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Abstract—Large language models (LLMs) and transformer
based architectures have become prevalent in natural language
processing, yet their massive parameter count limits deployment
in resource-constrained environments. This paper investigates
tensor rank reduction as a structured compression technique
to address inference latency and memory consumption while
preserving model performance. We apply selective tensor de-
composition, specifically Tucker and low-rank factorization, to
compress weight matrices in transformer feed-forward net-
works and attention layers of pre-trained language models.
Our approach balances computational efficiency with model
expressiveness through layer-wise rank selection. Experiments
on DistilBERT for sentiment analysis on the SST-2 dataset
demonstrate that selective tensor decomposition achieves 37.9%
parameter reduction with 8.4 percentage point accuracy drop
and 2.07× inference speedup when applied to feed-forward layers
only, and 46.7% reduction with 11.2 point accuracy drop and
2.65× speedup when extended to attention mechanisms. Analysis
reveals that feed-forward networks exhibit greater tolerance to
low-rank approximation compared to attention layers, and that
factorized layers deliver superlinear speedup relative to parame-
ter reduction. Our findings suggest tensor-based compression is a
practical complementary approach to quantization and pruning
for deploying language models on edge devices.

Index Terms—tensor decomposition, model compression, trans-
former efficiency, natural language processing, low-rank approx-
imation

I. INTRODUCTION

A. Background

Large language models (LLMs) such as ChatGPT and
BERT have achieved remarkable performance on natural lan-
guage processing tasks. However, their massive parameter
counts, often billions, require substantial computational re-
sources, making deployment in resource-constrained environ-
ments difficult. For example, models like GPT-3 demand high-
end GPUs or TPUs and result in significant infrastructure
costs. Inference latency and memory consumtion also create
bottlenecks for real time applications like chatbots and recom-
mendation systems.

To reduce these computational demands, several compres-
sion techniques have been proposed, like quantization reduces
numerical precision, pruning removes less important parame-
ter, and knowledge distillation trains smaller models to imi-

tate larger ones. Each approach has limitations. Quantization
introduces numerical errors, pruning creates irregular sparse
patterns that are hard to accelarate, and distillation requires ad-
ditional training. Tensor decomposition offers and alternative
approach by approximating weight matrices as low rank tensor
products, reducing parameters while maintaining structured,
hardware friendly patterns. Unlike pruning and quantization,
tensor based methods exploit the inherent low rank structure
of transformer weights through mathematical factorization and
offering complementary compression strategy.

B. Research Objectives

This paper investigates tensor rank reduction, specifically
Tucker and Tensor-Train decomposition, to compress trans-
former based language models. Our main contributors are
a systematic analysis of how tensor decomposition methods
apply to transformer feed forward and attention layer, se-
lective layer wise decomposition that balances computational
efficiency with model expressiveness, and experiments on
a small scale transformer demonstrating trade-offs between
parameter reduction, inference speedup, and accuracy. This
paper is organized as follows. Section II reviews tensor decom-
position fundamentals. Section III discusess the transformer
architecture and compression targets. Section IV presents our
methodology. Section V describes experiments and results.
Section VI concludes.

II. MATHEMATICAL BACKGROUND

A. Tensor Fundamentals

A tensor is a mathematical object that generalizes scalars,
vectors, and matrices to higher dimensions. The order (or rank)
of a tensor refers to the number of indices required to specify
each element. A scalar is a rank-0 tensor, a vector is a rank-1
tensor, and a matrix is a rank-2 tensor. For instance, a third-
order tensor X ∈ Rn1×n2×n3 can be visualized as a three-
dimensional array where each element is indexed by three
values, Xi,j,k with i ∈ [1, n1], j ∈ [1, n2], and k ∈ [1, n3].

In the context of neural networks, weight matrices are
naturally represented as tensors. For example, a fully con-
nected layer with input dimension din and dout has weight
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Fig. 1. Illustration of tensors as a generalization of scalars, vectors,
and matrices. Source: Wikipedia

matrix W ∈ Rdin×dout , which is a rank-2 tensor. When
considering multiple layers or batches, these weights can be
reshaped into higher-order tensorr to exploit multidimensional
structure. An important concept in tensor algebra is the mode-
k product, denoted X × kA, which multiplies a tensor X by
a matrix A along its k-th mode. This operation transforms
the k-th dimension while preserving the structure of other
dimensions. The mode-k product forms the foundation for
tensor decomposition methods.

B. Matrix Decomposition

Before discussing tensor decomposition, we briefly review
matrix decomposition as a motivating example. The Singular
Value Decomposition (SVD) factorizes a matrix M ∈ Rm×n

as:

M = UΣV T

where U ∈ Rm×m and V ∈ Rn×n are orthogonal matrices,
and Σ ∈ Rm×n is a diagonal matrix containing singular values
σ1 ≥ σ2 ≥ . . . ≥ 0. A low rank approximation can be obtained
by truncating the SVD to keep only the r largest singular
values:

M ≈Mr = UrΣrVr
T

where Ur ∈ Rm×r, Σr ∈ Rr×r, and Vr ∈ Rn×r. This approx-
imation minimizes the Frobenius norm error ||M −Mr||F
among all rank-r matrices and reduces the number of pa-
rameters from m × n to r(m + n + 1). For large matrices
where r ≪ min(m,n), this represents substantial parameter
reduction.

C. Tucker Decomposition

The Tucker decomposition extends the concept of low rank
matrix approximation to higher order tensors. For a third-order
tensor X ∈ Rn1×n2×n3 , the Tucker decomposition expresses
it as:

X = G ×1 U
(1) ×2 U

(2) ×3 U
(3)

where G ∈ Rn1×n2×n3 is the core tensor, and U (k) ∈ Rnk×rk

are factor matrices for each mode k. The core tensor contains

Fig. 2.
Tucker decomposition of a third order tensor into a smaller
core tensor and three factor matrices along each mode. Source:
ResearchGate [1].

the interactions between different modes, while the factor ma-
trices represent principal components along each dimension.

The dimensions (r1, r2.r3) are called the multilinear rank
of the tensor and control the compression level. When rk ≪
nk for all models. Tucker decomposition achieves significant
parameter reduction. For instance, the original tensor contains
n1n2n3 parameters, while the Tucker representation requires
only r1r2r3 +

∑3
k=1 nkrk parameters.

Tucker decomposition can be computed using the Higher-
Order SVD (HOSVD) algorithm, which applies SVD to each
mode-k unfolding of the tensor sequentially. This method
guarantees orthogonal factor matrices and provides a straight-
forward way to truncate each mode independently.

D. Tensor-Train Decomposition

The Tensor-Train (TT) decomposition offers an alternative
factorization that is particularly efficient for high order ten-
sors. For a d-dimensional tensor A ∈ Rn1×n2×...nd , the TT
decomposition represents it as:

A(i1, i2, . . . , id) = G1(i1)G2(i2) . . . Gd(id)

where each Gk(ik) ∈ Rrk−1×rk is a matrix slice from a third
order tensor (called as TT-core), with boundary conditions
r0 = rd = 1. The values (r1, r2, . . . , rd−1) are called TT-
ranks and determine the compression level.

The TT decomposition can be computed efficiently using
TT-SVD algorithm, which performs d sequential SVDs on re-
shaped versions of the tensor. The total number of parameters
in a TT representation is

∑d
k=1 nkrk−1rk, which grows lin-

early with the tensor order d when TT-ranks are bounded. This
makes TT decomposition particularly suitable for very high
dimensionla problems where Tucker decomposition would be
prohibitive. One advantage of TT decomposition over Tucker
is that it avoids the core tensor, which can become a bottleneck
when the tensor order is large. Additionally, TT decomposition
provides a unique sequential structure that aligns well with
chain structured computations in neural networks.

III. TRANSFORMER ARCHITECTURE AND COMPRESSION
TARGETS

A. Overview of Transformer Models

The transformer architecture, introduced by Vaswani et al.
in ”Attention is All You Need,” has become the foundation for
modern natural language processing models. Unlike recurrent
neural networks, transformers process entire sequences in



parallel using self attention mechanisms and allowing them
to capture long range dependencies efficiently. A typical
transformer model consists of stacked blocks, each containing
two primary components, a multi-head self-attention (MHA)
layer and a feed-forward network (FFN). Each block also
includes residual connections and layer normalization to sta-
bilize training. The input to a transformer begins as token
embeddings, which are augmented with positional encodings
to preserve sequence order information.

Fig. 3.
Schematic diagram of a standard transformer block with multi-
head self-attention (MHA), feed-forward network (FFN).
Source: Medium [2].

B. Multi-Head Self-Attention Mechanism

The self-attention mechanism allows each token in a se-
quence to attend to all other tokens, computing relevance
scores that determine how much each token should influence
the representation of others. For an input sequence represented
as a matrix X ∈ Rn×dmodel , where n is the sequence
length and dmodel is the embedding dimension, the attention
operation computes three matrices, quearies (Q), keys (K),
and values (V ).

These matrices are obtained through learned linear projec-
tions:

Q = XWQ, K = XWK , V = XWV

where WQ,WK ,WV ∈ Rdmodel×dk are learned weight ma-
trices. The attention scores are computes as

Attention(Q,K, V ) = softmax(
QKT

√
dk

)V

The scaling factor
√
dk prevents the dot products from

becoming too large, which could lead to vanishing gradients
during training. Multi head attention extends this mechanism
by running h parallel attention operations, each with different

learned projection matrices. The outputs from all heads are
concatenated and projected through another learned matrix
WO ∈ Rhdv×dmodel to produce the final output. For a model
with h attention heads, the total number of parameters in the
MHA layer is 4 × dmodel

2 (considering Q,K, V , and output
projections).

C. Feed-Forward Networks

Following the attention layer, each transformer block con-
tains a positive wise feed-forward network that applies the
same transformation independently to each token position. The
standard FFN consists of two linear transformations with a
non-linear activation function (typically ReLU or GELU) in
between:

FFN(x) = max(0, xW1 + b1)W2 + b2

where W1 ∈ Rdmodel×dff and W2 ∈ Rdff×dmodel , with dff
typically set to 4dmodel. This means the FFN first projects the
input to a higher dimensional space and then projects it back
to the original dimension.

The FFN layer contains significantly more parameters than
the attention layer. Specifically, it has 2 × dmodel × dff =
8 × dmodel

2 parameters (when dff = 4dmodel), which is
twice the parameter count of the MHA layer. Research has
shown that FFN layers play a crucial role in preventing
representation degeneration and enabling the model to learn
complex patterns.

D. Parameter Distribution and Compression Targets

In a standard transformer block, the parameter distribution
is heavily skewed toward the FFN layers. For a model with
dmodel = 512, a single transformer block contains approxi-
mately:

• MHA layer: 4× 5122 ≈ 1.05 million parameters
• FFN layer: 8× 5122 ≈ 2.10 million parameters

This 2:1 ratio between FFN and MHA parameters holds
across different model sizes. For models like BERT-base
(110M parameters) or GPT-2 medium (345M parameters), the
majority of parameters reside in the FFN layers, making them
prime candidates for compression. The weight matrices in
both MHA and FFN layers can be reshaped into higher order
tensors to enable tensor decomposition. For instance, a weight
matrix X ∈ Rdin×dout can be reshaped into a third order
tensor W ∈ Rr1×r2×r3 where r1 × r2 × r3 = din × dout.
This reshaping allows us to apply Tucker or Tensor-Train
decomposition to exploit low rank structure that may not be
apparent in the original matrix form.

Given the parameter distribution, our compression strategy
focuses primarily on FFN layers, which offer the greatest
potential for parameter reduction. However, we also investigate
applying tensor decomposition to the projection matrices in the
attention mechanism, particularly the value and output matri-
ces, as these contribute substantially to the overall parameter
count.



IV. METHODOLOGY

A. Tensor Decomposition Formulation for Transformer Layers

To apply tensor decomposition to transformer weights, we
first reshape weight matrices into higher order tensors. For a
weight matrix W ∈ Rdin×dout , we reshape it into a third order
tensor W ∈ Rn1×n2×n3 where n1 × n2 × n3 = din × dout.
The choice of reshape dimensions depends on the target layer.
For instance, in FFN layers where din = dmodel and dout =
4dmodel, a natural factorization is n1 = dmodel, n2 = 4, n3 =
dmodel Once reshaped, we apply either Tucker or Tensor-Train
Decomposition. For Tucker decomposition, we compute:

X ≈ G ×1 U
(1) ×2 U

(2) ×3 U
(3)

where G ∈ Rr1×r2×r3 is the core tensor and U (k) are factor
matrices with rank rk. For Tensor-Train Decomposition, we
apply the TT-SVD algorithm to obtain cores G1, G2, G3 with
TT-ranks r1, r2:

W ′ = reshape(W, din × dout)

and used directly in the forward pass without materializing the
full tensor.

Algorithm 1 Tensor Decomposition of a Single Transformer
Layer

1: Input: Weight matrix W ∈ Rdin×dout , target tensor shape
(n1, n2, n3) with n1n2n3 = dindout, target rank parameters
(e.g., r or (r1, r2, r3)), decomposition type (Tucker or TT)

2: Output: Decomposed representation of W and approxi-
mated weight matrix W ′

3:
4: Reshape W into tensor W ∈ Rn1×n2×n3

5: if decomposition type is Tucker then
6: Choose multilinear ranks (r1, r2, r3) based on the target

compression level
7: Compute Tucker decomposition
8: W ≈ G ×1 U

(1) ×2 U
(2) ×3 U

(3)

9: where G ∈ Rr1×r2×r3 and U (k) ∈ Rnk×rk for k =
1, 2, 3

10: Store core tensor G and factor matrices U (1), U (2), U (3)

11: else if decomposition type is Tensor-Train (TT) then
12: Choose TT-ranks (r1, r2) (or generally (r1, . . . , rd−1)

for order-d tensors)
13: Apply TT-SVD to obtain TT-cores G1, G2, G3 such that

14: W(i1, i2, i3) ≈ G1(i1)G2(i2)G3(i3)
15: Store TT-cores G1, G2, G3

16: end if
17: Reconstruct approximated tensor W ′ from the stored

factors or TT-cores
18: Reshape W ′ back to matrix form W ′ ∈ Rdin×dout

19: return Decomposed factors/cores and approximated ma-
trix W ′

B. Selective Layer-Wise Rank Selection

Rather than applying uniform compression across all layers,
we employ a selective layer wise rank selection strategy that
determines appropiate ranks per layer based on sensitivity
analysis. The motivation is that different layers contribute
differently to model performance, some layers are more toler-
ant to low rank approx than others. Our selection procedure
follows these steps:

1) Layer Sensitivity Analysis: For each layer l in the
transformer, we compute a sensitivity score Sl that
measures how much the layer’s output changes when
decomposed to a given rank. We approximate this by:

Sl = ||Wl −W ′
l ||F /||Wl||F

where W ′
l is the reconstructed weight matrix at rank rl.

Layers with lower sensitivity scores are better candidates
for higher compression.

2) Rank Search: For each layer, we conduct a rank search
over a predefined range r ∈ [rmin, rmax] and measure
the impact on task accuracy using validation data. We
select the rank that achieves the best balance between
compression and accuracy preservation. This greedy
approach, while not globally optimal, is computationally
tractable and has been shown to work well in practice.

3) Fine-Tuning: After decomposing targeted layers, we
fine tune the decomposed model on the training data
to recover any accuracy loss. Fine tuning allows the
remaining parameters to adapt to the lower rank approx
and often improves final accuracy beyond post decom-
position accuracy. The fine tuning step is crucial because
it leverages the flexibility of the uncompressed layers to
compensate for the expressiveness lost in decomposed
layers.

As summarized in Algorithm 2, our approach iteratively
evaluates each target layer by testing different rank values,
computing reconstruction error and validation accuracy, then
selecting the rank that optimizes the trade-off between com-
pression ratio and model performance.

C. Implementation Details

We implement tensor decomposition using the Tensorly
library, a Python package for tensor operations. For Tucker
decomposition, we use the Higher-Order SVD (HOSVD) algo-
rithm, which sequentially applies SVD to mode-k unfoldings.
For Tensor-Train decomposition, we use the TT-SVD algo-
rithm with a user specified error bound ϵ which automatically
determines ranks to satisfy the approximation error constraint.
The decomposition is applied selectively to

1) FFN layers: All weight matrices (W1 and W2)
2) Attention layers: The value and output projection ma-

trices (WV and WO) which have the highest parameter
counts

We exclude the query and key projection matrices from
decomposition as preliminary experiments showed they are
more sensitive to rank reduction.



Algorithm 2 Selective Tensor Rank Reduction for Trans-
former Layers

1: Input: Pre-trained transformer model M , set of target
layers L, rank search range [rmin, rmax], validation dataset
Dval

2: Output: Compressed transformer model M ′

3:
4: Initialize M ′ ←M
5: for each layer ℓ ∈ L do
6: Obtain weight matrix Wℓ from layer ℓ
7: Reshape Wℓ into tensor W with suitable dimensions
8: Initialize best rank r∗ℓ ← rmax, best score s∗ℓ ← −∞
9: for r from rmin to rmax do

10: Apply tensor decomposition (Tucker or TT) to W
with rank r, obtain factors {G, U (k)} or TT-cores
{Gk}

11: Reconstruct approximated weight W̃ℓ,r from the de-
composed factors

12: Compute relative reconstruction error
13: Eℓ,r = ∥W − W̃ℓ,r∥F /∥W∥F
14: Temporarily replace Wℓ in M ′ with W̃ℓ,r

15: Evaluate validation accuracy Aℓ,r of M ′ on Dval
16: Compute score
17: sℓ,r = Aℓ,r − λEℓ,r // λ balances accuracy vs.

compression
18: if sℓ,r > s∗ℓ then
19: Update s∗ℓ ← sℓ,r, r∗ℓ ← r, and store W̃ℓ,r

20: end if
21: end for
22: Set final decomposed weight for layer ℓ: Wℓ ← W̃ℓ,r∗ℓ

in M ′

23: end for
24: Fine-tune compressed model M ′ on training data
25: return M ′

D. Evaluation Metrics

We measure compression effectiveness using three key
metrics:

• Parameter Reduction Ratio (PRR):

PRR =
Porig − Pcomp

Porig
× 100%

where P is parameters.
• Inference Latency Speedup:

Speedup =
Original inference time

Compressed inference time

Measured on a single GPU with batch size 32 over 100
test samples.

• Classification Accuracy: We report the accuracy of the
compressed model on the test set of the downstream task
(sentiment analysis), compared to the original baseline.
The ultimate goal is maximize PRR and Speedup while
maintaining accuracy within acceptable threshold (typi-
cally < 2% loss).

V. EXPERIMENTS AND RESULTS

A. Experimental Setup

To evaluate the proposed compression method, we conduct
experiments on the Stanford Sentiment Treebank 2 (SST-
2) dataset, a widely used benchmark for binary sentiment
classification. SST-2 consists of short sentences labeled as
either positive or negative, with predefined training, validation,
and test splits. Basic preprocessing is handled by the tok-
enizer associated with the chosen transformer model, including
lowercasing, subword tokenization, and truncation to a fixed
maximum sequence length.

As the base model, we use a pre-trained DistilBERT variant
fine tuned for sentiment analysis, which provides a compact
representative transformer architecture with six layers and a
hidden size of 768. This choice allows us to study tensor
based compression on a realistic transformer while keeping
training and inference costs manageable. All experiments are
implemented in PyTorch using the HuggingFace Transformers
library for model loading and training, and TensorLy for tensor
decomposition operations. Unless otherwise stated, models are
trained and evaluated on a single GPU with mini-batch training
and early stopping based on validation accuracy.

B. Baseline and Compression Settings

We compare three model variants in our experiments. The
Baseline model is the original DistilBERT sentiment classifier
without any compression applied. The TD-FFN model applies
tensor decomposition only to the feed-forward network (FFN)
layers in each transformer block, targeting the two large linear
transformations that dominate the parameter count. The TD-
FFN+ATTN model extends this approach by compressing the
value projection matrix WV and the output matrix WO in
the multi head attention mechanism, while leaving the more
sensitive query and key projections unchanged, as motivated
in Section III and IV.

For each target linear layer, we reshape the weight matrix
into a third order tensor and apply Tucker or Tensor-Train
decomposition following the procedure in Algorithm 1. The
candidate tensor ranks for each layer are selected from a small
discrete set (e.g. {16, 32, 64, 128}), and the final rank per layer
is chosen using the selective layer wise rank selection strategy
described in Algorithm 2. This strategy balances reconstruc-
tion error and validation accuracy, ensuring that layers with
higher sensitivity receive higher ranks, while less critical layers
are compressed more aggressively. All compressed models are
fine-tuned for a few epochs after decomposition to recover
potential performance loss.

C. Experimental Procedure

The overall experimental workflow for all model variants is
summarized in Algorithm 3.

The overall experimental workflow, which integrates the
compression procedures from Algorithms 1 and 2 with model
training and evaluation, is summarized in Algorithm 3.



Algorithm 3 End-to-End Experimental Procedure
1: Input: Dataset D, pre-trained model M, compression

settings (FFN/ATTN, rank r)
2: Output: Performance metrics for all model variants
3:
4: Split D into Dtrain,Dval,Dtest
5:
6: Train baseline: Fine-tune M on Dtrain, evaluate on Dtest
7:
8: for each variant v ∈ {TD-FFN,TD-FFN+ATTN} do
9: Create Mv by applying Algorithms 1–2 to selected

layers of M with rank r
10: Fine-tune Mv on Dtrain for reduced epochs
11: Measure parameters, latency, and test accuracy of Mv

12: end for
13:
14: return metrics for baseline and all variants

D. Results

Table I presents the comprehensive performance comparison
of the baseline DistilBERT model and the two compressed
variants on the SST-2 sentiment analysis task. The results
demonstrate that selective tensor rank reduction achieves sub-
stantial parameter reduction and inference speedup, though
with a moderate trade-off in classification accuracy.

TABLE I
PERFORMANCE COMPARISON ON SST-2

Model Params PRR Latency Speed Acc
(M) (%) (ms) up (%)

Baseline 66.96 0.0 82.18 1.00 89.33
TD-FFN 41.59 37.9 39.67 2.07 79.93
TD-FFN 35.69 46.7 31.29 2.63 78.33
+ATTN

Fig. 4. Comparative visualization of model performance across three
metrics. Source: Author

• Parameter Reduction and Model Size:
The TD-FFN model, which applies low-rank factorization
exclusively to feed-forward network layers, achieves a
37.9% reduction in total parameters, decreasing from
66.96M to 41.59M parameters. This aligns well with our
architectural analysis in Section III, which identified FFN
layers as the dominant contributors to parameter count in
transformer blocks. The TD-FFN+ATTN model, which
additionally compresses the value and output projection
matrices in attention layers, achieves an even higher
reduction of 46.7%, bringing the total parameter count

down to 35.69M. These results confirm that the proposed
selective compression strategy effectively targets the most
parameter-heavy components while preserving the overall
model structure.

• Inference Latency and speedup:
Both compressed models demonstrate significant im-
provements in inference speed. The TD-FFN model
achieves a 2.07× speedup, reducing average latency
from 82.18 ms/batch to 39.67 ms/batch, while the TD-
FFN+ATTN model reaches 2.63× speedup with 31.29
ms/batch. These speedups are particularly noteworthy
because they exceed the parameter reduction ratios,
suggesting that the factorized layers not only reduce
memory footprint but also benefit from more efficient
matrix operations during forward passes. This makes the
compressed models especially suitable for deployment
scenarios where inference latency is a critical constraint,
such as real-time chatbot applications or edge devices
with limited computational resources.

• Classification Accuracy and Trafe-offs:
The baseline model achieves 89.33% test accuracy on
SST-2 after fine-tuning. The TD-FFN model maintains
79.93% accuracy, representing a 9.40 percentage point
drop, while the TD-FFN+ATTN model achieves 78.33%
accuracy, an 11.00 point drop from baseline. While these
accuracy reductions are non-trivial, they remain within
acceptable ranges for many practical applications, par-
ticularly when weighed against the substantial gains in
model size and speed. The larger accuracy drop in TD-
FFN+ATTN compared to TD-FFN suggests that atten-
tion layers, particularly the value and output projections,
are more sensitive to rank reduction than feed-forward
layers, which aligns with findings from prior work on
transformer compression.

• Layer Wise Sensitivity Analysis:
Our results reveal that different layer types respond differ-
ently to low rank approximation. Feed-forward networks,
which consist of two large linear transformations with a
non-linearity in between, appear more tolerant to rank re-
duction. This is likely because the intermediate activation
introduces non-linearity that can partially compensate for
the reduced expressiveness of factorized weights. In con-
trast, attention mechanisms rely heavily on precise query-
key-value interactions to capture semantic relationships,
making them more sensitive to compression. Notably, we
excluded query and key projections from compression
based on preliminary sensitivity tests, which showed that
these components are critical for maintaining attention
score quality.

• Practical Implications:
For practitioners seeking to deploy transformer-based
sentiment classifiers in resource-constrained environ-
ments, our results suggest that the TD-FFN configuration
offers the best balance between compression and accu-
racy. With a 37.9% parameter reduction, 2.07× speedup,
and only a 9.40-point accuracy drop, this variant is well



suited for applications where moderate accuracy loss is
acceptable in exchange for significant resource savings.
The TD-FFN+ATTN model, while achieving higher com-
pression (46.7%) and faster inference (2.63×), may be
more appropriate for scenarios where speed is paramount
and accuracy requirements are less stringent, such as
large scale batch processing or preliminary filtering tasks.
It is worth noting that the accuracy drops observed in
our experiments could potentially be mitigated through
additional fine-tuning epochs, more sophisticated rank
selection strategies such as layer-wise sensitivity-guided
rank assignment, or hybrid approaches that combine ten-
sor decomposition with other compression techniques like
quantization or pruning. Future work could explore these
directions to further optimize the compression-accuracy
trade-off.

VI. CONCLUSION

This paper presents a systematic approach to compressing
transformer based language models through selective tensor
decomposition applied to feed-forward and attention layers.
We formulated the compression problem as a tensor rank
minimization task and developed a layermwise rank selection
algorithm that balances reconstruction accuracy with model
performance. Our methodology specifically targets the feed-
forward network layers, which dominate the parameter count
in transformer architectures, while selectively compressing
value and output projections in multi-head attention mecha-
nisms.

Experimental validation on the SST-2 sentiment classifica-
tion benchmark using DistilBERT demonstrates that our ap-
proach achieves substantial resource efficiency gains. The TD-
FFN variant reduces model parameters by 37.9% and achieves
a 2.07× inference speedup with a 9.40 percentage point
accuracy drop, while the more aggressive TD-FFN+ATTN
configuration delivers 46.7% parameter reduction and 2.63×
speedup at the cost of an 11.00 point accuracy decline. These
results indicate that tensor decomposition offers a practical
trade-off between model size, inference speed, and predictive
performance, making it particularly suitable for deployment
in resource-constrained environments such as mobile devices
and edge computing platforms.

The findings reveal important insights into the compress-
ibility of different transformer components. Feed-forward net-
works exhibit greater tolerance to low-rank approximation
compared to attention mechanisms, suggesting that hybrid
compression strategies that apply different rank constraints to
different layer types may yield better compression-accuracy
trade-offs. Additionally, the observed superlinear speedup rel-
ative to parameter reduction indicates that factorized layers
benefit from computational efficiencies beyond simple param-
eter count reduction, likely due to improved memory access
patterns and matrix multiplication optimization.

Future research directions include extending this framework
to larger language models such as GPT and BERT-large,
where the potential for compression is significantly greater.

Investigating adaptive rank selection methods that automati-
cally determine optimal ranks per layer based on validation
performance could further improve the compression-accuracy
trade-off. Additionally, combining tensor decomposition with
complementary techniques such as quantization, pruning, or
knowledge distillation may enable even higher compression
ratios while maintaining model quality. Finally, exploring
the application of higher-order tensor decompositions beyond
Tucker and Tensor-Train formats, such as hierarchical Tucker
or tensor ring decomposition, represents a promising avenue
for future investigation.

APPENDIX

• Code Repository:
Complete implementation and experimental notebook
(main.ipynb) are available at:
https://github.com/ethj0r/IF2123-PAPER-Efficient-
Transformer-Compression-in-Pre-trained-Language-
Models

• Video Demonstration:
A video demonstration of the experimental pipeline,
model compression process, and performance comparison
is available at:
https://youtu.be/zjGFKYmWNUw
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