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Abstract
While low-rank decomposition offers potential
for reducing LLM parameters, maintaining the
original capabilities remains a significant chal-
lenge. In this work, we identify and formalize a
key overlooked issue in LLM decomposition: rep-
resentation drift. We show that approximation
errors introduced by decomposition propagate
and amplify non-linearly through the deep lay-
ers of the transformer architecture, progressively
distorting internal representations and degrading
downstream performance. To mitigate this, we
introduce a conceptually simple but principled
compensation mechanism, named “Decomper”,
that operates by suppressing error at its source.
By learning to align the output distribution of
decomposed transformer blocks with their origi-
nal counterparts, our method effectively counter-
acts representation drift, achieving notable per-
formance recovery with near-zero inference over-
head. Extensive experiments in OPT, LLaMA-2/3,
and Qwen exhibit remarkable improvements. For
instance, on LLaMA-3-8B and OPT-13B at 40%
compression, perplexity is reduced by more than
70% while reasoning task accuracy improves by
over 10%. Our code is available at this URL.

1. Introduction
The scaling of large language models (LLMs) has deliv-
ered impressive capabilities but also created formidable
challenges for their practical deployment due to substantial
computational and memory demands (Kaplan et al., 2020;
Miao et al., 2023). Consequently, model compression has
become an essential research direction, with techniques
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like pruning (Frantar & Alistarh, 2023; Sun et al., 2024;
Ashkboos et al., 2024; An et al., 2024; Ma et al., 2023),
quantization (Frantar et al., 2023; Lin et al., 2024; Dettmers
et al., 2023), and low-rank decomposition (Hsu et al., 2022;
Yuan et al., 2023; Wang et al., 2025c;b; Yu & Wu, 2023;
Chavan et al., 2024) being actively explored to reduce model
size and accelerate inference.

Among these techniques, low-rank decomposition offers an
approach to parameter reduction by approximating weight
matrices with the product of two smaller matrices, typically
achieved through Singular Value Decomposition (SVD). De-
spite its theoretical appeal for parameter reduction, low-rank
decomposition often leads to notable performance degrada-
tion, which has hindered its practical adoption. Advanced
methods primarily focus on minimizing the reconstruction
error of individual weight matrices or their activations (Yu
& Wu, 2023; Wang et al., 2025c; Huang et al., 2025). How-
ever, as our analysis reveals, such optimization targeting
individual matrices is insufficient to prevent the accumu-
lation and amplification of approximation errors through-
out the network. We identify representation drift as the
fundamental cause: minor approximation errors per layer
are non-linearly amplified and accumulate across the deep
network, leading to a substantial divergence in the latent
representations from their original distribution. This drift
manifests as a severe value reduction in the distribution of
hidden states, ultimately degrading the model’s quality.

In this work, we first provide a diagnosis of this problem,
including a theoretical analysis of the reconstruction loss
and its propagation through transformer blocks. We then
introduce Decomper, a simple and effective compensation
mechanism designed to mitigate this drift directly. Our key
insight is that learning a compensation term for each decom-
posed linear layer can effectively mitigate the approximation
error, dramatically reducing the initial error injected into the
computational graph. This mechanism is optimized to mini-
mize block-level output divergence using a small calibration
set (e.g., 512 sequences with 256 tokens), is straightforward
to implement, and adds no inference overhead as the learned
compensation term can be fused into the linear operation.

Our comprehensive evaluations on the diverse model archi-
tectures (OPT, LLaMA-2, LLaMA-3, Qwen3 and Qwen2.5-
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VL) across multiple scales (7B, 8B, 13B, and 30B) demon-
strate that Decomper consistently outperforms existing
methods in both structured pruning and low-rank decompo-
sition. For instance, under the 40% compression ratio with
OPT-13B, Decomper outperforms SVD-LLM, yielding a
perplexity reduction from 68.0 to 15.88 and downstream
task accuracy enhancement from 42.6% to 52.7%. Its effi-
cacy extends to vision-language models, yielding remark-
able improvements in COCO captioning metrics, notably
a 23% CIDEr gain at 20% compression. In summary, our
contributions are as follows:

• We identify and formalize the problem of representa-
tion drift as a key cause of performance degradation in
low-rank decomposed LLMs.

• We propose a simple, effective, and near-zero-overhead
compensation mechanism to mitigate this drift. To
demonstrate its effectiveness, we quantitatively con-
firm the reduction in drift via Wasserstein distance.

• We empirically validate our method’s superiority over
existing techniques across multiple models and bench-
marks. We further demonstrate its inference speedups
and synergistic value with quantization.

2. Related Work
This section reviews parameter reduction methods, specifi-
cally pruning and low-rank decomposition.

Network Pruning. Unstructured pruning exploits the in-
herent sparsity of model weights to eliminate specific con-
nections, yet often struggles to achieve speedups due to
hardware limitations (Frantar & Alistarh, 2023; Sun et al.,
2024; Dong et al., 2024; Zhang & Papyan, 2025; Makni
et al., 2025). Structured pruning removes entire channels
or components for hardware acceleration (Ma et al., 2023;
Ashkboos et al., 2024; van der Ouderaa et al., 2024; Lin
et al., 2025; An et al., 2024). For instance, SliceGPT (Ashk-
boos et al., 2024) eliminates rows and columns via a trans-
formation matrix, requiring extra adapters. FLAP (An et al.,
2024) aligns layer outputs using a heuristic bias based on
the mean contribution of pruned weights.

Low-Rank Decomposition. Unlike pruning, low-rank de-
composition approximates dense weight matrices as the
product of smaller low-rank matrices. Direct application of
vanilla SVD often degrades performance significantly. To
address this, FWSVD (Hsu et al., 2022) uses Fisher infor-
mation to reconstruct weight matrices based on parameter
importance. Recent truncation-aware methods link singular
values to compression loss by considering activation recon-
struction (Yuan et al., 2023; Huang et al., 2025; Wang et al.,
2025c;b). Another line of work focuses on feature-space de-
composition (Chavan et al., 2024), such as utilizing Atomic

Feature Mimicking (AFM) to decompose fully connected
layer outputs (Yu & Wu, 2023; Ji et al., 2024). Most recently,
Dobi-SVD (Wang et al., 2025b) minimizes reconstruction
error via factor training, while Basis Sharing (Wang et al.,
2025a) amortizes storage by sharing projection bases across
adjacent layers. Despite these advancements, maintaining
original capabilities after decomposition remains a signifi-
cant challenge.

3. Representation Drift: Diagnosis and
Mitigation

As illustrated in Figure 1, we propose a “compress-then-
align” paradigm to mitigate representation drift. In this
section, we present a theoretical analysis of representation
drift and quantitatively demonstrate the effect of low-rank
decomposition and compensation. Our analysis proceeds in
three steps: (i) quantify per-layer decomposition residuals
using SVD, (ii) propagate first-order perturbations through
a stack of transformer blocks using first-order Taylor expan-
sions and operator-norm bounds, and (iii) analyze the effect
of compensation and its impact on expected error.

Notation. We summarize the key notations used throughout
our analysis for clarity. Fl: The mapping function of the
l-th Transformer block. W,Wr: Original weight matrix and
its low-rank approximation. R: Residual error matrix (R =
W −Wr). X: Input activation for the linear transformation
Y = WX + b. µ,Σ: Mean and covariance of X . H l, H l

r:
Outputs of the original and decomposed l-th Transforme
block. Dl

drift: Representation drift at the l-th Transformer
block. c: Learnable compensation vector.

3.1. Diagnosis: Error Propagation and Amplification

Linear layer reconstruction loss. Given a weight matrix
W ∈ Rm×n, low-rank decomposition aims to reduce param-
eters while minimizing the reconstruction error. We approx-
imate W by a rank-r matrix Wr = AB, where A ∈ Rm×r,
B ∈ Rr×n are factorized via Singular Value Decomposition
(SVD) as A = Ur

√
Σr, B =

√
ΣrV

⊤
r . Here, Ur and Vr

contain the top-r singular vectors, and
√
Σr is a diagonal

matrix of the square roots of the top-r singular values. This
reduces the parameter count from m× n to (m+ n)× r.

Let Wr be its rank-r truncated approximation and R =
W − Wr the residual. The reconstruction loss for input
activations X is defined with respect to the empirical distri-
bution D of the calibration dataset. Treating X as a random
variable drawn from D, the reconstruction loss, governed
by the mean µ and covariance Σ of X , is defined as:

L(Wr) = E[∥WX −WrX∥22] = E[∥RX∥22]
= Tr

(
R(Σ + µµ⊤)R⊤)

= ∥Rµ∥22 +Tr(RΣR⊤).

(1)
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Figure 1. Decomper: A “compress-then-align” paradigm. We identify the latent representation drift that arises from low-rank decomposi-
tion techniques. Based on this finding, we propose a post-hoc compensation mechanism to mitigate the distribution drift.

This error provides a layer-wise baseline but crucially ig-
nores how these errors interact and transform through the
network’s non-linearities. The detailed derivation is pro-
vided in Appendix A.

Representation drift in the Transformer block. A
Transformer block operates as a complex dynami-
cal system, which consists of multiple linear projec-
tions in both self-attention module SA(X) = WO ·
Softmax

(
WQX(WKX)⊤√

dk

)
WV X and feed-forward layers

FFN(X) = W down
(
σ(W upX)⊙W gateX

)
. After decom-

position, each weight W j becomes W j = W j
r + Rj . Al-

though existing methods minimize the reconstruction error
for each individual linear layer, the output of the entire
decomposed Transformer block still exhibits significant de-
viation from that of the original block. This divergence
stems not only from the accumulation of errors across multi-
ple layers but also from the non-linear amplification of these
errors through the deep network architecture.

Using LLaMA-3-8B as an example, we investigate the dis-
tribution of latent representations for the original model, the
low-rank decomposition model, and the decomposed model
enhanced with our compensation mechanism. We investi-
gate the absolute values of the latent representations from
Transformer blocks, displaying the 50th percentile, 95th per-
centile, and maximum value for each channel. For brevity,
we illustrate the outputs from the 23rd Transformer block
(out of 32). As shown in the first and second sub-figures
of Figure 2, despite employing advanced low-rank decom-
position techniques (e.g., truncation-aware data whitening
minimizes linear layer reconstruction error), a significant
drift of representations is observed between the decomposed
and original models, particularly in the middle to tail blocks,
which experience higher compression ratios. This drift re-

sults in inconsistent final outputs of the model, as the decom-
posed model yields latent representation values significantly
lower than those of the original model. Such a pattern
narrows the data distribution and negatively affects model
quality. We provide additional visualizations for different
model architectures in Appendix I.

Figure 2. Latent representation drift in decomposition and our
compensation on LLaMA-3-8B (23rd Block).

To analyze this phenomenon, we define representation drift
as the divergence between the hidden state distributions
of the original and decomposed models across transformer
blocks. Let H l = F(H l−1; {W i}) be the output of the l-th
transformer block in the original model. To capture the accu-
mulation of errors, the decomposed model’s output at block
l is defined recursively as H l

r = F(H l−1
r ; {W i

r}), taking
the drifted input from the previous decomposed block. F
represents the composite function of self-attention, MLP,
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residual connections, and LayerNorm operations. The orig-
inal weights W i, i ∈ {q, k, v, o, gate, up, down} are re-
placed by their approximations W i

r . The drift at block l is
quantified by the expected divergence:

Dl
drift = E[∥H l −H l

r∥22]. (2)

Error propagation and amplification. To analyze the
representation drift Ddrift, we employ a first-order Taylor
expansion around the original weights W i. The error propa-
gates through the entire network. The divergence at the final
block L can be expressed recursively:

DL
drift = E[∥HL −HL

r ∥22]

≈ E[∥
L∑

l=1

(

L∏
j=l+1

∂Hj

∂Hj−1︸ ︷︷ ︸
Propagated Error

) · (
∑
i∈W

∂F l

∂W i
Ri︸ ︷︷ ︸

Local Error

)∥22],

(3)

where Ri = W i −W i
r is the residual matrix for the i-th

linear layer.

The local error captures the direct effect of decompos-
ing the i-th linear layer in block l. For a linear layer
y = WX + b, this error is RX , whose expected squared
norm is E[∥RX∥22] = ∥Rµ∥22 +Tr(RΣR⊤), as derived in
Equation 1. Equation 3 serves as a diagnostic tool, illus-
trating that the final error is a weighted sum of local errors
where weights are products of Jacobians. Errors introduced
in earlier layers (smaller l) undergo more non-linear ampli-
fication through the product of Jacobians

∏L
j=l+1

∂Hj

∂Hj−1 ,
accumulating into a substantial propagated error that can-
not be ignored. Empirically, as visualized in Figure 2, this
propagated error significantly alters the representation distri-
bution, manifesting as a drastic reduction in the magnitude
of deep hidden states, making them more detrimental to the
final output.

3.2. A Simple and Effective Compensation Mechanism

Output alignment via error suppression. As derivation in
Section 3.1, our key idea is to compensate for the approxi-
mation error at each linear layer directly, preventing small
local errors from accumulating across layers. We aim to
find a correction term such that:

WrX + compensation ≈WX. (4)

A natural choice is to use a bias vector c, which is efficient to
learn and add. Thus, for each decomposed layer, we learn a
compensation vector c satisfying: WrX+c ≈WX. This is
equivalent to learning an approximation c ≈ (W−Wr)X =
RX . Therefore, introducing c effectively reduces the local
error and mitigates the error propagation:

E[∥WX − (WrX + c)∥22]≪ E[∥RX∥22] (5)

By minimizing the local error at its source, our compen-
sation mechanism prevents the initial introduction of sub-
stantial error into the computational graph. This drastically
reduces the error available for propagation and amplifica-
tion through subsequent layers, thereby mitigating the latent
representation drift and aligning H l′ more closely with H l.

Proposition 3.1. Given input X with mean µ and covari-
ance Σ. For a decomposed linear layer with compensation
vector c optimized to minimize the expected reconstruction
error E[∥WX−(WrX+c)∥22], the expected error is upper-
bounded by the variance component of the residual error.

Proof. Let R = W−Wr. The objective is to find a constant
vector c that minimizes E[∥RX − c∥22]. It is a standard
statistical result that the optimal solution is the expected
value: c∗ = E[RX] = Rµ. Substituting c∗ = Rµ back into
the objective function, the residual error becomes R(X −
µ). The expected squared norm is derived as: E[∥R(X −
µ)∥22] = Tr(R ·E[(X−µ)(X−µ)⊤] ·R⊤) = Tr(RΣR⊤).
This confirms that the variance component bounds the error.

Learned bias as a simple and practical solution. Al-
though Proposition 3.1 provides a theoretical closed-form
solution c⋆ = Rµ, its direct application in practice faces
several challenges: (1) The true input mean µ is unknown
and must be estimated from a finite calibration set. (2) Non-
linear functions within Transformer blocks cause significant
distributional shift between layers, making a single, static
estimate of µ insufficient for all inputs.

A seemingly straightforward approach would be to com-
pute this theoretical solution empirically by estimating
µ̂ = 1

N

∑
xi from the calibration data and setting ĉ = Rµ̂.

This mirrors the heuristic used in FLAP (An et al., 2024)
for pruning, where the average contribution of pruned com-
ponents is used as a bias correction. However, our analy-
sis (Eq. 1) and practice reveal this heuristic is inadequate
for low-rank decomposition. As established in Proposition
3.1, c⋆ = Rµ only mitigates the mean error component
∥Rµ∥22, leaving the significant input-dependent variance
term Tr(RΣR⊤) unaddressed. Furthermore, truncation-
based low-rank decomposition introduces nonlinear oper-
ator errors that a static mean correction cannot fix. This
explains why averaging tricks help pruning but are insuffi-
cient for decomposition.

Therefore, we formulate a block-level optimization problem
using a small calibration dataset {xk}Nk=1 to empirically
estimate the input distributions and account for non-linear
interactions:

ĉ = argmin
c

1

N

N∑
i=1

∥H l
r(xi; c)−H l(xi)∥22 (6)
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where H l(xk) is the target output from the original block
given calibration sample xk, and H l

r(xk; c) is the output
of the decomposed block. Note that H l

r takes the drifting
input from the previous decomposed layers, ensuring the
optimization accounts for accumulated error. We solve this
efficiently by optimizing c for each block via gradient de-
scent, while keeping the original and decomposed model
weights frozen, as detailed in Algorithm 1 (Appendix B).

Although the non-linearities in F render the optimiza-
tion problem non-convex, freezing the massive pre-trained
weights and optimizing only a single, low-dimensional bias
vector drastically reduces the parameter search space from
O(d2) toO(d) (where d is the hidden dimension size). This
massive reduction smooths the loss landscape, yielding a
well-behaved optimization space. As empirically validated
by the optimization trajectories detailed in Appendix Fig-
ure 5, the loss drops steeply within the first few batches
and converges to a stable minimum, enabling the effective
optimization of the compensation vector c. The resulting
solution ĉ provides a practical and highly effective means of
minimizing the empirical output divergence. Consequently,
while global optimality cannot be guaranteed, the procedure
consistently converges to a strong local optimum that yields
substantial performance recovery. Furthermore, this ap-
proach is highly lightweight, as it only requires optimizing
low-dimensional vectors rather than full weight matrices.

Theoretically, our compensation mechanism not only re-
duces the immediate reconstruction error but also suppresses
error propagation throughout the network. As visually
demonstrated in Figure 2, the compensated representations
align more closely with those of the original model. Specif-
ically, the compensation effectively restores the range of
representation values—which narrows considerably after
low-rank decomposition—to distributions much closer to
those of the original model. This realignment translates into
improved prediction quality and greater reliability in the
decomposed model. The improvement is especially notable
in middle and later blocks with high compression ratios.

Quantifying representation alignment. To quantitatively
verify the effectiveness of our drift compensation, we com-
puted the Wasserstein distance between the latent distribu-
tions of the original and decomposed models. As shown
in Table 1, compensation significantly pulls drifting repre-
sentations back to the original manifold. On LLaMA-3-8B,
compensation reduced the distance from 0.1324 to 0.0614
(a 53.6% reduction), and on LLaMA-2-7B from 0.2865 to
0.1749 (39.0% reduction).

Near-Zero-cost deployment. Following optimization, the
learned compensation term, c, is seamlessly integrated into
the linear layer by directly adding it to the existing bias term:
b′ = b + c. This design choice ensures several practical
advantages: (1) the learned compensation terms are effi-

Table 1. Wasserstein distance comparison.

Model w/o w/ Improv.

LLaMA-3-8B 0.1324 0.0614 53.6%
LLaMA-2-7B 0.2865 0.1749 39.0%
LLaMA-2-13B 0.1820 0.0946 48.1%

ciently incorporated without requiring a separate parameter
layer; (2) inference speed remains unaffected, as the vector
addition operation is inherently fused into the existing linear
computation and enjoys native hardware support; (3) the
computational graph preserves its original structure, ensur-
ing compatibility with existing deployment frameworks.

4. Experiments
This section presents a comparative analysis against strong
baselines across diverse models and benchmarks (§ 4.1).
We then ablate our core contribution, demonstrate its prac-
tical utility regarding inference speedup and quantization
compatibility (§ 4.2), and discuss its distinctions from other
parameter-update strategies (§ 4.3). Extended results, in-
cluding higher compression ratios and generality to various
techniques and vision-language models, are detailed in the
Appendix due to space limitations.

Experimental settings. Models: We experiments with di-
verse models and scales, including LLaMA-2-7B/13B (Tou-
vron et al., 2023), OPT-6.7B/13B/30B (Zhang et al., 2022),
LLaMA-3-8B (Grattafiori et al., 2024), Qwen3-8B (Yang
et al., 2025), and Qwen2.5-VL-7B-Instruct (Bai et al., 2025).
We intentionally select both older (MHA-based) and newer
(GQA-based) architectures to demonstrate generalizabil-
ity. Benchmarks: We evaluate models on: WikiText2 per-
plexity (Merity et al., 2017); common-sense reasoning via
LMEH (BoolQ, PIQA, WinoGrande, HellaSwag, ARC,
OBQA) (Gao et al., 2021); knowledge-intensive MMLU
(57 challenging tasks) (Hendrycks et al., 2020); and vision-
language tasks on MS COCO (Lin et al., 2014). Baselines:
We compare Decomper with the state-of-the-art open-source
structured pruning and low-rank decomposition methods,
including LLM-Pruner (Ma et al., 2023), FLAP (An et al.,
2024), SliceGPT (Ashkboos et al., 2024), AFM (Yu & Wu,
2023), ASVD (Yuan et al., 2023), Dobi-SVD (Wang et al.,
2025b), SVD-LLM (Wang et al., 2025c) and Basis Sharing
(Wang et al., 2025a). Methods like FLAP, LLM-Pruner, and
ASVD lack support for OPT, and FLAP is incompatible
with LLaMA-3’s GQA architecture. The implementation
details are provided in Appendix C due to space limitations.

4.1. Overall Performance

Downstream tasks performance. Table 2, 11, and 12 show
that Decomper delivers consistent and remarkable perfor-
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Table 2. Performance comparison of different methods on LLaMA-2-7B/13B, Qwen3-8B, LLaMA-3-8B, and OPT-30B models. Bold and
underline denote the best and second-best results, respectively. Extended results are provided in Appendix Table 11 and 12.

Methods Ratio PPL (↓) Avg. Acc. (↑) BoolQ PIQA WinoG. HellaS. ARC OBQA MMLU
LLaMA-2-7B 0% 5.469 64.10 77.77 79.05 69.38 75.92 60.37 44.2 45.7
LLM-Pruner

20%

12.375 54.61 63.58 76.22 62.59 68.55 50.82 41.0 23.3
SliceGPT 10.295 41.95 37.98 60.72 59.67 44.45 37.78 30.8 26.4
FLAP 6.764 53.18 53.94 74.54 62.98 64.74 48.86 39.6 31.9
ASVD 12.575 48.88 63.58 67.57 61.17 55.80 41.77 32.8 26.6
Dobi-SVD 9.389 46.04 55.11 66.27 58.48 51.55 38.41 33.0 27.1
SVD-LLM 8.074 47.28 54.86 66.00 62.04 53.53 39.09 36.6 27.0
Basis Sharing 7.704 51.72 57.49 71.22 63.06 59.90 48.33 39.4 26.0
Decomper 6.762 56.05 62.57 74.97 65.82 65.88 52.86 41.0 32.4
LLaMA-2-13B 0% 4.881 67.55 80.55 80.41 72.53 79.41 63.27 45.6 55.4
LLM-Pruner

20%

11.251 56.39 62.97 77.97 60.77 71.26 55.69 44.0 22.8
SliceGPT 8.696 44.88 37.86 62.24 63.54 47.30 39.25 38.6 31.0
FLAP 6.213 58.18 66.42 75.57 67.25 69.19 39.25 40.8 41.2
ASVD 7.945 55.49 75.54 73.34 66.46 63.27 46.44 39.8 32.6
Dobi-SVD 5.832 61.84 75.84 76.50 68.35 71.37 55.69 43.4 47.9
SVD-LLM 6.728 55.65 70.40 71.76 68.43 59.59 49.72 41.0 34.6
Basis Sharing 6.649 57.89 72.91 73.23 69.61 62.68 53.93 42.2 34.6
Decomper 5.468 61.90 71.71 76.82 69.06 72.66 59.34 42.2 44.1
LLaMA-3-8B 0% 6.140 69.35 80.95 80.85 73.01 79.13 65.47 45.0 64.9
LLM-Pruner

20%

14.662 50.39 60.70 72.47 63.69 58.18 43.00 34.4 27.7
SliceGPT 19.473 37.05 37.83 54.41 56.75 35.73 29.06 28.2 25.4
Dobi-SVD 14.930 48.01 63.39 64.42 63.06 49.39 39.75 34.4 29.9
SVD-LLM 17.233 50.63 68.41 66.27 65.98 50.81 44.09 33.6 31.8
Basis Sharing 13.803 52.55 67.66 69.42 66.30 56.48 46.88 39.2 27.6
Decomper 11.172 54.59 62.69 69.97 66.22 60.60 51.67 37.4 36.5
Qwen3-8B 0% 9.251 70.16 86.61 77.69 67.96 74.84 40.73 42.0 74.7
ASVD

20%

21.289 56.41 71.68 72.42 59.59 60.20 52.53 36.6 45.7
Dobi-SVD 14.00 55.17 74.37 68.88 63.69 56.03 46.05 36.0 50.3
SVD-LLM 15.119 58.13 75.14 70.35 65.04 55.86 56.54 35.4 50.2
Basis Sharing 14.908 58.66 76.45 71.33 65.59 61.99 53.53 38.8 48.1
Decomper 13.699 61.25 77.65 71.11 66.69 59.83 58.85 35.8 61.3
OPT-30B 0% 9.500 57.40 70.12 78.07 68.59 72.13 51.71 39.8 27.1
SliceGPT 13.750 44.00 38.84 66.59 58.56 51.97 37.87 34.4 25.9
SVD-LLM 30% 12.188 53.70 61.10 76.06 63.69 68.60 47.86 40.4 24.6
Decomper 10.125 55.74 68.50 76.82 66.46 69.43 50.29 38.8 25.3

mance recovery, achieved using only a general-domain Wiki
corpus rather than task-related data. Our analysis reveals
three key patterns: (1) Superiority Over Strong Baselines:
Decomper outperforms not only state-of-the-art low-rank
decomposition methods but also advanced structured prun-
ing baselines. For instance, on LLaMA-2-7B at 20% com-
pression, Decomper achieves an average accuracy of 56.05,
establishing a significant margin over both the strongest
decomposition baseline Basis Sharing (51.72) and the struc-
tured pruning method FLAP (53.18). (2) General Effective-
ness Across Tasks and Models: Improvements are consistent
across diverse reasoning tasks. On the challenging MMLU
benchmark, Decomper boosts the accuracy of Qwen3-8B
from 50.2 (SVD-LLM) to 61.3, effectively bridging the

gap. This trend of recovery is consistently observed across
other model architectures. (3) Robustness Under Higher
Compression: Decomper maintains much more graceful
degradation under higher compression ratios. For example,
on OPT-13B at 40% compression, Decomper sustains an
accuracy of 52.67, significantly reducing the performance
gap to the original model compared to SVD-LLM’s 42.60.

To verify stability, we evaluate variance over 3 random
seeds for LLaMA-3-8B (20% ratio), yielding stable results:
PPL 11.07 ± 0.11 and average common-sense accuracy
57.36 ± 0.20. The negligible variance compared to the
substantial performance margins over baselines confirms
the robustness of our method.
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Figure 3. LLaMA-2-13B perplexity at 20–50% compression.

Generation quality. We report the perplexity scores to eval-
uate generation quality. Decomper consistently performs
superior perplexity across various compression ratio settings
on different model series. For instance, at 20% compression,
Decomper reduces the perplexity of LLaMA-2-13B to 5.47,
outperforming FLAP (6.21) and SVD-LLM (6.73). Sim-
ilarly, on OPT-6.7B, Decomper dramatically lowers PPL
from over 27 to 12.38. Figure 3 demonstrates that this per-
formance improvement becomes more pronounced as the
compression ratio increases, indicating a robust capability
to maintain model generation quality. Extended results are
shown in Appendix Table 11 and 12.

4.2. In-Depth Analysis

This section presents a comprehensive analysis of our com-
pensation strategy. We first quantify the contribution of the
compensation mechanism itself, then examine its robustness
to calibration data variations. Furthermore, we demonstrate
the practical utility of our approach through measurements
of inference acceleration and compatibility with quantiza-
tion techniques. Finally, we validate the generality of our
method across different techniques and modalities.

Contribution of compensation strategy. As demonstrated
in Table 3, our compensation strategy consistently improves
both generation quality (measured by perplexity) and LMEH
downstream task accuracy across various model architec-
tures and compression ratios. Notable improvements in-
clude the LLaMA-3-8B model, which achieves a reduction
in perplexity from 29.22 to 16.16 (a 45% relative improve-
ment) at 30% compression ratio, and the OPT-13B model,
which shows an accuracy increase from 48.6 to 56.6 (16%
relative improvement). The benefits are even more substan-
tial at higher compression ratios: for instance, OPT-6.7B at
40% compression ratio exhibits a dramatic perplexity reduc-
tion from 153 to 14.25 (91% improvement) while accuracy

Table 3. Comparison of perplexity and average accuracy of
common-sense reasoning tasks without (w/o) and with (w/) our
compensation strategy. The top and bottom blocks correspond to
compression ratios of 30% and 40%, respectively.

Model PPL (↓) Avg. Acc. (↑)
w/o w/ w/o w/

LLaMA-2-7B 9.27 8.07 (↓13%) 53.6 55.2 (↑3%)
LLaMA-2-13B 7.52 6.55 (↓13%) 56.9 59.6 (↑5%)
LLaMA-3-8B 29.22 16.16 (↓45%) 47.3 50.7 (↑7%)
OPT-6.7B 41.25 12.38 (↓70%) 47.1 55.1 (↑17%)
OPT-13B 23.5 12.94 (↓45%) 48.6 56.6 (↑16%)
OPT-30B 12.19 10.13 (↓17%) 57.9 60.1 (↑4%)

LLaMA-2-7B 14.10 10.43 (↓26%) 45.8 50.0 (↑9%)
LLaMA-2-13B 9.80 8.09 (↓17%) 51.7 55.8 (↑8%)
LLaMA-3-8B 89.53 26.66 (↓70%) 38.1 42.7 (↑12%)
OPT-6.7B 153 14.25 (↓91%) 39.4 52.0 (↑32%)
OPT-13B 68.0 15.88 (↓77%) 42.6 52.7 (↑24%)
OPT-30B 13.8 10.75 (↓22%) 55.4 58.6 (↑6%)

Table 4. Perplexity of LLaMA-2-13B under 30% compression
ratio using calibration data with different numbers and types.

Calibration Data Number
512 1024 2048

WikiText2 6.95 6.91 6.87
C4 7.34 7.43 7.40

improves from 39.4 to 52.0 (32% relative improvement).
These results confirm that our compensation strategy effec-
tively mitigates performance degradation in decomposed
models, with particularly significant gains observed under
aggressive compression settings.

Robustness to calibration dataset. We analyze the effect
of the calibration data, which corrects the latent represen-
tation distribution to preserve the model quality. Table 4
illustrates the perplexity score assessed on the WikiText2
test corpus, derived from variations in quantity and category
of calibration data. The variations in language modelling
performance due to the calibration dataset are minor, with
perplexity from 6.87 to 7.43, indicating the number and type
of calibration data have a limited impact on Decomper, and
a small set of calibration data (e.g., 512 samples) can bridge
the latent representation gap.

Inference speedup. To simulate a latency-sensitive deploy-
ment scenario, we measure the Time-To-First-Token (TTFT)
latency in milliseconds. All evaluations are conducted on
LLaMA-2 models using a single A800 (80 GB) GPU with a
sequence length of 512. As shown in Figure 4, Decomper
achieves notable speedups: a 1.25× acceleration at 30%
compression and 1.49× at 50% compression for LLaMA-2-
13B. Notably, this speedup is achieved entirely through the
reduction of parameters and FLOPs resulting from decom-
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Figure 4. Inference speedup of time to first token.

Table 5. The synergy between decomposition and quantization is
evident: Decomper (20%) + 4-bit achieves a lower perplexity than
3-bit quantization at a smaller memory footprint.

Method Dense
GPTQ
4-bit

GPTQ
3-bit

Decomper
+ 4-bit

LLaMA-2-7B
Memory (GB) 12.55 3.7 2.8 2.5
PPL (↓) 5.47 6.22 6.96 6.55

LLaMA-3-8B
Memory (GB) 14.96 5.4 4.6 4.5
PPL (↓) 6.14 10.49 16.58 11.72

position. By fusing the c vectors into the bias terms, our
method ensures no additional computational overhead.

Synergy with quantization. Quantization primarily targets
numerical precision, yet realizing high-performance infer-
ence with low-bit kernels typically necessitates recent GPU
architectures. In contrast, low-rank decomposition provides
hardware-agnostic FLOPs reduction, which is orthogonal to
the numerical compression of quantization. We demonstrate
this synergy in Table 5. Combining 20% Decomper with
4-bit quantization achieves a superior trade-off compared to
aggressive 3-bit quantization alone. For LLaMA-2-7B, it
uses less memory (2.5 GB vs. 2.8 GB) while also achieving
a better PPL (6.55 vs. 6.96). Similarly, for LLaMA-3-8B,
the combined model is 41% better in PPL(11.72 vs 16.58)
at comparable memory size (4.5 GB vs. 4.6 GB).

Generality to decomposition techniques. Our method is
agnostic to the decomposition technique. Beyond SVD, we
validate its effectiveness with PCA-based decomposition
(AFM (Yu & Wu, 2023)). As detailed in Appendix D, our
compensation yields consistent performance gains, e.g., re-
covering PPL from 18.82 to 10.44 on LLaMA-2-7B. This
benefit translates to downstream tasks, boosting the average
accuracy of LLaMA-2-13B by 9.4% at 30% compression.

Extension to vision language models. Beyond large lan-
guage models and textual benchmarks, we validate our
approach on vision-language tasks using Qwen2.5-VL-

Table 6. Comparison of different methods for LLaMA-2 series.
“FT” denotes recovery fine-tuning, and “LS” denotes least-squares
matrix updates.

Method Ratio PPL (↓) Avg. Acc. (↑)
LLaMA-2-7B

Dense 0% 5.47 64.1
FT (SliceGPT)

30%

9.39 41.4
FT (LLM-Pruner) 9.21 49.1
LS (SVD-LLM) 11.5 45.4
Our Compen. 8.07 51.7

FT (SliceGPT)

40%

13.6 37.9
FT (LLM-Pruner) 12.9 49.9
LS (SVD-LLM) 22.3 39.0
Our Compen. 10.4 50.0

LLaMA-2-13B

Dense 0% 4.88 67.6
FT (SliceGPT)

30%

12.9 46.8
FT (LLM-Pruner) 9.01 51.9
LS (SVD-LLM) 8.45 51.2
Our Compen. 6.55 56.4

FT (SliceGPT)

40%

14.7 40.9
FT (LLM-Pruner) 13.3 46.9
LS (SVD-LLM) 13.2 45.2
Our Compen. 7.99 55.8

Instruct. Results in Appendix Table 8 show that our compen-
sation improves COCO captioning quality across multiple
metrics, with CIDEr increasing by 23.2% at 20% compres-
sion ratio and Bleu scores showing consistent gains, con-
firming the method’s versatility across modalities.

4.3. Comparison with Fine-tuning and Matrix Updates

We contrast our lightweight compensation with more
parameter-intensive approaches: recovery fine-tuning (FT)
and least-squares (LS) updates of decomposed matrices.
We evaluate performance using Perplexity and Average Ac-
curacy (averaged across the 8 reasoning and knowledge
benchmarks detailed in Section 4.1). As shown in Table 6,
our method, despite using far less compute for adaptation,
outperforms these approaches, particularly at high compres-
sion ratios. This highlights the efficiency and superiority of
our targeted compensation strategy over globally modifying
weights. The fact that a simple, post-hoc bias correction can
outperform these methods underscores the critical impor-
tance of directly addressing representation drift, rather than
attempting to fine-tune away the task error.

5. Conclusion
In this work, we first diagnose a fundamental obstacle
hindering the effectiveness of low-rank decomposition for
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LLMs: the phenomenon of representation drift, where ap-
proximation errors in individual layers propagate and are
non-linearly amplified through the transformer architecture.
To mitigate this issue, we introduced a simple and effective
compensation mechanism without additional inference over-
head. Our method learns compensation terms that mitigate
the initial injection of error and its subsequent propagation,
effectively aligning the outputs of decomposed transformer
blocks with their original counterparts. Extensive experi-
ments demonstrate that our proposed compensation strategy
consistently enhances the performance of decomposed mod-
els and exhibits strong compatibility and generality.
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A. Derivation of Reconstruction Loss
Here we provide the detailed derivation of the reconstruction loss presented in Equation 1. We begin by defining the loss
function L(Wr) as the expected squared Euclidean norm of the error vector RX , where R = W −Wr represents the
residual matrix and X is the input activations. To tractably analyze this expectation, we utilize the properties of the trace
operator and the statistical moments of X . The derivation proceeds as follows:

L(Wr) = E[∥RX∥22]
= E[Tr((RX)(RX)⊤)] (since ∥v∥22 = Tr(vv⊤))

= E[Tr(RXX⊤R⊤)]

= Tr(E[RXX⊤R⊤]) (Linearity of Trace and Expectation)

= Tr(R · E[XX⊤] ·R⊤)

= Tr(R(Σ + µµ⊤)R⊤) (since E[XX⊤] = Σ + µµ⊤)

= Tr(RΣR⊤ +Rµµ⊤R⊤)

= Tr(RΣR⊤) + Tr(Rµµ⊤R⊤)

= Tr(RΣR⊤) + Tr((Rµ)(Rµ)⊤) (Trace property)

= Tr(RΣR⊤) + ∥Rµ∥22

This derivation explicitly shows that the total error consists of a mean-shift component ∥Rµ∥22 and a variance-dependent
component Tr(RΣR⊤).

B. Pseudocode of Decomper
Algorithm 1 details the execution of Decomper, structured as a sequential, block-by-block compression and alignment
process. For each Transformer block l, we first apply truncated SVD to compress the weight matrices of all linear layers
(e.g., query, key, value, and MLP projections), reducing W to Wr. This compression inevitably introduces approximation
errors that distort feature distributions. To mitigate the resulting representation drift, we perform a post-hoc compensation
optimization. Crucially, this step accounts for error propagation: the optimization for block l uses the output of the previous
decomposed block (H l−1

r ) as input. We initialize learnable compensation vectors c for the layers in the current block and
optimize them via gradient descent on a small calibration dataset D. The objective is to minimize the L2 divergence between
the accumulated decomposed output and the original target: L = 1

N

∑N
i=1 ∥H l

r(H
l−1
r (xi); c)−H l(xi)∥22. This formulation

ensures that c not only corrects local errors but also aligns the drifted representations accumulated from prior blocks. Finally,
the optimized c is fused into the bias term (b′ = b+ c) or added as a bias for bias-free layers, completing an enhancement
for block l before moving to l + 1.

C. Experiment Implementation Details
All experiments are implemented using the HuggingFace Transformers library. In our main experiments, we employ
data-whitening SVD (i.e., SVD-LLM (Wang et al., 2025c)) as a representative instantiation. Specifically, we derive the
whitening matrix L via the Cholesky decomposition of the calibration input covariance, defined as Σ = 1

T X
TX = LLT .

By applying SVD to the whitened matrix WL instead of W , we explicitly account for input activation statistics. Our method
is applicable to various LLM decomposition techniques; additional results with the PCA-based method AFM are included in
the Appendix D due to space limitations.

The compensation terms are optimized using AdamW (Loshchilov & Hutter, 2019) with a cosine annealing scheduler
and an initial learning rate of 0.005. We utilize a calibration set of 2,048 samples, each with a sequence length of 256.
Following prior work (Hsu et al., 2022; Ma et al., 2023; Huang et al., 2025), compression ratios are allocated proportionally
based on Fisher Information, excluding the initial and terminal layers. For the recovery fine-tuning and decomposed matrix
updates discussed in Section 4.3, we adhere to established protocols, using 8,192 and 512 samples from the general-domain
WikiText-2 dataset, respectively, both with a sequence length of 1,024. To ensure fair comparison, Dobi-SVD is evaluated
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with quantization remapping disabled, and we report strict memory-based compression ratios. Finally, to conserve horizontal
space, we condensed ARC-Easy and ARC-Challenge into a single column (“ARC”) displaying their mean. This accounts
for the slight numerical deviation observed when averaging the visible columns.

Algorithm 1 Decomper: LLM Decomposition with Representation Drift Compensation

Input: Original LLM Morig, Calibration dataset D = {xk}Nk=1

1: Initialize decomposed model Mdecomp from Morig using SVD truncation.
2: for each Transformer block l in the model do
3: // Get activations
4: Collect block inputs Xin = {H l−1

r (xk)} from current Mdecomp.
5: Collect target outputs Ytarget = {H l(xk)} from Morig.
6: for each batch (xin, ytarget) in (Xin, Ytarget) do
7: // Forward pass with frozen Wr and learnable c
8: Compute output: ypred = Forward(Mdecomp.blockl, input = xin, params = {c})
9: Calculate loss: L = ∥ypred − ytarget∥22

10: Update compensation: c← c− η∇cL
11: end for
12: // Fuse
13: Fuse c into bias terms of block l in Mdecomp.
14: end for
Output: Decomposed model Mdecomp

D. Generalization to PCA-based Decomposition
To further validate the generality of our compensation framework, we integrate it with AFM, a PCA-based decomposition
method (Yu & Wu, 2023). As summarized in Table 7, our compensation brings consistent and substantial improvements to
AFM across models and compression ratios. On LLaMA-2-7B at 20% compression, perplexity drops from 8.41 to 6.70
and average accuracy rises from 55.38 to 59.86. More notably, under higher compression (40%), compensation recovers
perplexity from 18.82 to 10.44 and accuracy from 42.05 to 50.16—narrowing the gap to the original model significantly.
Similar trends hold for LLaMA-2-13B, where at 30% compression, accuracy improves from 49.53 to 58.93. These results
confirm that our approach is decomposition-agnostic and effectively mitigates representation drift across diverse low-rank
compression techniques.

Table 7. Performance of PCA-based decomposition (AFM) with and without compensation on LLaMA-2 models across compression
ratios.

Methods Ratio PPL (↓) Avg. (↑) BoolQ PIQA WinoG. HellaS. ARC OBQA
LLaMA-2-7B 0% 5.47 66.72 77.77 79.05 69.38 75.92 60.37 44.2
AFM 20% 8.41 55.38 65.75 68.72 64.88 54.34 47.68 38.6
w/ Compen. 6.70 59.86 62.57 74.81 65.67 66.94 53.82 41.4
AFM 30% 11.43 49.53 64.01 62.13 61.80 45.16 40.51 32.6
w/ Compen. 7.96 55.53 62.26 70.18 62.43 58.52 48.07 39.2
AFM 40% 18.82 42.05 49.69 56.58 57.30 36.38 32.81 28.8
w/ Compen. 10.44 50.16 61.1 65.13 59.43 49.0 41.13 34.2
LLaMA-2-13B 0% 4.88 69.30 80.55 80.41 72.53 79.41 63.27 45.6
AFM 20% 8.41 59.09 64.10 73.18 67.80 60.75 54.41 39.0
w/ Compen. 5.97 62.66 64.04 76.82 67.72 71.44 58.50 41.6
AFM 30% 11.43 49.53 64.01 62.13 61.80 45.16 40.51 32.6
w/ Compen. 7.08 58.93 62.29 73.01 66.30 64.57 53.97 38.4
AFM 40% 13.22 46.34 55.54 59.25 60.06 41.24 37.35 33.6
w/ Compen. 8.61 55.20 61.99 68.34 64.25 57.10 48.68 37.4
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E. Vision Language Model Application
To evaluate the generalizability of our method beyond pure language modeling, we additionally evaluate on vision-language
tasks. Specifically, we compress the Qwen2.5-VL-Instruct model and report its performance on the COCO dataset, a
comprehensive benchmark for image understanding that involves object detection, segmentation, and captioning. This
evaluation serves to validate whether our compensation mechanism effectively preserves capabilities across fundamentally
distinct modalities and task structures.

The COCO evaluation results of the compressed Qwen2.5-VL-Instruct model (20% ratio), presented in Table 8, show that our
compensation brings substantial gains in captioning quality, with CIDEr increasing from 0.2973 to 0.3662 (a 23% relative
improvement) and Bleu-4 from 0.1126 to 0.1244. Bleu-n (Bilingual Evaluation Understudy) measures n-gram precision
between generated and reference captions, with higher scores indicating greater similarity. CIDEr (Consensus-based
Image Description Evaluation), specifically designed for image captioning, assesses the consensus between generated and
reference descriptions using TF-IDF weighted n-grams; higher CIDEr scores reflect more relevant and informative captions.
This consistent pattern of recovery—observed in common-sense reasoning, knowledge-intensive question answering, and
complex vision-language tasks—collectively supports that our approach effectively mitigates representation drift, thereby
preserving semantic fidelity in low-rank LLM decomposition.

Table 8. COCO evaluation results of Qwen2.5-VL-Instruct at 20% compression ratio.

Metric w/o Compen. w/ Compen.

Bleu 1 0.4342 0.4481 (↑3.2%)
Bleu 2 0.2802 0.2986 (↑6.6%)
Bleu 3 0.1776 0.1926 (↑8.4%)
Bleu 4 0.1126 0.1244 (↑10.5%)
CIDEr 0.2973 0.3662 (↑23.2%)

F. Ablation Study on Alignment Loss Functions
In our main methodology, we employ the L2 norm as the optimization objective for the compensation mechanism. Here, we
provide a justification for this choice by comparing it with other potential alignment strategies:

• KL/JS Divergence: These probabilistic metrics are generally unsuitable for aligning hidden states in Transformer
blocks. Hidden representations often contain negative values (e.g., outputs from GeLU/SiLU activations or linear
projections), which are outside the domain of logarithmic operations required by KL/JS divergence, leading to numerical
instability (NaN values).

• Wasserstein Distance: While theoretically sound for measuring distribution shifts, estimating the Wasserstein distance
is computationally expensive and difficult for efficient optimization. In contrast, L2 loss offers the ideal balance.

• Cosine Similarity: We empirically compared our L2 loss with Cosine Similarity loss (L = 1 − cos(H,Hr)). As
shown in Table 9, while Cosine Similarity is a reasonable alternative, the L2 loss consistently yields better perplexity
and downstream accuracy.

Table 9. Comparison of different loss functions for the compensation mechanism on LLaMA-2-7B.

Model Loss Function 20% Compression 30% Compression

PPL (↓) Avg. Acc. (↑) PPL (↓) Avg. Acc. (↑)

LLaMA-2-7B Cosine Similarity 6.94 59.09 8.32 55.09
L2 Loss 6.76 59.43 8.07 55.16
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G. Optimization Efficiency and Convergence
While the optimization problem in Equation 6 is non-convex due to the Transformer architecture, we empirically observe
stable and rapid convergence. For LLaMA-3-8B optimization, the block-level L2 loss typically drops steeply within the first
4 batches (e.g., from 12.40 to 7.36) and quickly converges to a stable minimum (approximately 2.99, a 76% reduction).
Figure 5 visualizes this stable trajectory across different architectures.

(a) Convergence curve for LLaMA-3-8B. (b) Convergence curve for LLaMA-2-7B.

Figure 5. Empirical convergence of our optimization method across different model architectures.

Computational Cost. We further summarize the wall-clock time of the compensation optimization phase and memory
overhead of the compensation vectors in Table 10.

• Time Cost: The optimization process is highly efficient as it is performed offline. Since we only optimize low-
dimensional vectors c (e.g., R4096) while keeping the large model weights frozen, the computational load is minimal.
For instance, the process completes for LLaMA-2-13B in approximately 2 hours, with the time cost scaling roughly
linearly with model size.

• Memory Cost: For architectures already equipped with bias terms (e.g., OPT series), our method incurs zero additional
memory overhead as the compensation is absorbed into existing parameters. For bias-free architectures (e.g., LLaMA),
the learned compensation vectors consume negligible memory. For instance, in a 13B model (24.24 GB in Bfloat16),
the additional parameters amount to only 6.5 MB—less than 0.03% of the total model size.

Table 10. Efficiency analysis showing minimal time and negligible memory overhead.

Model Wall-clock Time Compensation Vectors Memory

OPT-6.7B ∼ 50 mins 0 (Fused into existing bias)
OPT-13B ∼ 80 mins 0 (Fused into existing bias)
OPT-30B ∼ 3 h 0 (Fused into existing bias)

LLaMA-2-7B ∼ 75 mins 4.4 MB
LLaMA-2-13B ∼ 2 h 6.5 MB

H. Extended Results on Higher Compression Ratios
Table 11 and Table 12 provide comprehensive results across multiple compression ratios (20%, 30%, and 40%) for various
model families, including LLaMA-3-8B, LLaMA-2-7B, LLaMA-2-13B, Qwen3-8B, OPT-6.7B, and OPT-13B. Methods
such as LLM-Pruner, FLAP, ASVD, and Dobi-SVD are not applicable to the OPT architecture. These extended results
demonstrate the robustness of Decomper under different compression settings. In particular, Decomper consistently achieves
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the best or competitive performance in both perplexity (PPL) and downstream task accuracy, even at higher compression
ratios (e.g., 40%). For instance, on OPT-6.7B at 40% compression, Decomper maintains strong performance with a PPL of
14.25 and an average accuracy of 51.97. This significantly surpasses the performance of SVD-LLM, which yields a PPL of
153 and an accuracy of only 39.40 under the same conditions. Similarly, on LLaMA-2-7B at 40% compression, Decomper
attains a perplexity of 10.43 and an average accuracy of 50.00, significantly outperforming methods like ASVD (PPL NaN,
Acc 37.94) and SVD-LLM (PPL 14.10, Acc 45.87). These results further validate the effectiveness and stability of the
proposed compensation mechanism in preserving model capabilities under different levels of compression.

I. Additional Latent Representation Distributions
In this appendix, we extend our investigation of representation drift to the LLaMA-2-7B and LLaMA-2-13B models to
further illustrate the effects of low-rank decomposition and the benefits of our compensation mechanism. To highlight the
effect of error propagation and amplification—which becomes more severe in deeper layers due to the cumulative effect of
approximation errors through the network—we deliberately analyze Transformer blocks located in the middle-to-late stages
of each model. Specifically, we visualize the absolute values of the latent representations (showing the 50th percentile, 95th
percentile, and maximum value per channel) for: LLaMA-3-8B: The 23rd Transformer block. LLaMA-2-7B: The 25th
Transformer block (out of 32 total blocks). LLaMA-2-13B: The 33rd Transformer block (out of 40 total blocks).

These figures mirror the analysis presented in Figure 6 for LLaMA-3-8B and demonstrate similar trends across different
model architectures. The distribution of latent representations for the original models, the low-rank decomposed models, and
the models enhanced with our compensation mechanism are shown. The figures display the 50th percentile, 95th percentile,
and maximum value for each channel across the Transformer blocks. Our compensation mechanism effectively counteracts
this drift, restoring the distribution of latent values closer to that of the original model. This recovery is evident across all
percentiles, supporting our claim that the proposed method mitigates representation degradation and contributes to improved
model performance. The consistent pattern of representation drift and its mitigation through our compensation strategy
across various models further validates the general applicability of our approach.

J. Limitations and Future Work
While the proposed method demonstrates superior suitability for LLM deployment in resource-constrained environments,
we explicitly distinguish its intended application scenarios based on the trade-off between structural speedup and reasoning
precision. Recommended Scenarios: Decomper is highly effective for latency-sensitive applications requiring general
language understanding, knowledge retrieval, and open-ended generation. In these areas, it provides essential FLOPs
reduction with minimal quality loss. Cautionary Scenarios: For brittle, high-precision tasks like complex mathematical
reasoning, capabilities tend to degrade rapidly under any aggressive compression—whether via decomposition or low-bit
quantization. Consequently, we advise that decomposition in these domains should be applied with caution or paired with
subsequent recovery instruction tuning.

The concept of representation drift and its mitigation via output alignment, while explored here in the context of low-rank
decomposition, likely has broader implications for model compression in general. We believe it is a universal phenomenon
in model compression. Our work offers a potential starting point for further research into “compress-then-align” strategies.
Future work could explore automated compensation strategies for various compression techniques, including low-rank
decomposition and pruning, or investigate extending the alignment objective to the distributional level. We hope this work
inspires further investigation into these promising directions.
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Table 11. WikiText2 perplexity and common-sense reasoning task accuracy of the LLaMA-2/3 models at different compression ratios.

Methods Ratio PPL (↓) Avg. (↑) BoolQ PIQA WinoG. HellaS. ARC OBQA
LLaMA-3-8B 0% 6.14 69.98 80.95 80.85 73.01 79.13 65.47 45.0
LLM-Pruner

30%

22.47 46.73 53.30 67.90 57.85 47.92 33.77 32.6
SliceGPT 33.67 35.70 37.83 51.90 51.14 30.46 25.99 26.6
SVD-LLM 29.22 47.33 61.28 61.43 59.19 41.71 39.35 29.0
Basis Sharing 26.00 45.38 49.76 61.37 60.14 41.48 36.86 31.2
Decomper 17.26 50.65 63.49 65.07 61.33 48.63 41.60 32.8
LLM-Pruner

40%

51.58 42.15 52.39 62.08 55.09 38.67 28.10 30.6
SliceGPT 60.20 35.05 37.83 51.85 50.51 28.50 25.02 26.6
SVD-LLM 89.53 38.09 41.07 55.93 53.75 30.88 29.51 26.0
Basis Sharing 75.65 37.14 37.86 52.77 54.46 30.99 27.96 28.0
Decomper 26.66 42.65 47.13 59.68 58.41 38.72 33.02 28.6
LLaMA-2-7B 0% 5.47 66.72 77.77 79.05 69.38 75.92 60.37 44.2
LLM-Pruner

30%

18.88 50.96 52.84 72.00 54.62 56.94 41.44 37.0
SliceGPT 16.51 39.03 37.83 55.60 54.54 35.06 31.67 28.4
FLAP 8.91 52.11 52.20 70.29 60.06 56.58 43.72 38.2
ASVD 33.15 46.41 50.70 52.56 52.01 28.76 26.24 22.8
Dobi-SVD 12.38 44.21 44.22 66.27 58.88 42.57 33.27 31.0
SVD-LLM 11.52 45.37 49.88 61.04 58.64 43.48 34.98 34.6
Basis Sharing 9.69 48.64 43.76 66.49 61.64 50.38 41.19 35.8
Decomper 8.07 55.16 62.35 70.29 62.98 58.47 46.82 38.4
LLM-Pruner

40%

61.16 44.90 59.85 64.04 53.51 40.29 33.09 31.4
SliceGPT 27.41 36.31 37.83 52.23 51.46 30.92 27.99 25.8
FLAP 14.27 44.77 41.71 66.10 54.22 47.50 34.24 35.4
ASVD Nan 37.94 37.98 49.40 51.30 26.27 26.03 24.4
SVD-LLM 14.10 45.87 51.87 62.19 59.04 42.86 36.16 32.8
Basis Sharing 13.87 43.89 40.09 61.10 59.83 41.62 35.19 34.2
Decomper 10.43 50.00 61.99 65.13 59.12 49.25 39.95 34.6
LLaMA-2-13B 0% 4.88 69.30 80.55 80.41 72.53 79.41 63.27 45.6
LLM-Pruner

30%

21.75 50.20 62.11 73.18 57.93 60.89 44.38 41.4
SliceGPT 13.52 41.27 37.83 56.75 57.70 38.27 33.53 31.6
FLAP 7.35 57.30 64.37 72.42 63.93 62.44 49.37 39.2
ASVD 33.15 46.41 66.30 64.15 57.85 44.21 36.21 35.6
SVD-LLM 8.45 48.35 64.37 65.61 62.98 47.81 39.91 37.6
Basis Sharing 7.97 55.38 66.42 67.57 65.27 52.57 48.21 39.4
Decomper 6.56 59.57 63.55 73.72 66.06 65.71 54.89 38.2
LLM-Pruner

40%

30.95 39.91 39.66 61.92 52.17 38.66 27.89 31.2
SliceGPT 26.66 36.94 37.83 52.77 52.88 30.74 28.38 27.6
FLAP 11.35 54.14 63.39 69.21 60.93 55.99 45.12 39.2
ASVD 462.4 37.94 57.71 54.08 49.64 28.26 26.24 23.4
SVD-LLM 13.55 51.71 61.74 64.96 62.12 50.07 43.05 37.0
Basis Sharing 10.73 49.14 60.80 62.79 61.96 42.82 39.82 36.0
Decomper 7.99 55.83 62.51 68.34 62.43 58.23 50.57 38.2
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Table 12. WikiText2 perplexity and common-sense reasoning task accuracy of the decomposed models (Qwen and OPT series) at different
compression ratios.

Methods Ratio PPL (↓) Avg. (↑) BoolQ PIQA WinoG. HellaS. ARC OBQA
Qwen3-8B 0% 9.25 69.51 86.61 77.69 67.96 74.84 40.73 42.0
SVD-LLM

30%
20.03 46.45 63.12 62.30 54.62 41.46 36.94 29.8

Basis Sharing 18.42 55.35 77.80 66.49 61.80 53.21 46.57 35.0
Decomper 14.85 55.66 75.05 67.14 61.96 52.98 49.16 34.2
SVD-LLM

40%
42.82 38.25 37.86 56.75 52.33 34.13 29.66 27.4

Basis Sharing 27.54 46.20 54.25 60.72 59.35 42.13 37.96 31.0
Decomper 19.06 48.51 62.91 61.37 58.88 45.06 40.78 29.8
OPT-6.7B 0% 10.94 58.04 70.12 78.07 68.59 72.13 51.71 39.8
SliceGPT 17.77 43.41 37.86 61.59 57.22 41.63 35.99 33.6
SVD-LLM 20% 16.38 51.55 57.52 71.16 59.43 54.26 41.14 36.2
Decomper 11.44 55.97 60.83 75.41 62.90 64.79 45.84 36.2
SliceGPT 28.83 38.65 37.83 55.01 53.43 33.25 31.51 28.0
SVD-LLM 30% 27.88 47.13 57.19 67.57 55.56 41.35 38.12 32.0
Decomper 12.38 55.06 65.35 73.23 62.19 60.82 44.42 35.0
SliceGPT 65.38 35.07 37.83 50.82 49.25 28.85 26.06 26.6
SVD-LLM 40% 153 39.40 40.18 58.54 50.51 31.58 32.78 29.4
Decomper 14.25 51.97 60.86 70.78 59.98 55.88 40.64 35.0
OPT-13B 0% 10.13 59.12 65.29 76.82 64.88 69.79 48.94 39.2
SlicGPT 13.78 46.50 39.54 66.59 58.80 51.03 37.97 33.6
SVD-LLM 20% 12.75 54.58 52.17 75.19 62.19 65.68 45.03 36.8
Decomper 10.25 56.94 59.20 75.79 64.09 68.69 47.12 36.6
SlicGPT 18.90 41.93 37.95 61.37 53.99 40.20 34.61 30.8
SVD-LLM 30% 20.75 48.58 55.17 65.67 53.75 51.89 39.98 33.6
Decomper 12.94 56.62 64.74 73.39 62.43 65.18 45.52 39.6
SlicGPT 39.09 37.14 37.83 54.03 51.85 29.95 28.96 28.4
SVD-LLM 40% 68.00 42.60 54.04 61.26 49.49 38.77 33.03 28.6
Decomper 15.88 52.67 58.69 70.73 59.04 59.98 42.64 35.0
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Figure 6. Latent representation drift in LLaMA-3-8B, LLaMA-2-7B, and LLaMA-2-13B decomposition and our compensation. Columns
1, 2, and 3 show the latent representations (Transformer Block outputs) of the original model, the decomposed model, and the decomposed
model with compensation, respectively.
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