: Weights of the main architectural block of the RoBERTa-base Trans-
former

2.4 GLUE Benchmark

To compare transformer models, we benchmark them using standard datasets,
and one of the most used dataset collection is the GLUE benchmark [39]. GLUE
consists of nine datasets that cover a variety of NLP tasks. Its goal is to verify
that a model performs well across different tasks and can share knowledge be-
tween them. The datasets are relatively small, which means models must learn
to represent language effectively with only a few examples.

The first group of tasks in GLUE involves single sentences where the model
assigns a label to each input. For example, the acceptability task asks whether
a sentence is grammatically correct, and the sentiment task requires the model
to decide whether a sentence expresses a positive or negative sentiment (Table
4). Another set of tasks measures how well the model can compare pairs of
sentences. In these similarity and paraphrase tasks, the model either scores the
sentences on a scale from one to five based on their meaning or determines if
the two sentences convey the same information (Table 5). The final group of
tasks focuses on inference. Here, the model reads two sentences (a premise and
a hypothesis) and predicts whether the premise entails, contradicts, or is neutral
with respect to the hypothesis. A related task checks if a sentence remains
logically entailed when a pronoun is replaced (Table 6).

Different metrics are used to evaluate the performance of transformers on the
GLUE benchmark. In our case, we will only use CoLA, MRPC, RTE, QNLI and
WNLI datasets and their corresponding metrics (i.e. Accuracy, F1-score and
Matthews correlation).

• In general, the main metric used is Accuracy [32], which is defined as
follows:

14



Accuracy =
TP + TN

TP + TN + FP + FN
(5)

In this formula, TP refers to true positives, which are the instances where
the model correctly predicts the positive class. TN refers to true negatives,
which are the instances where the model correctly predicts the negative
class. FP refers to false positives, where the model incorrectly predicts the
positive class when it is actually negative. FN refers to false negatives,
where the model incorrectly predicts the negative class when it is actually
positive.

• The F1-score is the harmonic mean of precision and recall. Precision mea-
sures the proportion of correctly identified positive instances among all
predicted positive instances, while recall (also known as sensitivity) mea-
sures the proportion of actual positive instances correctly identified by the
model [36]. These are defined as:

Precision =
TP

TP + FP
(6)

Recall =
TP

TP + FN
(7)

F1 = 2 · Precision · Recall

Precision + Recall
=

2 · TP

2 · TP + FP + FN
(8)

The F1-score ranges from 0 (worst) to 1 (perfect) and is particularly useful
for imbalanced datasets.

• The Matthews Correlation Coefficient (MCC) evaluates binary classifica-
tions by considering all four confusion matrix categories (TP, TN, FP, FN).
It is defined as [8]:

MCC =
TP · TN− FP · FN√

(TP + FP) · (TP + FN) · (TN + FP) · (TN + FN)
(9)

It ranges from −1 (total disagreement) to +1 (perfect prediction), with
0 equivalent to random guessing. MCC is known to be robust to class
imbalance.

Single-Sentence Tasks

Corpus Train Test Task Metrics Domain

CoLA 8.5k 1k acceptability Matthews corr. misc.
SST-2 67k 1.8k sentiment acc. movie reviews

Table 4: Single-sentence tasks datasets from the GLUE benchmark
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Similarity and Paraphrase Tasks

Corpus Train Test Task Metrics Domain

MRPC 3.7k 1.7k paraphrase acc./F1 news
STS-B 7k 1.4k sentence similarity Pearson/Spearman corr. misc.
QQP 364k 391k paraphrase acc./F1 social QA questions

Table 5: Similarity and paraphrase tasks datasets from the GLUE benchmark

Inference Tasks

Corpus Train Test Task Metrics Domain

MNLI 393k 20k NLI matched/mismatched acc. misc.
QNLI 105k 5.4k QA/NLI acc. Wikipedia
RTE 2.5k 3k NLI acc. news, Wikipedia
WNLI 634 146 coreference/NLI acc. fiction books

Table 6: Inference tasks datasets from the GLUE benchmark
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3 Literature review

Large neural networks and Transformers are typically compressed using pruning,
quantization, and knowledge distillation to reduce computational costs while pre-
serving performance. However, there are other (less common) methods which can
also deliver excellent compression results. In this section, we will focus on low-
rank factorization methods and on the optimization of the attention mechanisms
in Transformers.

Pruning. Pruning is a technique aimed at reducing the size and complexity
of neural networks by removing parameters that contribute minimally to the
model’s output. This can involve eliminating weights with small magnitudes,
entire neurons, or even attention heads in transformer architectures. The idea
is to find and remove parts that have little effect on performance, simplifying
the model and making it more efficient. For instance, the Lottery Ticket Hy-
pothesis [7, 11] states that within a dense, randomly-initialized network, there
exists a sparse sub-network (a ”winning ticket”) that can be trained in isola-
tion to achieve comparable accuracy to the original model. Additionally, studies
have shown that in transformer models, a significant number of attention heads
can be pruned without substantial loss in performance, indicating redundancy
in multi-head attention mechanisms [30].

Quantization. Quantization involves reducing the numerical precision of
a model’s parameters and activations, typically converting 32-bit floating-point
numbers to lower-bit representations like 8-bit integers. This reduces the model’s
memory requirements and speeds up inference, making it ideal for deployment
on devices with limited ressources. However, quantization can lead to a drop in
model accuracy. To mitigate this, techniques such as quantization-aware training
are employed, where the model is trained with quantization effects simulated
during the training process, allowing it to maintain performance [17].

Knowledge Distillation. Knowledge Distillation is a method where a
smaller, simpler model (the student) is trained to replicate the behavior of a
larger, more complex model (the teacher). The student learns not only from the
hard labels, which are the single correct outputs, but also from the soft outputs,
which are the full probability distributions that the teacher assigns to every class.
These soft outputs reveal how the teacher views the similarity between classes
(e.g. showing that one error is far more likely than another) which cannot be
captured by hard labels alone. By matching these richer targets, the student is
guided toward the nuanced decision boundaries learned by the teacher, leading
to better generalization and greater efficiency. This concept was introduced by
Hinton et al., who showed that distilling knowledge in this way produces a com-
pact model whose performance nearly matches that of its larger counterpart [14].

Low-rank approximation. Another compression method is Low-rank ap-
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proximation. It offers a general method for compressing neural networks of
various architectures. The approach decomposes a weight matrix W ∈ Rn×d

into smaller matrices A ∈ Rn×r and B ∈ Rr×d such that W ≈ AB. Compression
is achieved when the total parameters (nr + rd) are fewer than the original nd,
requiring r < nd/(n+d). [37] demonstrated the effectiveness of this technique for
compressing deep neural networks in speech recognition and language modeling
applications. [31] extended low-rank approximation to pre-trained Transformer
models by first initializing each layer’s weights using SVD decomposition and fol-
lowed by fine-tuning with a composite loss function. This composite loss function
combines three components: standard cross-entropy loss for task performance,
logit distillation to match the original model’s outputs, and feature distillation
that aligns intermediate layer representations between compressed and original
models. A key limitation of both approaches is the lack of a systematic method
for determining the optimal rank configuration across network layers, leaving
this critical aspect of compression to manual selection. Some existing methods
adress this problem.

Heuristic methods for optimal rank configuration. Some low-rank
approximation methods simply factorize the model layers with a uniform trun-
cation rank. However, the layers are generally not as important as one another.
We therefore need to find methods that automatically determine the truncation
rank to be applied to each layer (i.e. the rank configuration). Methods for deter-
mining the rank configuration of a given model are generally heuristic, and vary
substantially from paper to paper. But what they have in common is that they
formulate the compression problem as a combinatorial optimization problem,
the aim of which is to find the rank configuration that maximizes/minimizes a
certain objective function while respecting certain constraints. Some of these
methods are presented below.

• The approach introduced in [15] is founded on an alternating sequence of
compression and learning phases. In the compression phase, the singular
value decomposition of each layer’s weight matrix is computed and a low-
rank approximation is selected by solving

r∗k = min
r=0,...,Rk

[
λCk(r) + µ

2

min(ak,bk)∑
i=r+1

s2i

]
where k represents the index of the layer being compressed, ak, bk are the
dimensions of the weight matrix and its discarded singular values sr+1, . . .
quantify the approximation error. Ck(r) = αk r represents the resource
cost with αk = ak+bk, and λ, µ control the trade-off. In the learning phase,
the original loss augmented by a quadratic penalty enforcing proximity to
the low-rank factors is minimized by gradient descent on the full-rank
weights. These two phases are alternated until convergence, resulting in
jointly optimized layer ranks and weight parameters.
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• The method proposed by [18] addresses how to optimally select ranks for
all layers jointly rather than layer-by-layer. The approach introduces two
complementary metrics to evaluate how each potential rank configuration
affects network accuracy. First, a PCA energy metric analyzes the sin-
gular values of each layer’s weight matrix, where retaining more singular
values (higher rank) preserves more of the layer’s original energy. Second,
a measurement-based metric evaluates actual accuracy on a validation set
when compressing individual layers to different ranks. These metrics are
combined to predict the accuracy of any potential rank configuration across
the entire network. The optimal ranks are selected by searching for con-
figurations that best balance the two metrics.

• The authors of [19] present a systematic approach for determining rank
configurations in low-rank CNN compression. The core optimization prob-
lem simultaneously considers all layers through the objective:

arg min
R

C(R), s.t. f(R) > τa (10)

where R represents the rank configuration, the cost C(R) can be either
memory or computational complexity, f(R) is the accuracy resulting from
the rank configuration R and τa is a lower bound on the required accuracy.

The method manages the complexity of the search space by iteratively re-
fining three constraints: establishing bounds for each layer’s possible ranks,
limiting the cost variation between successive iterations, and strictly en-
forcing the accuracy threshold τa to eliminate suboptimal configurations.
This global optimization approach enables the discovery of non-intuitive
configurations where rank reduction in certain layers can compensate for
others, a capability lacking in sequential layer-wise methods. The final
stage involves fine-tuning the most promising candidates to select an opti-
mal compressed model.

• The paper [42] also presents a systematic approach for determining rank
configurations in CNN compression. It was observed that the amount of
PCA energy retained (the sum of the kept eigenvalues) correlates with
model accuracy. Rank selection was posed as the following constrained
optimization problem.

max
{d′l}

∏
l

d′l∑
a=1

σl,a subject to
∑
l

d′l
dl

Cl ≤ C

where σl,a denotes the a-th eigenvalue of layer l, d′l is the number of kept
eigenvalues, dl is the original number of eigenvalues, and Cl measures the

layer’s complexity. After compression, the layer’s complexity becomes
d′l
dl
Cl.

The goal is to maximize the retained energy while keeping the overall
complexity below some upper bound. To solve this, a greedy procedure is
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used : starting from the uncompressed network, at each step the eigenvalue
whose removal causes the smallest ratio of relative energy loss,

∆E/E

∆C
=

σl,d′l/
∑d′l

a=1 σl,a

Cl/dl

is discarded. This process repeats until the total complexity meets the
constraint. Although this method works directly with eigenvalues rather
than singular values, its key idea will be adapted in section 4.

• The common denominator of these heuristic methods is that they find some
rank configuration and try to compress the model as much as possible while
preserving the performance. The performance are generally correlated to
the energy preserved after compression, which is measured using the kept
singular values. While the previously seen methods do not necessarily ap-
plies to Transformer models, [41] applies a heuristic method to find an
optimal rank configuration of a Transformer model leveraging some prop-
erties about the rank of the features in a Transformer model. The paper
notices that the ratio of dimensions kept when 90% singular-value energy
is retained is lower for the input of a Transformer model than for its in-
put and its Query, Key and Value matrices. Their conclusion is then that
weights are full rank while features are low-rank. Based on this observa-
tion, they design a factorization method that decomposes the features of a
matrix instead of its weights. This method is called Atomic Feature Mim-
icking and is described in detail in section 4.5.3. As a result, the original
layer is split into two sequential layers by factorizing the output features.
Once the compression method is established, the most challenging task is
to find the optimal rank configuration (e.g. the compression rank applied
to each layer). To do so, the authors define a sensitivity metric for each
layer. This sensitivity metric is computed as follows.

Si(k) =
∑
x∈D

DKL (M(x,w) ∥M(x,wi(k)))

where M(x,w) is the output of the original model and M(x,wi(k))) is the
output of the model with layer i being compressed with compression rank
k and DKL is the KL divergence metric [23] that computes the difference
between the probability distributions of the two model outputs. The best
rank configuration is then defined as the one that minimizes the sum of
sensitivities across layers while having less parameters than a given target
Ptarget.

min
{ki}li=1

S =

l∑
i=1

Si(ki) s.t.

l∑
i=1

Pi(ki) ≤ Ptarget

where Pi(ki) counts the number of parameters of layer i.
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In order to compensate for accuracy loss, a post-fine tuning on the com-
pressed model is performed, with a loss function defined as the difference
between the original model and the compressed model.

Optimization of the Attention mechanism. While model compression
techniques such as pruning, quantization, knowledge distillation and low-rank
factorization aim to reduce the parameter count of Transformer models, it is
useful to notice that an alternative line of work seeks to lower the time and
memory complexity of the self-attention mechanism itself. Two well-known ex-
amples of this approach are Reformer [22] and Performers [9], which reformulate
attention to achieve sub-quadratic or even linear scaling with sequence length.

In Reformer, let L denote the sequence length. Standard dense attention has
O(L2) complexity in time and memory, since each of the L queries attends to all
L keys. Reformer replaces this with Locality-Sensitive Hashing (LSH), resulting
in attention with O(L logL) complexity. In order to do so, each query and key
vector is projected onto random hyperplanes, then tokens with similar directions
(i.e. high cosine similarity) tend to share the same pattern (i.e. the same hash).
After sorting tokens by hash and splitting them into buckets of a given size (e.g.
128), attention is computed only within each bucket and its neighbors. This
reduces the number of comparisons and allows sequences of tens of thousands
of tokens to be processed with resources comparable to a standard Transformer
handling a few thousand tokens.

Performers reduce attention complexity to O(L) by approximating the soft-
max attention mechanism using random feature maps. Instead of computing
the full pairwise dot products between all queries and keys, the method uses
orthogonal random projections to map queries and keys into a new space where
attention can be computed more efficiently.

21



4 Proposed compression algorithm framework

In this section, a framework that can be used to compress any Neural Network
model is introduced. The framework is highly modular, so the majority of this
section will be devoted to the different ways in which its degrees of freedom can
be set. In the next section, the benchmarking of this framework on Transformer
models will be presented.

Low-Rank Matrix Factorization for Model Compression

Following the notations introduced in section 2.2, the model compression
problem via low-rank matrix factorization can be formulated as follows:

Let ML
W (·) denote any L-layer neural network model with the set of weight

matrices
W = {Wk ∈ Rmk×nk }Kk=1

grouped by layer as W =
⋃L

ℓ=1W
(ℓ). Let R = (R1, R2, . . . , RK) be a rank

configuration with Rk ≤ min(mk, nk). We write WR for the set of compressed
weight matrices obtained by truncating each Wk to rank Rk, and denote the
compressed network by ML

WR
(·).

Given unlabeled input data X, we seek a low-rank model ML
WR

whose weights
WR solve:

minimize
WR

C(WR)

subject to E(ML
W (X) , ML

WR
(X)) ≤ τ,

where C(WR) is the total number of parameters in the compressed model,
E(·, ·) is some error measure and τ > 0 is a user-specified error tolerance.

The key idea is that with a good choice of τ , the compressed model’s outputs
will stay close to the original model’s outputs. This works similarly to knowledge
distillation [14], where the original model acts as the teacher and the compressed
model acts as the student. Just like in distillation, we want the student’s outputs
to match the teacher’s outputs as closely as possible (controlled by τ). If the
compressed model can mimic the original model’s behavior, it might retain the
same useful information for making predictions.

Though this is a combinatorial optimization problem (finding the best com-
bination of ranks), there are so many possible combinations that checking them
all is not feasible. For instance, compressing K = 100 weight matrices (each of
size 768×768) would require testing up to 101536 different rank combinations. To
address this, we use a generic stepwise strategy. First, we sort the weight matri-
ces based on how suitable they are for compression. We then start compressing
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them one by one using some initial truncation rank r0. If the compression of a
layer causes the output error to exceed τ , we loosen its compression (increase r)
until the error drops below τ . This procedure continues until we reach a prede-
fined maximum truncation rank rmax. The process is formalized in Algorithm 1
and can be repeated with different starting ranks r0.

Algorithm 1 Compression framework

Require: ML
W , truncation rank r0, rmax, ∆r, threshold τ , proxy dataset X

Sort weight matrices Wk according to some criteria
r ← r0

for each weight matrix Wk do

Compress Wk with truncation rank r to obtain MΘR

while E(ML
W (X),ML

WR
(X)) > τ and r ≤ rmax do

Compress Wk with r ← r + ∆r

end while

end for return compressed model ML
WR

The compression framework described in Algorithm 1 offers great flexibility
due to its many configurable hyperparameters. These include choices such as the
matrix sorting criterion, the module used to generated the output of the model
(e.g. backbone or classification head), the compression method, the threshold
parameter τ , and the selection of some proxy dataset. Each hyperparameter in-
fluences the framework’s behavior and outcomes, and their practical implications
will be explored in subsequent sections.

4.1 Sorting criteria and rank approximation

In Algorithm 1, the weight matrices are sorted according to some criteria that
measures how suitable are weight matrices for compression. For a weight matrix
W ∈ Rm×n, and taking inspiration from [42] : the sorting criteria s(W ) can be

defined as s(W ) = size(W )
rank(W ) , where size(W ) is just max{m,n} and rank(W ) is

the rank of W . However, in practice matrices are almost always full rank as their
rows or columns are rarely exact linear combinations of one another. Therefore,
we need to find robust metrics that approximate the rank. In the following, we
will consider σ1(A) ≥ σ2(A) ≥ · · · ≥ σp(A) (where p = min{m,n}) to be the
singular values of A ∈ Rm×n.

Numerical rank. A matrix A is said to have an ϵ-numerical rank of k if it
satisfies:

σ1(A) ≥ σ2(A) ≥ · · · ≥ σk(A) ≥ ϵ > σk+1(A) ≥ · · · ≥ σp(A) (11)

This definition depends critically on the choice of ϵ. In practice, ϵ is often
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set in relation to machine precision. For instance, the NumPy library [13] uses

ϵ = σmax ·max{m,n} · ϵdatatype

where ϵdatatype is the machine precision associated with the data type of the
matrix. One major drawback of this metric is its high sensitivity to the value of
ϵ. The default setting in NumPy is designed to be robust against perturbations
on the order of rounding errors. As a result, real-world matrices (e.g. weight
matrices in neural networks) are often assigned full numerical rank, even if they
exhibit low-rank structure. Moreover, the numerical rank does not account for
the distribution of the singular values. It effectively applies a hard threshold,
ignoring the fact that in many matrices, only a few singular values may contain
most of the informative content.

Nuclear norm (also known as the trace norm). The nuclear norm of a
matrix A is defined as [27]:

∥A∥∗ =

p∑
i=1

σi(A) (12)

This metric is widely used in optimization because, when ∥A∥2 ≤ 1, the
nuclear norm serves as the convex envelope of the rank function [27]. While
this property is valuable in certain optimization problems, convexity is not a
requirement for our purposes.

A key drawback of the nuclear norm is its sensitivity to scaling. Let λi(A)
denote the i-th eigenvalue of A. Since the singular values satisfy σi(A) =
λi(
√
A⊤A), scaling A by a constant c ∈ R yields:

σi(cA) = λi

(√
(cA)⊤(cA)

)
= |c|λi

(√
A⊤A

)
= |c|σi(A)

∥cA∥∗ =

p∑
i=1

σi(cA) = |c|
p∑

i=1

σi(A) = |c|∥A∥∗

This linear dependence on the scaling factor c highlights that the nuclear
norm does not provide a scale-invariant measure of rank.

Stable rank. The stable rank of a matrix A ∈ Rm×n is defined as [16]:

sr(A) :=
∥A∥2F
∥A∥22

=

∑
i σ

2
i (A)

σ2
1(A)

(13)

The sum of the squared singular values is normalized by the largest singular
value, preventing the stable rank from scaling with the norm of A. When the
largest singular value dominates the others, it suggests that the matrix’s infor-
mation can be effectively captured in a one-dimensional space, resulting in a
low stable rank. A major drawback of this property is that the metric becomes
highly sensitive to the distribution of singular values relative to the largest one.
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However, a matrix may still contain redundant information, even if its content
cannot be adequately represented by a single dominant singular value.

Effective rank. The effective rank of a matrix A ∈ Rm×n is defined in terms
of the Shannon entropy of its normalized singular-value spectrum [34]. Let

pi =
σi(A)∑p
j=1 σj(A)

,

p∑
i=1

pi = 1

the effective rank is given by

erank(A) = exp
(
−

Q∑
i=1

pi log pi

)
(14)

The effective rank remains invariant under scaling of A, since each pi is un-
changed if all σi are multiplied by the same constant. When all nonzero singular
values are equal (e.g. A = Ik), one has pi = 1/k for i = 1, . . . , k and thus
erank(A) = k.

Comparison. To gain intuition about rank metrics, we evaluate them on
simple matrices and observe their behavior. Consider the following matrices and
their corresponding rank metrics (Table 7):

A1 =

1 0 0
0 1 0
0 0 1

 , A2 =

2 0 0
0 2 0
0 0 2

 ,

A3 =

2 0 0
0 1 0
0 0 1

 , A4 =

1 0 0
0 2 0
0 0 2

 ,

A5 =

 1 1 1
10−16 0 0

0 0 0

 , A6 =

 1 1 1
10−2 0 0

0 0 0

 .

ϵ-rank ∥.∥∗ sr(.) erank(.)

A1 3 3.000 3.000 3.000

A2 3 6.000 3.000 3.000

A3 3 4.000 1.500 2.828

A4 3 5.000 2.250 2.872

A5 1 1.732 1.000 1.000

A6 2 1.740 1.000 1.030

Table 7: Rank metric values for simple matrices. the numerical rank is denoted
as ϵ-rank

For matrix A5, only the first column (1, 0, 0) contains meaningful informa-
tion, while the second column is corrupted by rounding error noise (10−16).
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The numerical rank robustly ignores this perturbation and correctly returns 1.
However, when the corruption factor increases to 10−2 (as in A6), the default ϵ
parameter for numerical rank becomes insufficient, resulting in a rank of 2. This
demonstrates the sensitivity of numerical rank to the ϵ threshold. Comparing
A1 and A2, we observe the nuclear norm scales linearly with the matrix entries
(∥A2∥∗ = 2∥A1∥∗), consistent with the property ∥cA∥∗ = |c|∥A∥∗. For full-rank
matrices A3 and A4, the stable rank shows high sensitivity to the ratio between
the largest singular value and others. Specifically: sr(A3) = 22+12+12

22
= 1.5,

and sr(A4) = 22+22+12

22
= 2.25. In contrast, the effective rank remains closer to

full-rank values, demonstrating its reduced sensitivity to singular value domi-
nance. To further illustrate this behavior, consider a diagonal full-rank matrix
Aρ ∈ Rn×n parametrized by some ρ ≤ 1 :

Aρ = diag(ρ1, ρ2, . . . , ρn) =


ρ1 0 · · · 0
0 ρ2 · · · 0
...

...
. . .

...
0 0 · · · ρn


As ρ decreases, the singular value distribution becomes steeper, amplifying the
relative importance of σ1. Consequently, the stable rank collapses to 1 for small ρ
(despite the matrix being full-rank), while the effective rank remains less sensitive
to this decay, as shown in Figure 4.

(a) Comparison of stable rank (blue) and
effective rank (red) for Aρ ∈ R10×10. The
stable rank collapses to 1 for small ρ, while
the effective rank better preserves rank in-
formation. Dashed black line indicates the
true rank.

(b) Singular value distributions for ρ = 0.8
(dotted), ρ = 0.5 (dashed), and ρ = 0.2
(solid). Smaller ρ values produce steeper
decays.

Figure 4: Sensitivity of rank metrics to singular value distribution.

The effective rank emerges as the preferred metric due to its robustness to
scaling (A1 vs. A2), singular value dominance (A3 vs. A4), and perturbations
(A5 vs. A6).
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4.2 Output features

As explained in section 2.3, there are multiple ways to compute the output of a
model ML

W depending on if it is a pretrained model ML
W,Pre or a classification

model ML
W,Cls. In this work, the output of a pretrained model will be the output

of the backbone module but for a classification model, the output can be either
the output of the backbone or the output of the classification head.

Backbone output. The output of the backbone module corresponds to the
decoder’s output (or the encoder’s output in encoder-only architectures). This
output representation Y ∈ Rn×dmodel is not directly optimized for any particular
downstream task.

Classification head output. As discussed in Section 2.3, transformer mod-
els designed for classification include a classification head that generates an out-
put matrix Y ∈ Rn×c, where c is the number of classes. This output is typically
passed through a softmax layer to produce label probability distributions. When
this output is retained, it is referred to as the soft output Ysoft ∈ Rn×c, which
consists of floating-point values representing confidence scores. In contrast, the
hard output Yhard ∈ {0, 1}n×c is generated by setting the largest value in each
row to 1 and all others to 0, producing a one-hot encoded classification decision.

Soft outputs contain a lot of information. Indeed, as noted in [14], the relative
magnitudes of the values in the probability vector reveal insights into the model’s
generalization behavior. For example, if the model assigns the highest logit to the
correct class but assigns identical values to all other logits, this suggests limited
ability to distinguish between alternative classes. Hard outputs, however, are
essential for final decision-making.

A balanced approach combines both outputs through a linear combination.
Following [14], this distillation output is defined as Ydistill = (1 − α)Ysoft +
αYhard, where α controls the trade-off between probabilistic and deterministic
assignments. This strategy is particularly effective in knowledge distillation,
where a compact student model learns to emulate the behavior of a larger teacher
model, which is quite similar to our algorithm settings. The choice of α will be
discussed in sections 5.2.1 and 5.3.

4.3 Error measure

The errors measure between models ML
W and ML

WR
, denoted as E(ML

W (X),ML
WR

(X)),
can be quantified using different methodologies. In this work, we define it as the
normalized Frobenius norm:

E(ML
W (X),ML

WR
(X)) :=

∥ML
W (X)−ML

WR
(X)∥F

∥ML
W (X)∥F

This metric serves as a practical proxy for compression error. A high output
error indicates that the compressed model ML

WR
inadequately replicates the be-

havior of the original model ML
W , potentially leading to significant performance
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degradation on downstream tasks. The normalization term ∥ML
W (X)∥F will later

facilitate the selection of the threshold parameter τ , as discussed in subsequent
sections.

4.4 Proxy dataset

In order to compute the compression error (see Section 4.3), the compression
algorithm requires a proxy dataset X ∈ Rn×k, with k ∈ {nvocab, dmodel}. The
choice of this proxy dataset has a decisive impact on the observed compression
quality. Two main strategies are commonly considered. In a task-specific ap-
proach, X consists of real samples drawn from the target dataset, ensuring that
the compressed model preserves performance on that particular distribution. By
contrast, a random proxy takes X to be a collection of synthetic inputs sampled
i.i.d. from a standard normal distribution. This forces the compression to respect
the model’s overall behavior rather than its performance on any single dataset.
Both approached will now be described in more detail.

Task-specific proxy. Here X ∈ Rn×nvocab is sampled from a target dataset
and fed through the transformer’s embedding module exactly as during fine-
tuning or inference on the real task. The advantage of a task-specific proxy is
that it directly controls the trade-off between compression ratio and output error
on the application of interest. However, because the compression is optimized
for a single dataset, the compressed model may overfit and fail to generalize to
other inputs.

Random proxy. When task-specific data are limited or when we want the
compressed model to work well in general, we build X ∈ Rn×dmodel by sampling
each entry independently fromN (0, 1). This idea comes from compressed sensing
[5], where one measures a sparse signal f ∈ RN using a random matrix Φ ∈
RM×N to obtain

y = Φ f

Since f can be written as f = Ψα in some basis Ψ with a sparse coefficient
vector α, one recovers α by solving an ℓ1 minimization from the measurements
y.

In our compression framework, we make the same analogy. We view the
original model’s output on random inputs Φ as

y = Φ f,

and we view the compressed model’s output as

ŷ = Φ (Ψα)

However, in our case the compressed model is not necessarily a sparse repre-
sentation of the original network. By forcing ŷ to match y over many random
matrices Φ, we make the compressed model replicate the original model’s be-
havior across a wide range of inputs, rather than fitting it only to a single task
dataset.
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For the method to be relevant, it must be ensured that the data presented
to a Transformer approximate a Gaussian distribution. However, this is not the
case for raw token IDs. When a tokenized input X ∈ Rn×nvocab is examined
(where each entry corresponds to a token index) it is observed that these in-
dices do not follow a normal distribution (see Figure 5(a)). Instead, focus is
turned to X ∈ Rn×dmodel , the output of the word embedding layer (after po-
sitional encoding) that and represents the continuous feature embeddings. By
processing the entire WikiText dataset [29] through the embedding layer and
then flattening and standardizing its outputs, a distribution is obtained that
closely matches a Gaussian, as shown in Figure 5(b). To confirm this fit, a QQ-
plot (Figure 5(c)) was generated after suppressing a small number of extreme
outliers (see Appendix A for more details). A QQ-plot compares the sorted
sample values against the theoretical quantiles of a standard normal distribution
(if the points lie approximately on a straight line, the data may be regarded as
Gaussian). In this case, the resulting QQ-plot is nearly linear, confirming that
the embedding outputs are normally distributed. It is therefore justified to re-
place the embedding layer with a Gaussian proxy when evaluating compression.
The random input tensor can be drawn from N (0, 1) and fed directly into the
Transformer’s subsequent encoder blocks.

(a) Distribution of the
first 3000 token IDs in the
WikiText dataset, using
the BERT tokenizer.

(b) Distribution of stan-
dardized values from the
output of the word em-
bedding layer on the
WikiText dataset.

(c) QQ-plot of the stan-
dardized embedding out-
put features. The near-
linear pattern indicates
that the data follow a nor-
mal distribution.

Figure 5: Comparison between the distribution of raw token IDs and the dis-
tribution of embedding outputs from a Transformer model on the WikiText
dataset [24,29]. While token IDs are discrete and non-Gaussian, the continuous
embedding outputs approximate a Gaussian distribution after standardization.

4.5 Matrix factorization method

4.5.1 Singular Value Decomposition (SVD)

Singular Value Decomposition can be used to obtain the best low-rank approx-
imation of a dense layer in a neural network. Let X ∈ Rn×din be an input
matrix. A dense layer, defined by a weight matrix W ∈ Rdin×dout and a bias
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term b ∈ Rdout , produces an output Y = XW + b ∈ Rn×dout .
Following the notation introduced in Section 2.1, the best rank-k approxi-

mation of the weight matrix is given by W ≈ UkΣkV
T
k = W1W2, where W1 =

UkΣk ∈ Rdin×k and W2 = V T
k ∈ Rk×dout . This leads to an approximate output

Y ≈ (XW1)W2 + b. Therefore, the compressed dense layer can be interpreted as
a sequence of two smaller dense layers.

4.5.2 classical matrix factorization methods

The problem with SVD decomposition is its O(n3) complexity. Some faster
low-rank approximation methods exist in the literature but they sacrify some
approximation accuracy for a smaller complexity. Therefore, a good tradeoof
needs to be found. [21] contains a litterature review on low-rank approximation
methods, the methods presented in this study will be introduced and compare
in this section.

Truncated SVD. We can obtain the rank-k approximation directly by com-
puting a truncated SVD, which focuses only on the leading k singular values and
vectors. This approach avoids the full decomposition and significantly reduces
computational cost. In practice, truncated SVD can be implemented using par-
tial QR factorization followed by post-processing, requiring only O(kmn) flops.

Randomized SVD. Randomized SVD provides an efficient approximation
to the singular value decomposition of a large matrix by first compressing its
column space with a random projection and then applying a conventional SVD
to a much smaller matrix. A random test matrix Ω ∈ Rn×s with s ≥ k is
drawn and used to form Y = AΩ ∈ Rm×s. A QR factorization is performed
on Y , producing an orthonormal matrix Q ∈ Rm×k. The original matrix is
then projected into this subspace via B = QTA ∈ Rk×n, and a full SVD of B
is computed : B = Ũ ΣV T . The approximate left singular vectors of A are
recovered by setting U = QŨ , giving the factorization U ΣV T , which closely
approximates the rank-k SVD of A. The cost is dominated by the multiplication
AΩ and the SVD of the small matrix B, together requiring on the order of
O(mn log k + k2(m + n)).

Pivoted QR Decomposition. Given a matrix A ∈ Rm×n (with m ≥ n),
the pivoted QR decomposition factorizes A as

AP = QR,

where P ∈ Rn×n is a permutation matrix that reorders the columns of A, Q ∈
Rm×n is an orthonormal matrix, and R ∈ Rn×n is an upper triangular matrix.
The permutation matrix P is chosen via a column pivoting strategy that selects
columns of A in order of decreasing importance, measured by their norms. A
rank-k approximation of A can be constructed by partitioning the factors as

Q = [Q
(k)
1 Q

(m×(n−k))
2 ], R =

[
R

(k×k)
11 R12

0 R22

]
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where Q
(k)
1 consists of the first k columns of Q, and R

(k×k)
11 is the leading principal

submatrix of R, to obtain
Âk = Q1R11R12

The remaining block R22 is small in norm, indicating that the discarded columns
contribute minimally to the approximation error. The pivoted QR decomposition
can be computed with O(kmn) complexity, which is better than SVD but less
accurate.

Interpolative Decomposition. Interpolative decomposition seeks to ap-
proximate a matrix A ∈ Rm×n of rank k by selecting k of its columns and
expressing the remaining columns as linear combinations of those. Concretely,
one finds an index set J of size k and a coefficient matrix P ∈ Rk×n whose entries
satisfy |Pij | ≤ 1 and whose columns include the k × k identity, so that

A ≈ A:,J P

and the error in the spectral or Frobenius norm is bounded by a constant multiple
of the (k + 1)-th singular value of A. Deterministic algorithms based on strong
rank-revealing QR achieve this in O(mn2) time, while randomized approaches
can reduce the cost to O(kmn log(n)).

Skeleton Decomposition (ID). Skeleton decomposition approximates A ∈
Rm×n by using a small set of its columns and rows. One first selects k col-
umn indices J = (j1, . . . , jk) (for example via an interpolative decomposition
or pivoted QR) and forms C = A:,J ∈ Rm×k. Next, one chooses k row indices
I = (i1, . . . , ik) so that the k × k intersection submatrix

M = AI,J ∈ Rk×k

has near maximal volume (i.e. maximal absolute determinant). In practice an
algorithm called the maxvol algorithm finds I in O(mk) time. Finally one sets
R = AI,: ∈ Rk×n and G = M−1 (or its pseudoinverse if M is ill conditioned),
giving

A ≈ C GR

The method is of O
(
(m + n)k2

)
complexity.

Comparison. The execution times of the various low-rank factorization
methods are compared in Figure 6 for a 768×768 matrix (typical of Transformer
weight layers). When the target rank is very small (for example, k = 10), the
original SVD method is actually the lowest. As k grows beyond around 100,
the other low-rank methods slow down, because they are designed to exploit the
case k ≪ min(m,n). Since SVD remains the most accurate option, as shown in
Section 2.1, we will continue to use full SVD for our 768× 768 matrices, as none
of the alternative methods offer significant time savings.
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Figure 6: Comparison of the computation time for different low-rank compression
methods on a 768× 768 matrix with different truncation ranks. The results are
averaged over 10 trials.

4.5.3 Atomic Feature Mimicking (AFM)

Atomic Feature Mimicking is a compression method introduced in [41] and used
to find the optimal rank configuration of a Transformer model leveraging some
properties about the rank of the features. The paper notices that the ratio of
dimensions kept when 90% singular-value energy is retained is lower for the input
of a Transformer model than for its input and its Query, Key and Value matrices.
Their conclusion is then that weights are full rank while features are low-rank.
Based on this observation, they design a factorization method that decomposes
the features of a matrix instead of its weights. The method can be described as
follows :

Let Y ∈ Rn×dmodel be the output of some weight matrix, defined as Y = XW ,
where X ∈ Rn×dmodel is sampled from a target dataset and passed through the
model, and W ∈ Rdmodel×dmodel . We define E[·] as the expectation operator over
the token dimension. The covariance matrix of Y is given by:

Cov(Y ) = E[Y Y T ]− E[Y ]E[Y ]T

Since the covariance matrix is symmetric, we can compute its spectral de-
composition as in [6]:

Cov(Y ) = UΣUT , where U is orthogonal

Let Uk be the truncated version of U , obtained by keeping its first k columns.
Since UkU

T
k ≈ In, we can apply the following approximation:

Y − E[Y ] ≈ (Y − E[Y ])UkU
T
k

32



Y ≈ (Y − E[Y ])UkU
T
k + E[Y ]

Y ≈ Y UkU
T
k + E[Y ]− E[Y ]UkU

T
k

Y ≈ (XW + b− E[Y ])UkU
T
k + E[Y ]− E[Y ]UkU

T
k

Y ≈ (XW + b)UkU
T
k + E[Y ]− E[Y ]UkU

T
k

Y ≈ (XWUk + bUk)UT
k + E[Y ]− E[Y ]UkU

T
k

Y ≈ (XW1 + b1)W2 + b2

This sequence illustrates how we can approximate Y using a low-rank fac-
torization strategy, where W1 = WUk, b1 = bUk, W2 = UT

k , and b2 = E[Y ] −
E[Y ]UkU

T
k . The original layer is thus split into two sequential layers by factor-

izing the output features. The choice between AFM and SVD will be discussed
depending on the use cases in section 5.2.1.

4.6 Other hyper-parameters

In practice, the allowable range of truncation ranks [r0, rmax] is set to [0.1, 0.6]×
768, with ∆r = 0.1 × 768. Enlarging the interval and reducing the step-size
would result in a greater search space, providing potentially better results but
increasing computation time. Reducing the interval and increasing the step-
size would result in an acceleration of computation time, at the cost of missing
interesting configurations. The hyper-parameter choice made here seems to be
a good tradeoff.

The error threshold τ can be chosen in several ways. A straightforward
method for selecting a good value is to try different candidates within a given
range, run the compression algorithm for each one, and evaluate which model
performs best. To decide which value of τ gives the best results, we will use
the one that maximizes the ratio between the accuracy of the compressed model
and the fraction of parameters it retains after compression. This is the criterion
we will use for benchmarking. Because the error is adjusted by a normalization
factor, we will explore values of τ between 0.25 and 1, and in some cases up to
1.5 when targeting stronger compression.
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5 Numerical results

This section is focused on the evaluation of how the compression algorithm per-
forms on the GLUE benchmark. The structure of the compressed Transformer
models will also be examined in a few particularly interesting cases.

5.1 Rank structure of Transformer models

The compression framework is designed to sort the weight matrices of Trans-
former models based on a sorting criteria, which is computed as the ratio be-
tween the largest dimension of a weight matrix and its approximate rank, as
determined by the effective rank. As a recall, this sorting criteria measures how
suitable are weight matrices for compression. For this reason, it is helpful to ex-
amine the effective rank and sorting criteria configuration of the models used for
benchmarking, since these weight matrices will be prioritized for compression.
The BERT and GPT-2 models are considered in this section. The corresponding
configurations for RoBERTa are provided in Appendix B, as its architecture is
similar to that of BERT.

In the following scenarios, only the most important weight matrices of the
backbone module of each Transformer model are taken into account, specifically
the attention and feed-forward weight matrices. The embedding layer is excluded
from compression for practical reasons and to ensure consistency across scenarios,
as some configurations feed inputs directly into the backbone, bypassing the
embedding layer. As a result, K = 72 weight matrices are eligible for compression
in the BERT and RoBERTa models, and K = 48 in the GPT-2 model.

The effective rank of the weight matrices in the BERT model is visualized
in Figure 7, where the rank values are normalized by the maximum effective
rank among the weight matrices in the architecture. It can be observed that
the feedforward layers exhibit the highest effective rank, while the attention
weight matrices display lower effective ranks. A slight increase in rank with
the depth of the layers can also be noticed. For the GPT-2 model shown in
Figure 8, the feedforward layers similarly show the highest rank. However, the
attention weight matrices, except for the projection weight matrices, also have
high effective ranks comparable to those of the feedforward layers. The attention
projection weight matrices display lower effective ranks relative to the other
weight matrices. A similar slight trend of increasing effective rank with layer
depth is observed.
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Figure 7: The normalized effective rank is shown for the BERT model with
K = 72 weight matrices. The first three columns represent, respectively, the
query, key, and value weight matrices, with their layer index indicated on the
y-axis ranging from 1 to 12. The fourth column corresponds to the attention
projection weight matrix, while the last two columns represent the feed forward
layers. The maximal effective rank value is 726.6

Figure 8: The normalized effective rank is shown for the GPT-2 model with
K = 48 weight matrices. The first column represent the concatenated query,
key, and value weight matrices, with their layer index indicated on the y-axis
ranging from 1 to 12. The second column corresponds to the attention projection
weight matrix, while the last two columns represent the feed forward layers. The
maximal effective rank value is 713.1
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The sorting criteria for the BERT and GPT-2 weight matrices is shown
in Figures 9 and 10, respectively. Similar dynamics to those of the effective
rank are observed, but the gap between the attention and feedforward layers
for BERT, and between the projection and other attention matrices for GPT-2,
is more pronounced. This is because the attention matrices in BERT and the
projection matrices in GPT-2 are of size 768× 768, while the feedforward layers
are 3072× 768. Weight matrices of equal size are then ranked by their effective
rank.

Figure 9: The normalized sorting criteria computed as the ratio between the
maximal dimension of a given weight matrix and its effective rank, is shown
for the BERT model with K = 72 weight matrices. The first three columns
represent, respectively, the query, key, and value weight matrices, with their
layer index indicated on the y-axis ranging from 1 to 12. The fourth column
corresponds to the attention projection weight matrix, while the last two columns
represent the feed forward layers.
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Figure 10: The normalized sorting criteria computed as the ratio between the
maximal dimension of a given weight matrix and its effective rank is shown for
the GPT-2 model with K = 48 weight matrices. The first column represent
the concatenated query, key, and value weight matrices, with their layer index
indicated on the y-axis ranging from 1 to 12. The second column corresponds
to the attention projection weight matrix, while the last two columns represent
the feed forward layers.

5.2 Fine-tuned model compression

The compression framework is evaluated on the BERT, GPT-2, and RoBERTa
models fine-tuned on the CoLA, MRPC, RTE, QNLI, and WNLI datasets from
the GLUE benchmark. As described in Section 2.3, the fine-tuned models include
a classification head and are denoted as ML

W,Cls. The 5 datasets were selected
for practical reasons, such as having the same number of classes and reasonable
sizes. Evaluating three models across all 9 GLUE tasks was not feasible due to
limited computational resources. It should also be noted that results on WNLI
show high variance because the dataset only contains a few hundred samples. All
models were trained on the training split and evaluated on the validation split
of each dataset and using 3 epochs to keep the computational cost reasonable.
Note that no post-compression fine-tuning is performed here.

To assess the effectiveness of the compression framework, its results are com-
pared to a simple SVD-based compression where all layers are compressed using
the same fixed truncation rank. This comparison helps to show whether the
proposed method finds a better compression configuration. State of the art re-
sults will not be mentioned in this section since they are generally obtained after
a fine-tuning step following the compression stage. We will consider 2 types
of proxy datasets : task-specific and random proxy datasets as they were de-
scribed in section 4.4. The framework hyper-parameters used in each cases will
be discussed in the next sections.
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5.2.1 Task-specific proxy

When an unlabeled task-specific dataset X ∈ Rn×nvocab is used within the com-
pression framework, the models are compressed using this dataset. The dataset
X is provided as input to the embedding layer of the classification models ML

W,Cls.

The distillation output Y = (1 − α)Ysoft + αYhard ∈ Rn×c is collected from the
output of the classification head. The distillation parameter α, along with the
compression method (either SVD or AFM), must still be selected.

To determine the best configuration, several values of τ and α are tested,
and results are compared between SVD and AFM. The most effective models
are those that retain few parameters while maintaining high accuracy. As shown
in Figure 11, the best results are achieved using AFM with α = 0.1.

(a) α = 0.1 (b) α = 0.25

(c) α = 0.1 (d) α = 0.25

Figure 11: A comparison between α = 0.1 and α = 0.25 is shown for the SVD
and AFM compression methods, across different values of τ , using the BERT
model evaluated on the CoLA dataset.

The results from the uniform truncation rank in Table 8 can be compared
with those obtained using the compression algorithm in Table 9. Since the result-
ing parameter proportion is indirectly determined by the output threshold τ in
the algorithm, and directly by the truncation rank in the uniform method, a di-
rect comparison between the two is not straightforward. To address this, results
with nearly equivalent compression ratios have been highlighted in bold. From
these values, it can be observed that the compression algorithm outperforms the
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uniform SVD approach. This indicates that selecting a rank configuration based
on the threshold τ leads to better performance than applying a uniform rank
across all layers, confirming the effectiveness of the framework’s strategy on this
task.

Model Dataset Accuracy #Params (%)

BERT

CoLA 0.4075 92.12
MRPC 0.7574 92.12
RTE 0.6029 92.12
QNLI 0.7664 92.12
WNLI 0.5634 92.12

GPT-2

CoLA 0.3106 86.25
MRPC 0.3456 86.25
RTE 0.4946 86.25
QNLI 0.7930 86.25
WNLI 0.5634 86.25

RoBERTa

CoLA 0.3538 93.08
MRPC 0.4853 93.08
RTE 0.4729 93.08
QNLI 0.6678 93.08
WNLI 0.5634 93.08

Table 8: Accuracy and resulting parameters proportion using uniform SVD com-
pression, with uniform truncation rank of 0.6 and without post fine-tuning.
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Model Dataset Base Benchmark Benchmark #Params (%) τ

BERT

CoLA 0.8245 / 0.5711 0.8006 / 0.5485 92.45 0.25
MRPC 0.8407 / 0.8889 0.8260 / 0.8834 92.45 0.25
RTE 0.6318 0.6606 90.56 0.50
QNLI 0.8960 0.8345 90.29 0.50
WNLI 0.2676 0.3099 96.76 0.25

GPT-2

CoLA 0.7785 / 0.4383 0.7593 / 0.3976 95.26 0.25
MRPC 0.8039 / 0.8684 0.8039 / 0.8718 96.68 0.25
RTE 0.6318 0.6137 95.02 0.25
QNLI 0.8849 0.8757 92.41 0.25
WNLI 0.3380 0.5634 40.76 0.50

RoBERTa

CoLA 0.8313 / 0.5855 0.8207 / 0.5699 95.97 0.25
MRPC 0.8775 / 0.9117 0.8701 / 0.9042 95.74 0.25
RTE 0.4729 0.4729 41.98 0.25
QNLI 0.8891 0.8666 93.84 0.25
WNLI 0.5634 0.5634 96.21 0.25

Table 9: Benchmark results selected from τ = 0.25 and τ = 0.5 configurations
based on highest accuracy-to-parameters ratio. For CoLA : Accuracy/MCC,
for MRPC : Accuracy/F1, for the others : Accuracy. The τ column indicates
which configuration showed the highest accuracy-to-parameters ratio. No post
fine-tuning.

An effective compression case is illustrated in Figure 12, where the feed-
forward layers were prioritized based on their high sorting criteria values and
compressed using different truncation ranks, while the attention weight matrices
remained unchanged. In this example, the model was compressed to 10% of its
original size without any loss in accuracy and without requiring post fine-tuning.

Figure 12: BERT evaluated on the RTE dataset with τ = 0.5, 66.1% accuracy
and 90.6% resulting parameters.
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5.2.2 Random proxy

When the fine-tuning dataset is unavailable or too small, compression can be
performed using a random proxy dataset X ∈ Rn×dmodel , as described in section
4.4. In this case, the proxy dataset is provided at the input of the backbone
of the classification model ML

W,Cls. Since no task-specific dataset is used, AFM
doesn’t make a lot of sense, so SVD is used instead. The results from SVD
with a uniform truncation rank from Table 10 are compared with those from
the compression algorithm from Table 11. Values that can be compared are
highlighted in bold. The compression framework still outperforms the uniform
method for comparable cases highlighted in bold (with the exception of WNLI).

Model Dataset Accuracy #Params (%)

BERT

CoLA 0.4372 98.03
MRPC 0.7475 98.03
RTE 0.6209 98.03
QNLI 0.7954 98.03
WNLI 0.5211 98.03

GPT-2

CoLA 0.3279 90.88
MRPC 0.4534 90.88
RTE 0.4729 90.88
QNLI 0.8213 90.88
WNLI 0.5634 90.88

RoBERTa

CoLA 0.3912 98.27
MRPC 0.4853 98.27
RTE 0.4729 98.27
QNLI 0.6782 98.27
WNLI 0.5634 98.27

Table 10: Accuracy and resulting parameters proportion using uniform SVD
compression, with truncation rank of 0.65 and without post fine-tuning.

41



Model Dataset Base Benchmark Benchmark #Params (%) τ

BERT

CoLA 0.8245 / 0.5711 0.8291 / 0.5814 95.95 0.50
MRPC 0.8407 / 0.8889 0.8407 / 0.8889 100.00 0.10
RTE 0.6318 0.6534 97.03 0.50
QNLI 0.8960 0.8960 99.46 0.10
WNLI 0.2676 0.3380 96.76 0.25

GPT-2

CoLA 0.7785 / 0.4383 0.7785 / 0.4222 96.92 0.10
MRPC 0.8039 / 0.8684 0.7819 / 0.8594 96.68 0.10
RTE 0.6318 0.5812 89.56 0.25
QNLI 0.8849 0.8757 96.92 0.10
WNLI 0.3380 0.5634 76.01 0.50

RoBERTa

CoLA 0.8313 / 0.5855 0.8313 / 0.5857 99.05 0.25
MRPC 0.8775 / 0.9117 0.8775 / 0.9117 100.00 0.10
RTE 0.4729 0.4729 41.98 0.10
QNLI 0.8891 0.8896 98.58 0.25
WNLI 0.5634 0.5634 97.63 0.50

Table 11: Benchmark results selected from τ = 0.1, τ = 0.25 and τ = 0.5 con-
figurations based on highest accuracy-to-parameters ratio. For CoLA : Accura-
cy/MCC, for MRPC : Accuracy/F1, for the others : Accuracy. The τ column
indicates which configuration showed the highest accuracy-to-parameters ratio.
No post fine-tuning.

A similar outcome to the one of Figure 12 is illustrated in Figure 13, where
compression was effective but involved fewer weight matrices due to the general
nature of the input. This example shows that a fine-tuned model can be com-
pressed to approximately 5% of its original size without using fine-tuning data
and while preserving its full accuracy. Although the compression ratio is not
very high, it serves as a proof of concept for this use case.
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Figure 13: BERT evaluated on the CoLA dataset with τ = 0.5, 82.9% accuracy
and 95.9% resulting parameters.

5.3 Pre-trained model compression

The compression algorithm framework can also be applied to pre-trained models
ML

W,Pre, which have been trained on general tasks but not fine-tuned on specific
datasets. Compressing such models is useful, as the resulting smaller models
can be fine-tuned with lower computational cost and may still achieve good
performance with less data.

The compression algorithm is compared with SVD compression using a uni-
form truncation rank. In this setting, a fine-tuning step is performed after com-
pression to evaluate whether the compressed pre-trained model can still achieve
good performance. To fine-tune the pre-trained model ML

W,Pre, a classification

head is added after the backbone, resulting in the model ML
W,Cls. State-of-the-art

results are included for reference, although a direct comparison is not appropri-
ate. Indeed, as mentioned earlier, the word embedding layer was excluded from
compression for practical reasons, even though it accounts for 20–25% of the
model size, and fine-tuning was limited to 3 epochs, which may not always be
sufficient for full convergence. Other limitations will be discussed later.

5.3.1 Task-specific proxy

Pre-trained models ML
W,Pre can be compressed for specific tasks by applying the

compression framework. The input X ∈ Rn×nvocab is fed into the embedding
layer, and the distillation output Y ∈ Rn×dmodel is taken from the backbone
(even though distillation is typically applied at the output of a classification
head). The same hyper-parameter settings and value of α as in Section 5.2.1
are used. After compression, a classification head is added to the backbone,
and the resulting model ML

W,Cls is fine-tuned on specific datasets. Results for
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uniform SVD compression are shown in Table 12, and those for the compression
framework are shown in Figure 13. Cases with nearly equivalent compression
ratios are highlighted in bold.

Unlike the case of fine-tuned models, the performance of the uniform com-
pression method and the algorithm framework appears almost identical here.
This suggests that, during fine-tuning, performance recovery depends more on
the fine-tuning process than on the specific choice of truncation ranks. It is also
observed that models can be strongly compressed and still recover much of their
performance through fine-tuning. This supports the idea that pretrained models
have a low intrinsic dimension, as described in [1]. According to this study, pre-
trained models such as BERT can recover up to 90% of their full performance
on GLUE benchmark tasks by optimizing only a small fraction of their param-
eters. In the paper, the intrinsic dimension is defined as the smallest number of
parameters needed to reach 90% of the full level of performance.

Model Dataset Post Accuracy #Params (%)

BERT

CoLA 0.6913 33.94
MRPC 0.7083 33.94
RTE 0.5415 33.94
QNLI 0.7756 33.94
WNLI 0.5352 33.94

GPT-2

CoLA 0.6913 40.75
MRPC 0.6814 40.75
RTE 0.4296 40.75
QNLI 0.8052 40.75
WNLI 0.5634 40.75

RoBERTa

CoLA 0.6913 41.97
MRPC 0.6838 41.97
RTE 0.4729 41.97
QNLI 0.4946 41.97
WNLI 0.5634 41.97

Table 12: Accuracy and resulting parameters proportion using uniform SVD
compression, with truncation rank of 0.1 and with post fine-tuning.
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Model Dataset Base Benchmark Benchmark #Params (%) τ

BERT

CoLA 0.8245 / 0.5711 0.7940 / 0.4904 81.93 1.25
MRPC 0.8407 / 0.8889 0.7304 / 0.8318 54.68 1.25
RTE 0.6318 0.5776 33.94 1.25
QNLI 0.8960 0.5997 29.80 1.25
WNLI 0.2676 0.6056 28.18 0.75

GPT-2

CoLA 0.7785 / 0.4383 0.6912 / 0.0000 39.29 1.25
MRPC 0.8039 / 0.8684 0.7083 / 0.8120 40.76 1.25
RTE 0.6318 0.4729 36.25 1.25
QNLI 0.8849 0.8173 44.18 1.25
WNLI 0.3380 0.4366 36.25 0.75

RoBERTa

CoLA 0.8313 / 0.5855 0.6912 / 0.0000 36.92 1.0
MRPC 0.8775 / 0.9117 0.6887 / 0.8025 36.92 1.25
RTE 0.4729 0.4729 36.92 0.5
QNLI 0.8891 0.4946 36.92 0.5
WNLI 0.5634 0.5634 36.92 0.5

Table 13: Benchmark results selected from τ = 0.5, τ = 0.75, τ = 1 and
τ = 1.25 configurations based on highest accuracy-to-parameters ratio. For
CoLA : Accuracy/MCC, for MRPC : Accuracy/F1, for the others : Accuracy.
The τ column indicates which configuration showed the highest accuracy-to-
parameters ratio. With post fine-tuning.

Figure 14 shows a case where the compression was effective. The model was
strongly compressed by the algorithm. In this example, the attention mechanism
(first column) was also compressed, as its size matches the size of the feed-
forward layers (last two columns). As a result, the compression order of the
weight matrices from these 3 columns was determined based on their effective
rank. As reported in [1], the model was able to recover its performance by
fine-tuning only a portion of its original parameters.
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Figure 14: GPT-2 evaluated on the QNLI dataset with τ = 1.25, 81.73% accu-
racy and 44.18% resulting parameters.

As mentioned at the beginning of this section, these results cannot be di-
rectly compared with state-of-the-art methods. The embedding layer was not
compressed, and fine-tuning was limited to 3 epochs, which may not always en-
sure convergence. In addition, the fine-tuning process could be improved by using
knowledge distillation at intermediate layers or weight matrices. For example,
in [31], distillation-based improvements led to performance gains of up to 10%
on some GLUE benchmark datasets compared to standard SVD compression fol-
lowed by basic fine-tuning. In that case, initial performance was recovered while
keeping only about 60% of the parameters. This suggests that refining the fine-
tuning strategy would likely improve the results of the compression framework
on pre-trained models.

Other transformer compression methods can also achieve strong results. In
[25], most of the performance on the GLUE benchmark was recovered by retain-
ing only 10 to 20% of the parameters through a method that combines low-rank
and sparse approximations. Other pruning methods referenced in the same work
also maintained performance while preserving a similar fraction of parameters.
Quantization techniques, such as those in [3], reduced model size from about
400MB to a few dozen MB while preserving performance. In [20], INT8 quanti-
zation was applied to BERT on the GLUE benchmark, resulting in an average
inference speed-up of a 3.5 factor.

5.3.2 Random proxy

As described in Section 5.2.2, when the fine-tuning dataset is unavailable or too
small, compression can be applied using a random proxy dataset X ∈ Rn×dmodel .
In this case, the proxy dataset is used as input to the backbone of the pretrained
model ML

W,Pre. Since no task-specific data is available, AFM is not suitable and
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SVD is used instead. The results from SVD with a uniform truncation rank
in Table 12 are compared with those from the compression algorithm shown in
Table 14.

The performance remains similar to that obtained with uniform truncation
rank when the proportion of remaining parameters is comparable (see rows high-
lighted in bold). As observed with fine-tuned models, the compression algorithm
tends to apply less compression when a random proxy is used instead of a task-
specific proxy. The main advantage of the algorithm in the case of pretrained
models is that it provides a way to select compression levels that allow much
of the original performance to be recovered after fine-tuning, unlike uniform
compression which does not suggest how to choose the truncation rank.

Model Dataset Base Benchmark Benchmark #Params (%) τ

BERT

CoLA 0.8245 / 0.5711 0.8233 / 0.5658 95.95 0.5
MRPC 0.8407 / 0.8889 0.7549 / 0.8423 83.28 0.5
RTE 0.6318 0.5776 97.03 0.5
QNLI 0.8960 0.8940 97.57 0.5
WNLI 0.2676 0.5634 64.83 0.75

GPT-2

CoLA 0.7785 / 0.4383 0.6901 / -0.0207 78.76 0.5
MRPC 0.8039 / 0.8684 0.7206 / 0.8213 78.67 0.5
RTE 0.6318 0.5307 78.67 0.5
QNLI 0.8849 0.8700 83.87 0.5
WNLI 0.3380 0.5634 40.75 1.0

RoBERTa

CoLA 0.8313 / 0.5855 0.8301 / 0.5830 98.34 0.5
MRPC 0.8775 / 0.9117 0.8775 / 0.9144 96.21 0.5
RTE 0.4729 0.4729 41.97 1.0
QNLI 0.8891 0.8896 98.58 0.25
WNLI 0.5634 0.5634 41.97 1.0

Table 14: Benchmark results selected from τ = 0.5, τ = 0.75, τ = 1 and
τ = 1.25 configurations based on highest accuracy-to-parameters ratio. For
CoLA : Accuracy/MCC, for MRPC : Accuracy/F1, for the others : Accuracy.
The τ column indicates which configuration showed the highest accuracy-to-
parameters ratio. With post fine-tuning

The architecture of a successfully compressed model is shown in Figure 15,
where the feed-forward layers were once again compressed in priority.
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Figure 15: GPT-2 evaluated on the QNLI dataset with τ = 0.5, 87.0% accuracy
and 83.9% resulting parameters.
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6 Conclusion

In this work, a compression algorithm framework for neural networks was de-
veloped and its performance on Transformer models was evaluated. Since the
framework is highly modular, much effort was devoted to selecting among the
various options it provides. This process enabled the exploration of rank met-
rics, with effective rank ultimately chosen as the most suitable, as well as output
features, error measures, and proxy datasets. Method were designed to compress
neural network models (specifically Transformers) using some task-specific proxy
or without using any actual data (i.e. by employing a random proxy to model the
distribution of the embedding layer’s outputs). Although these methods outper-
formed the baseline approach for compressing fine-tuned models (demonstrating
that the chosen truncation rank configuration affects compression quality) they
performed similarly to the baseline when compressing pretrained models fol-
lowed by fine-tuning. In that case, the fine-tuning step alone was sufficient to
recover the original performance. Therefore, potential improvements may arise
from enhancing the fine-tuning process (for example, through feature distilla-
tion) and from compressing the embedding layer, which was not addressed here
for practical reasons despite its substantial size.

In conclusion, the low-rank compression framework developed in this study
has shown promising results in certain scenarios but could be improved through
further optimization.
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7 Appendix A

As described in Section 4.4, the output of the embedding layer was computed
for the entire WikiText dataset [29]. These outputs were then flattened and
standardized, resulting in a distribution that closely resembles a Gaussian. To
verify this resemblance, a QQ-plot was generated after removing a small number
of extreme outliers. These outliers correspond to feature values lying outside
the interval [−3, 3] and account for only a very small fraction of the data. For
example, in the case of BERT, they represent approximately 0.1% of the total
points. However, given the large number of data points (26.88M), this small
percentage still translates into a large absolute number of outliers, which can
distort the appearance of the QQ-plot. For this reason, they were excluded from
the plot purely for visualization purposes. For the same reasons, quantitative
statistical tests for normality were not applied to this data. Tests such as the
Kolmogorov–Smirnov test [28] are known to be sensitive to outliers, while the
Shapiro–Wilk test [35] is designed for small sample sizes and becomes impractical
when dealing with large datasets.

The same figure as in Figure 5 is extended in Figure 16 to include results
for GPT-2 and RoBERTa. It is observed that GPT-2’s output distribution
remains approximately Gaussian, though slightly less so than BERT. In the case
of RoBERTa, the distribution appears to consist of two overlapping Gaussian-
like components, although its QQ-plot remains nearly linear. These observations
further support the idea that the output of the word embedding layer can be
reasonably modeled by a Gaussian distribution.
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BERT token ID his-
togram

BERT word embedding
output’s standardized
distribution (blue) with
N (0, 1) (red)

BERT QQ-plot

GPT-2 token ID his-
togram

GPT-2 word embed-
ding output’s standard-
ized distribution (blue)
with N (0, 1) (red)

GPT-2 QQ-plot

RoBERTa token ID his-
togram

RoBERTa word embed-
ding output’s standard-
ized distribution (blue)
with N (0, 1) (red)

RoBERTa QQ-plot

Figure 16: Comparison between the distribution of raw token IDs and the
distribution of embedding outputs from transformer models on the WikiText
dataset [24, 29], using BERT, GPT-2, and RoBERTa. While token IDs are
discrete and non-Gaussian, the continuous embedding outputs approximate a
Gaussian distribution after standardization.
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8 Appendix B

Figure 17: The normalized effective rank is shown for the RoBERTa model with
K = 72 weight matrices. The first three columns represent, respectively, the
query, key, and value weight matrices, with their layer index indicated on the
y-axis ranging from 1 to 12. The fourth column corresponds to the attention
projection weight matrix, while the last two columns represent the feed forward
layers. The maximal effective rank value is 708.6
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Figure 18: The normalized value metric computed as the ratio between the
maximal dimension of a given weight matrix and its effective rank is shown for
the RoBERTa model with K = 72 weight matrices. The first three columns
represent, respectively, the query, key, and value weight matrices, with their
layer index indicated on the y-axis ranging from 1 to 12. The fourth column
corresponds to the attention projection weight matrix, while the last two columns
represent the feed forward layers.
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Use of AI

In this work, AI was used to design the functions used to generate figures, correct
some bugs that needed a deep dive into technical documentation and reformu-
lating some sentences from the written report.
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