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Abstract

Post-training compression of Multimodal
LLMs faces a fundamental geometric conflict:
parameter subspaces optimized for text often
suppress orthogonal visual features. We demon-
strate that standard SVD fails to resolve this
cross-modal mismatch, causing catastrophic vi-
sual degradation. To bridge this gap, we in-
troduce Joint-Whitening SVD (JW-SVD), a
dual-objective framework that aligns vision and
language manifolds via a Joint Covariance ba-
sis, preserving features critical to both. Addi-
tionally, we propose Global Spectrum-Aware
Truncation to dynamically transfer parameter
budget from the redundant Vision Tower to the
sensitive Backbone. Experiments on Qwen2.5-
VL and Llama-3-Next confirm that JW-SVD
demonstrates superior retention of both text
and image capabilities. In addition, it resolves
the modality trade-off: it recovers over 30%
of perceptual performance lost by baselines
while maintaining parity in textual reasoning,
enabling robust multimodal performance even
at extreme compression rates.

1 Introduction

Multimodal Large Language Models (MLLMs)
(Liu et al., 2025; Alayrac et al., 2022; Bai et al.,
2023; Huang et al., 2020; Li et al., 2025c) have
advanced artificial intelligence by unifying visual
perception with linguistic reasoning. However, as
these models scale, their massive parameter counts
impede deployment on resource-constrained edge
devices. While established pruning (Ma et al.,
2023; Ashkboos et al., 2024; Sreenivas et al., 2024;
Long et al., 2025; Fu et al., 2025b) and quantization
(Lin et al., 2024; Huang et al., 2024; van Baalen
et al., 2025; Fu et al., 2025¢) techniques facilitate
compression, they often lack the multimodal adap-
tation necessary to preserve cross-modal synergy.
Singular Value Decomposition (SVD) has
emerged as a promising post-training compres-
sion tool (Wang et al., 2025c¢; Yuan et al., 2025;
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Figure 1: Our cross-modal JW-SVD mitigated the in-
herent loss of text-only SVD performed on MLLM.

Wang et al., 2025a); however, standard implemen-
tations suffer from a fundamental cross-modal mis-
match. Through theoretical and empirical analy-
ses, we observe that optimizing weight matrices
solely for text activations leads to staggering re-
construction errors on visual data. Our layer-wise
analysis reveals that this misalignment is partic-
ularly catastrophic in early layers, where image
information loss can exceed text loss by nearly
700x. This phenomenon indicates that low-rank
directions deemed redundant for text are often crit-
ical for visual grounding, leading to a “visual col-
lapse” where the model’s perceptual capability is
severely impaired despite maintaining its linguistic
proficiency.

To address these challenges, we propose Joint-
Whitening SVD (JW-SVD), a post-training com-
pression framework tailored for MLLMs. As
shown in Figure 1, we reformulate the compression
objective as a dual-objective minimization problem,
integrating text and image statistics into a unified
Joint Covariance matrix. This approach ensures
the compressed basis preserves features essential
to both modalities, effectively preventing visual
collapse by maintaining alignment across disparate
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manifolds. Furthermore, we exploit the inherent
structural redundancy of the vision tower—which
typically exhibits faster spectral decay than the
backbone—to dynamically reallocate the parame-
ter budget. By treating the vision tower as a “param-
eter donor,” we protext the sensitive multimodal
backbone from over-compression, preserving its
capacity for complex cross-modal reasoning.

Our primary contributions are summarized as
follows:

* We propose a rigorous framework to quan-
tify the cross-modal misalignment in SVD
compression, theoretically proving that text-
optimized bases inherently suppress visual in-
formation.

* We introduce Joint-Whitening SVD (JW-
SVD), a dual-objective compression method
coupled with Global Spectrum-Aware Trun-
cation, which dynamically reallocates redun-
dancy from the vision tower to the multimodal
backbone.

» Extensive experiments show that JW-SVD
consistently outperforms state-of-the-art base-
lines, recovering over 30% of perceptual ca-
pability lost by text-only methods at a 40%
budget. Furthermore, we achieve effective
compression of 1.8 bits per parameter when
combined with quantization, establishing a
new Pareto frontier for efficient MLLMs.

2 Related Work

Efficient Multimodal LLLMs. The convergence
of Large Language Models with visual encoders
has yielded powerful MLLMs capable of complex
reasoning (Liu et al., 2025; Alayrac et al., 2022;
Bai et al., 2023; Huang et al., 2020; Zhang et al.,
2025; Jiang et al., 2025; Jiang and Ferraro, 2026).
However, the immense computational cost of these
models limits their deployment on edge devices.
While general model compression techniques such
as quantization (Lin et al., 2024; Huang et al., 2024;
van Baalen et al., 2025; Li et al., 2025a) and struc-
tured pruning (Ma et al., 2023; Ashkboos et al.,
2024, Sreenivas et al., 2024; Xu et al., 2025) have
been widely adopted, they often require extensive
calibration or fine-tuning to recover performance.
Low-rank decomposition offers a compelling al-
ternative by mathematically approximating weight
matrices without retraining, yet its application to
the multimodal domain remains underexplored.

Post-Training Decomposition and Spectral Anal-
ysis. Singular Value Decomposition (SVD) has
emerged as a robust method for compressing LLMs.
Recent state-of-the-art approaches, such as SVD-
LLM (Wang et al., 2025c) and ASVD (Yuan et al.,
2025), improve upon standard truncation by incor-
porating activation statistics to preserve outliers
critical for language modeling. Despite their suc-
cess in NLP, these methods fundamentally rely on
a unimodal assumption: they optimize the recon-
struction error based solely on textual activation
covariance. We identify this as a critical limita-
tion; visual features, which often manifest as high-
frequency components orthogonal to text mani-
folds, are inadvertently treated as noise and pruned.
Unlike prior works that isolate modalities, our
framework explicitly addresses this cross-modal
spectral mismatch by enforcing a joint geometric
alignment.

3 Modality Mismatch analysis

3.1 Preliminary: Text-based SVD
compression on LLM

Post-training compression aims to reduce a pre-
trained weight matrix W € R%ut*din to a low-
rank approximation W while minimizing output
degradation. Unlike standard matrix approxima-
tion, which minimizes the Frobenius norm of the
weight difference ||[W — W ||, effective compres-
sion for Large Language Models (LLMs) must ac-
count for the non-uniform distribution of input ac-
tivations. Consequently, the optimization objective
is defined as minimizing the reconstruction error
of the activations X:

min_ L=[(W-W)X|E (D)

rank(W)<k

where X € R%»*N represents the calibration
inputs, and k represent the target compression rank.
Direct Singular Value Decomposition (SVD) on
W fails to optimize Eq. 1 because it treats all in-
put dimensions as equally important, ignoring the
fact that activation channels in LLMs often exhibit
extreme outliers and varying variances.

To align spectral truncation with output loss,
prior works (Wang et al., 2025¢; Chen et al., 2021)
utilize Truncation-Aware Data Whitening. Let
H = XX” = SST denote the input covariance
decomposed via Cholesky. The objective simplifies
to:
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Figure 2: Local Divergence (Layer 2). Reconstruction error curves for linear modules in Layer 2. The blue dashed
line represents theoretical text loss, while the red solid line tracks actual image reconstruction error. Note the "heavy
tail" in the image loss, particularly in the MLP layers (e.g., gate_proj), where the divergence at 50% sparsity

reaches 11.6 x compared to the text baseline.

L =||ASTIX||% = Trace(AS'XXTST AT)
e

I
— Az =3 o?
1etrunc
2
where o; are the singular values of WS and A
is the truncation error. Since the whitened input
space is orthonormal , the Eckart-Young-Mirsky
theorem guarantees that truncating the smallest o;
minimizes the reconstruction error on X.

3.2 The Cross-Modal Alignment Gap

While SVD-LLM ensures optimality for the cal-
ibration modality, we demonstrate that this guar-
antee fails for multimodal data due to geometric
misalignment.

Derivation of the Mismatch. Let S and S;
denote the whitening matrices for text and image
activations, respectively (where SST = XXT).
When a text-optimized basis with truncation error
A is applied to image data X7, the reconstruction
loss £ becomes:

L3 = [(W - W)X, [} = |AS7' Xql[F - (3)
Expanding the Frobenius norm via the trace

property and substituting X;XT = S;ST reveals
the Mismatch Matrix M £ S?S[:

£2 = Trace (As;l(sls?)s;TAT)
= Trace (AMMTAT)

“

Here, M quantifies the geometric deviation be-
tween the text-whitened and image-whitened sub-
spaces. Unlike the ideal alignment scenario where
M =1, our analysis shows M acts as a significant
scaling factor. Substituting the SVD components
of A yields the final cross-modal loss expression:

L= of-|Iv/MI3 5)
) —
'LEICtrunc >\7,
Interpretation. Eq. 5 exposes the mechanism

of cross-modal failure: the total error is the text
importance (0?) weighted by the Mismatch Factor
N

e Scenario A (Text-on-Text): Evaluated on
text, S; =S — M =1and )\; = 1.
The loss simplifies to Y o2, recovering the
SVD-LLM optimality guarantee.

* Scenario B (Text-on-Image): If a direc-
tion v; is textual noise (small o;) but aligns
with the image subspace, A; becomes large.
This amplification sustains high £; even as
L7 — 0, driving the visual collapse observed
in experiments.
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3.3 Empirical Verification: The Modal Gap in
Practice

To quantify the theoretical mismatch derived in
Section 3.2, we perform a layer-wise analysis
on Qwen2.5-VL-7B. We measure the Cumula-
tive Reconstruction Error (CRE) under text-based
truncation, contrasting the theoretical text loss
(Lr=>" UZ-Q) with the empirical image loss (L =

Local Divergence: The “Heavy Tail” Phe-
nomenon. We examine modular divergence in
Layer 2 (Figure 2), where two critical behaviors
validate our model:

* The Heavy Tail: Consistent with Eq. 5, the
image reconstruction error (red line) exhibits a
significant “heavy tail.” loss for image While
L7 decays exponentially—indicating o; ef-
fectively captures text variance—/L; remains
orders of magnitude higher in the high-rank
region. This confirms that for indices i > k,
the mismatch factor \; is large: directions dis-
carded as textual noise act as critical signals
for visual grounding.

* Module Sensitivity: Misalignment is highly
module-dependent. Notably, MLP expansion
layers (e.g., gate_proj, up_proj) exhibit se-
vere divergence compared to projection layers.
For instance, gate_proj suffers an 11.6x di-
vergence at 50% sparsity, whereas the output
mapping down_proj shows only 1.6x. This
suggests that modality-specific features are
sequestered in the high-dimensional interme-
diate subspaces of feed-forward networks, or-
thogonal to the text manifold.

Global Analysis: Systemic Misalignment. To
map the distribution of this error, we compute the
Cumulative Error Ratio p = Y L/ L7 across the
full depth (Figure 3):

» Early-Layer Disjointness: Misalignment is
catastrophic in Layers 0-2, where image loss
exceeds text estimates by up to 697.5x. This
confirms that early layers process raw, uninte-
grated modality features in nearly orthogonal
manifolds, rendering them hypersensitive to
text-based truncation.

e The MLP Gap: While the gap narrows
as modalities integrate in deeper layers, ex-
pansion layers in MLP modules (orange/red

Cross-Modal Alignment Gap (Normalized)

—[Relative Mismatch: MLP Layers
Image loses 697.5x more info

Relative Error Ratio (%L0SSimg/%L0SStxt)

Layer Index

Figure 3: Global Alignment Gap. The Cumulative
Error Ratio p = £L; /L7 across all model layers. Early
layers (0-2) exhibit catastrophic misalignment, with
image information loss exceeding text loss by up to
697.5x. While the gap narrows in deeper layers, most
modules consistently maintain higher mismatch ratios
(4 x —8x) than attention heads.

lines) consistently sustain higher error ratios
(4 x —8x) than other blocks. This indicates
that feed-forward networks serve as the pri-
mary provider for modality-specific informa-
tion throughout the depth of the model.

Implication for Compression. These findings
demonstrate that uniform truncation is fundamen-
tally flawed for MLLMs. The image mismatch
in early layers and MLPs necessitate a Dynamic
Truncation strategy that specifically preserves these
high-mismatch subspaces.

4 Methodology: Joint-Whitening SVD

To bridge the modal gap identified in Section 3.2,
we propose Joint-Whitening SVD (JW-SVD), a
post-training compression framework designed to
minimize cross-modal reconstruction error. Our
method comprises two core components: Joint
Covariance Whitening, which integrates multi-
modal statistics into the optimization objective, and
Global Spectrum-Aware Truncation, which dynam-
ically allocates the compression budget across the
vision tower and language backbone to prevent fea-
ture collapse.

4.1 Joint Covariance Whitening

4.1.1 Problem Formulation: Dual-Objective
Minimization

Consider a linear layer W € Rut*din with cali-

bration activations X (text) and X (image). Stan-

dard SVD minimizes reconstruction error solely

on text, implicitly suppressing orthogonal visual

features (as shown in Sec. 3.3). To prevent this,
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Figure 4: Overview of the Joint-Whitening SVD (JW-SVD) Framework. (1) We collect calibration activations

from both the Vision Tower (X}

img

) and Language Backbone (X, Xpg). (2) Joint Covariance Whitening is

applied to integrate multimodal statistics into a unified geometric basis via Cholesky decomposition. (3) We perform
SVD on the whitened weights and aggregate singular values o from all layers into a unified pool. (4) Global
Spectrum-Aware Truncation dynamically determines layer-specific ranks, automatically transferring parameter
budget from the redundant Vision Tower to the sensitive Multimodal Backbone before reconstructing low-rank

factors A and B.

we reformulate the compression task as a Dual-
Objective Minimization problem, seeking a low-
rank basis W that minimizes the weighted error
for both modalities:

min

rank(W)<k

Ljoint = |[AWXr | + o AWX 7

(6)
where AW = W — W and « balances modal
sensitivity. This formulation ensures that singular
vectors are truncated only if redundant for both
modalities. Directions with low text variance but
high image variance (large )\;) are protected by
the second term, forcing the optimization to retain
them.

4.1.2 The Joint Covariance

Direct optimization of Eq. 6 is non-trivial due to
subspace misalignment. However, we leverage the
property that a weighted sum of Frobenius norms
is equivalent to a single norm over a concatenated
dataset X = [X7, v/aX ]. We define the resulting
moment matrix as the Joint Covariance Cjyins:

Cjoint 2 XpXE + a(X;XT) = S¢ST + aS;ST
(7

This matrix explicitly integrates the covariance
structures of both modalities. Crucially, the dense
image term oS IS}F acts as a spectral regularizer.
Unlike text covariances, which are often rank-
deficient due to activation sparsity, visual represen-
tations are dense, improving the condition number

of Cjoint- Consequently, we avoid the Cholesky de-
composition failures reported in prior work (Wang
et al., 2025b) without requiring ad-hoc dampening.

Scale-Invariant Energy Balancing. A critical
requirement for Eq. 6 is determining the balanc-
ing factor o. We observe that a static global « is
mathematically flawed because activation energies
| X||% vary significantly across layers. As noted in
prior work (Li et al., 2025b), || X7|r > || X/||r
in many architectures, causing the text modality to
dominate the Joint Covariance. This renders the
image regularization ineffective due to numerical
scale.

To resolve this without manual tuning, we adopt
a Scale-Invariant Energy Balancing strategy. We
define a® to equalize the spectral energy contribu-
tions of both modalities:

a®

(®)

where [ denotes the layer index. Substituting
Eq. 8 into the Joint Covariance definition ensures
that both modalities contribute equally to the geo-
metric structure, preventing numerical dominance
by the text modality.

Joint Basis Construction. We compute the Joint
Whitening Matrix S join: via the Cholesky decom-
position of the Joint Covariance:

Sjoint S;Z:)mt = Cjoint (9)
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Algorithm 1 Joint-Whitening SVD (JW-SVD) for
MLLM Backbone

Require: Pre-trained layer weights W € R™*"™,
Text activations X7 € R™**T Image activa-
tions X; € R"*%1 Global threshold 7.

Ensure: Compressed low-rank matrices A €

R™*k and B € RFi>n,

Cr + XTX% //Text covariance

Cr+ X IX}[ //Image covariance

a < Tr(C7)/Tr(Cr) //Scale-invariant factor

Cjoint < Cr + aC //Joint covariance

S < Cholesky(C'joint) //Cholesky decompo-

sition (Cjoint = SST

W « WS // Whiten | the pre-trained weights

7. U, S, VT « SVD(W) // Perform Singular
Value Decomposition

8: k; < > ,1(6; > 7) // Determine layer rank
dynamically via global threshold 7

9: Uk, kaVk:lF < Truncate(U, %, VT k)
//Truncate singular components to rank k;

10: A+ Uklﬁil/ % //Form left low-rank matrix via
symmetric spectral distribution

11: B <+ 22{2%{’5_1 //Form right matrix and
implicitly un-whiten

12: return A, B

AN

a

Using Sjint, we transform the original weights
into the joint-whitened coordinate system W =
WS ;int and perform Singular Value Decomposi-
tion:

W =UxV’” (10)

where ¥ = diag(61,...,04q,,)-

Resolution of the Mismatch. The efficacy of
JW-SVD stems from the physical interpretation of
the joint singular values. By substituting Eq. 7, the
spectral energy of the i-th component decomposes
into textual and visual variances:

7 = |[u] WSr|l3 +a |lu] WS/]f5

2 2
Ttext Jimg

~ Uz?emt,i(l +o- )‘2)

(an

This derivation explicitly links the new spectrum to
the mismatch factor \; from Eq. 5. Consequently,
directions with high visual importance (large A;)
are amplified by the o - \; term. This pushes visual
features to the top of the sorting queue, preventing
the collapse observed in text-only baselines.

4.2 Global Spectrum-Aware Truncation

Standard compression typically enforces a uniform
ratio (e.g., 20%) across all layers. However, our
analysis in Section 3.3 reveals that compressibility
is highly heterogeneous: “Mismatch Layers” (e.g.,
backbone MLPs) exhibit slow spectral decay requir-
ing higher rank, whereas other modules are often
redundant. To address this, we propose Global
Spectrum-Aware Truncation, a strategy that dynam-
ically reallocates the parameter budget across the
entire MLLM architecture.

We model the MLLM as two distinct spectral
sources: the Vision Tower V and the LLM Back-
bone B.

* Vision Tower (V): Processing unimodal
data, the encoder is immune to cross-modal
mismatch. We therefore apply standard
Activation-Aware SVD (Sec. 3.2) using im-
age calibration to derive singular values X()
foralll € V.

* LLM Backbone (5): For layers where modal-
ities interact, we apply the proposed JW-SVD
(Sec. 4.1.2) to derive joint singular values »®
for [ € B, explicitly accounting for cross-
modal alignment.

Unified Spectral Pool and Budget Allocation.
We aggregate the singular values from all layers
into a single Unified Spectral Pool Syjop,;, enabling
a direct comparison of feature importance across
disparate architectures:

Sqtovat = | 1o U J16")

ley leB

(12)

Global Thresholding Strategy. Given a target
parameter budget Bygget, We sort the elements of
Sgiobal in descending order to determine a global
inclusion threshold 7 such that |{s € Sgiopar : 5 >
T}| = Biarget- The layer-specific retention rank k;
is then derived dynamically:

k=Y 10 >7) (13)

This mechanism automatically executes an Inter-
Module Budget Transfer. As illustrated in Figure 5,
Vision Tower layers exhibit rapid spectral decay,
retaining 90% of variance with significantly lower
rank ratios (15-25%) compared to the Multimodal
Backbone. Consequently, under a unified threshold
T, the optimization naturally assigns lower ranks to
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Figure 5: Vision Tower Spectral Decay. Normalized
effective rank required to preserve 90% of spectral en-
ergy across layers. The Vision Tower exhibits high
redundancy (sufficient rank < 20%), contrasting with
the slower spectral decay of the multimodal backbone.
This disparity motivates the inter-module budget trans-
fer.

the redundant vision layers, reallocating the saved
parameter capacity to the backbone layers where
the cross-modal mismatch (quantified by \;) neces-
sitates higher rank retention.

Weight Reconstruction. Upon determining the
layer-specific rank k;, we synthesize the com-
pressed weight matrix WO, we decompose the
truncated approximation into two low-rank fac-
tors A € Ré%ut>F and B € RF*%n via symmet-
ric spectral distribution: A = U;,lzklﬁi/é, B =

1/2x,T -1 [ . ..
X1k Vi, Sjoine The term S, 5., in B implicitly
reverses the joint whitening transformation, map-
ping the spectral components back to the original
parameter space. The final compressed module is

implemented as the product w0 = AB.

S Experiments

5.1 Performance Analysis

Experimental Setup. We evaluate Qwen2.5-VL-
7B and Llama-3-Next-8B on NVIDIA H20 GPUs,
utilizing WikiText-2 and random image samples
for calibration. We compare JW-SVD against
the uncompressed FP16 model and state-of-the-
art baselines: SVD-LLM (Wang et al., 2025c)
and ASVD (Yuan et al., 2025). Evaluation cov-
ers 8 benchmarks across three categories: Percep-
tion (MME (Fu et al., 2025a), BLINK (Fu et al.,
2024), HallusionBench (Guan et al., 2024), OCR-
Bench (Liu et al., 2024)); Reasoning MMMU (Yue
et al., 2024), MathVista (Lu et al., 2024)); and Gen-
eral (SeedBench (Li et al., 2023), ScienceQA (Lu
et al., 2022)). To ensure a rigorous evaluation of
geometric alignment, we utilized a large-scale cali-
bration set of 1024 randomly sampled images from
the COCO(Lin et al., 2015) dataset and 1024 text

samples from WikiText-2(Merity et al., 2016). To
obtain valid visual activations, each image input
includes a generic instruction (’Describe this im-
age’). This is distinct from the Text Calibration
Data (WikiText-2), which is unrelated to the im-
ages.

Main Results. As detailed in Table 1, JIW-SVD
consistently outperforms baselines, with signifi-
cant margins at 40% compression. A critical find-
ing is the divergence in modality retention: while
SVD-LLM maintains text reasoning (ScienceQA),
it exhibits catastrophic degradation on visual per-
ception tasks (e.g., MME, BLINK). This confirms
that text-only objectives prune critical visual vari-
ance. In contrast, JW-SVD effectively bridges this
alignment gap; by incorporating the Joint Covari-
ance structure, it preserves the high-frequency vi-
sual features required for fine-grained tasks without
compromising the language backbone.

5.2 Textual Capabilities Retention

To verify that integrating visual constraints does not
degrade language modeling, we evaluate perplexity
(PPL) on WikiText-103 (Gu et al., 2024). Results
in Table 2 demonstrate that JW-SVD maintains tex-
tual proficiency comparable to the text-optimized
SVD-LLM baseline, with negligible PPL diver-
gence even at 40% compression. This confirms
that S ;¢ successfully identifies a shared subspace
that accommodates visual variance without com-
promising the structural integrity of the language
backbone, effectively optimizing the cross-modal
Pareto frontier.

5.3 Efficiency and Accuracy Tradeoff

Experimental Setup. We analyze the trade-off
between multimodal perception (MME Score) and
inference latency (ms/token) on a single NVIDIA
A100 GPU. We compare JW-SVD against the uni-
form SVD-LLM baseline across 80%, 60%, and
40% retention ratios.

Pareto Frontier Analysis. JW-SVD establishes
a superior Pareto frontier through strategic budget
reallocation. While SVD-LLM suffers catastrophic
collapse at 40% retention due to aggressive back-
bone pruning, JW-SVD trades marginal latency
(< 3ms) for a >30% recovery in perceptual capa-
bility. By transferring redundancy from the Vision
Tower to the backbone, our method maintains a
robust performance profile, effectively mitigating
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Method Ratio Perception & Fine-Grained Reasoning General
MME BLINK HallB OCRBench | MMMU MathVista | SeedBench SciQA
Original 100% | 2154 56.5 524 855 55.4 67.1 62.5 70.1
Light Compression
ASVD 80% | 1921 48.2 48.4 812 44.7 62.1 58.2 65.4
SVD-LLM 80% | 2086 51.5 50.2 835 47.8 64.5 60.1 68.2
JW-SVD (Ours) | 80% | 2117 52.1 51.0 840 50.1 64.8 60.5 68.1
Medium Compression
ASVD 60% | 1653 42.4 40.1 750 43.6 56.5 52.4 58.9
SVD-LLM 60% | 1782 45.1 42.5 785 45.2 59.8 553 63.5
JW-SVD (Ours) | 60% | 2005 49.8 48.5 821 48.7 63.0 59.1 64.0
Heavy Compression
ASVD 40% | 1156 31.5 354 625 36.2 48.4 41.5 48.2
SVD-LLM 40% | 1312 343 39.8 654 36.5 51.2 45.2 57.1
JW-SVD (Ours) | 40% | 1854 44.5 44.2 795 42.1 59.5 56.8 58.5

Table 1: Capability Retention across Compression Ratio. We compare JW-SVD against baselines on compre-
hensive MLLM benchmarks. Visual Mismatch in SVD-LLM: At the 40% budget, SVD-LLM exhibits a severe
degradation in perception tasks . Recovery via Joint-Whitening: JW-SVD successfully preserves the visual
manifold, recovering 70% of the lost performance while maintaining parity on text-heavy reasoning tasks SciQA.

. WikiText-103 (PPL) l/ Configuration o Strategy . Perception Reas.nning
Method Rat Wh Allocation BLINK SciQA
etho atio Qwen2.5-VL. Llama-Next JW-SVD (Ours, v = 1.0) ‘ Joint Glob;cg);)nor) 445 gs.s
ey Ablation 1: Whitening Strategy (Fixed Global Allocation)
Orlglnal (FP16) 100% 7.35 8.13 Text-Only C' . . Text Global 34.8(-9.7) 587
ASVD 80% 8.10 9.55 Image-Only C' ‘ Image Global ‘ 43.1(-1.4) 49.2(-9.3)
Ablation 2: Allocation Strategy (Fixed Joint Whitening)
SVD-LLM 80% 7.85 8.52 Unif:n'm Ratio oS Joint tUnifirm @0%) | 395 (5.0) 542(43)
JW-SVD (OUFS) 80% 7.98 8.65 Frozen Vision ‘ Joint Backbone-Only | 38.1(-6.4) 51.5(-7.0)
Ablation 3: Scale-Invariant Energy Balancing (v sweep)
ASVD 60% 1785 1 880 Strong Text Bias (y = 0.1) > Joint : Gliobal 352(-9.3) 587
Moderate Text Bias (y = 0.5) Joint Global 40.1(-4.4) 58.6
SVD-LLM 60% 13.92 14.40 Moderate Image Bias (y = 2.0) Joint Global 44.8 56.2(-2.3)
JW-SVD (Ours) 60% 15.95 17.12 Strong Image Bias (y = 10.0) Joint Global 44.9 51.0 (-7.5)
ASVD 40% 1674.50 2672.20 Table 3: Component Analysis at 40% Budget. Ab-
SVD-LLM 40% ST.15 66.35 lation 1 shows that Text-Only whitening causes visual
JW-SVD (Ours) | 40% 59.23 69.58

Table 2: Textual Capabilities Retention. Perplex-
ity scores on WikiText-103. Despite injecting image
constraints into the optimization objective, JW-SVD
maintains perplexity scores nearly identical to the text-
optimized SVD-LLM baseline. This confirms that our
Joint-Whitening approach recovers visual capabilities
without compromising the language modeling manifold.

the feature collapse inherent to uniform truncation
strategies.

Finally, we demonstrate that JW-SVD is orthog-
onal to numerical quantization, enabling extreme
compression (1.6 bits) when combined with GPTQ.
Detailed results are provided in Appendix 5.5.

5.4 Ablation Studies

We conduct component-wise ablation at 40% com-
pression to isolate the impact of dual-objective
whitening and global allocation, using BLINK (per-
ception) and SciQA (reasoning) as representative
metrics.

collapse (BLINK drops 9.7 points). Ablation 2 confirms
that the "Donor Mechanism" (Global) is critical; freez-
ing the Vision Tower forces the Backbone to be over-
compressed, hurting both metrics. Ablation 3 validates
the proposed Scale-Invariant Energy Balancing factor
(a); scaling it by v = 1.0 achieves the Pareto-optimal
frontier, whereas heavily down-scaling or up-scaling «
collapses perception and reasoning, respectively.

Impact of Joint Whitening. Table 3 demon-
strates that Joint Whitening is crucial for resolving
cross-modal misalignment. Text-only whitening
causes a 9.7-point drop in BLINK by suppress-
ing visual features, while image-only whitening
degrades SciQA by 9.3 points. JW-SVD achieves
a Pareto-optimal balance, preserving the spectral
variance required for both manifolds without com-
promising either modality.

Global Budget Allocation. We validate Global
Spectrum-Aware Truncation against uniform and
backbone-only baselines. Uniform allocation
(40%) proves sub-optimal by over-allocating ca-
pacity to the redundant Vision Tower. Furthermore,
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Pareto Efficiency Frontier: Capability vs. Latency
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Figure 6: Pareto Efficiency Frontier. We plot MME
Perception Score against inference latency. While SVD-
LLM (Blue) degrades rapidly in capability to gain speed,
JW-SVD (Red) maintains high performance, offering a
superior trade-off. The Original model (Star) is shown
for reference.

a "Backbone-Only" approach forces the sensitive
backbone to absorb the full compression burden,
degrading perception (-6.4) and reasoning (-7.0).
This confirms that transferring parameter budget
from the vision encoder to the backbone is essential
to prevent feature collapse.

Optimality of Scale-Invariant Energy Balanc-
ing (). To verify the optimality of our analyt-
ically computed weighting factor o, we conduct
a sensitivity analysis by introducing a scaling fac-
tor v such that aieqieq = 7 - @. As shown in Ta-
ble 3, our computed « (7 = 1.0) lies at the Pareto
frontier. Decreasing the weight (y < 1.0) trig-
gers the visual collapse predicted in Section 3.2,
with BLINK scores dropping by up to 9.3 points.
Conversely, over-weighting the visual modality
(y > 1.0) yields negligible gains in perception
(+0.3 to +0.4) but causes significant degradation in
textual reasoning (up to -7.5 points on SciQA).

5.5 Compound Compression with
Quantitization

Experimental Setup. To examine synergy be-
tween geometric and numerical compression, we
evaluate JW-SVD combined with 4-bit GPTQ quan-
tization. We compare a standard W4A16 baseline
against a compound pipeline: JW-SVD (40% rank)
followed by 4-bit GPTQ on the low-rank factors.
This yields an extreme effective compression rate
of 1.6 bits per parameter (10% of the original FP16
footprint).

Method Config Memory Perception Reasoning
(Effective) BLINK SciQA

Original FP16 100% (16GB) 56.5 70.1

Single-Mode Compression

GPTQ W4A16 25% (4.0GB) 45.8 68.5

JW-SVD (Ours) 40% Rank (FP16) | 40% (6.4GB) 44.5 58.5

Compound Compression (Orthogonality Test)
JW-SVD + GPTQ ‘ 40% Rank + W4 ‘ 10% (1.6GB) ‘ 42.8 57.1

Table 4: Orthogonality & Compound Compres-
sion. We evaluate the synergy between geometric
compression (JW-SVD) and precision quantization
(GPTQ)(Frantar et al., 2023). Single-Mode: Standard
GPTQ (4-bit) degrades visual perception (BLINK: 45.8)
significantly compared to the original. Compound:
By applying GPTQ on top of JW-SVD, we achieve an
extreme compression rate (1.6GB memory, ~=1.6-bit
effective) while retaining comparable perceptual perfor-
mance (33.8) to the much larger FP16 low-rank model.

Analysis. Table 4 confirms the orthogonality of
JW-SVD to quantization. While standard GPTQ
(W4) degrades visual perception (BLINK: 45.8),
the compound JW-SVD + GPTQ approach main-
tains comparable accuracy (42.8) at significantly
reduced memory cost (1.6GB vs. 4.0GB). This
demonstrates that JW-SVD extracts a robust geo-
metric manifold stable under precision reduction.
By targeting rank redundancy prior to quantiza-
tion, JW-SVD enables extreme compression levels
unattainable by either method in isolation.

6 Conclusion

We identify cross-modal spectral mismatch as the
primary bottleneck in MLLM compression. To ad-
dress this, we propose Joint-Whitening SVD (JW-
SVD) and Global Spectrum-Aware Truncation.
Across 9 diverse benchmarks, JW-SVD demon-
strates superior retention of both text and image
capabilities, recovering over 30% of the percep-
tual performance lost by baselines. Furthermore,
its synergy with quantization facilitates effective
1.6-bit compression, enabling robust deployment
on resource-constrained devices.

Limitations

While JW-SVD effectively mitigates cross-modal
mismatch, its Joint Covariance estimation re-
lies heavily on the calibration data’s distribution.
Consequently, performance on specialized out-of-
distribution domains (e.g., medical imaging) may
vary. Additionally, extending this framework be-
yond standard Vision-Tower-plus-LLM architec-
tures to early-fusion or Mixture-of-Experts (MoE)
models remains future work.
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A Derivation of Cross-Modal
Reconstruction Loss

In this section, we provide the formal derivation for
the reconstruction loss under covariance mismatch.

Setup. Let W € R%uw*din be the original
weight matrix. We apply Singular Value Decom-
position (SVD) on the weight matrix whitened by
text statistics Siext:

WS = USVT = (14)

-
Z o; u,'vZT
i=1
We approximate the weights by keeping the top-k
singular values. The approximation error matrix in
the whitened space is A = Z:: k1 aiuiviT.
Derivation. We seek to measure the Frobe-
nius reconstruction loss on the image modality,
characterized by the image covariance matrix
XimgX?;ng ~ Simgsgng- The loss is defined as:

Limg = | AS i Ximg| 7

Using the trace property ||A[|% = Tr(AAT) and
defining the mismatch matrix M = St_e)}tSimg, we
expand the term:

(15)

Limg = Tr ((ASg5iXime) (ASiXimg)”) (16)

text text
=Tr (A(S S1mgST Stext)AT) a7
(18)

text img

=Tr (AMM”AT)

Substituting the spectral expansion A =
> i1 0iuv] yields a double summation over
indicesi,5 e {k+1,...,7}

Limg = Tr Z Z azaj wv

MMT)(VJ T)T

(19)
Rearranging terms using the cyclic property of the
Trace operator (Tr(ABC) = Tr(BCA)):

Limg = Z Z oo Tr (w;(vi MM’ v;)u u; n

i
(20)

= ZZMJ vIMMTv;) Tr(ulw;)
(21)

Since the left singular vectors U are orthonormal,
Tr(u]Tui) = u]Tui = 0;;. This orthogonality elim-
inates all cross-terms where ¢ # j:

T

ﬁimg = Z

i=k+1

o?(viMmTy,) (22)

Recognizing that v MMTv; = |[vIM]||3, we ar-
rive at the final expression:

T

Eimg = Z U?HV?MH%
i=k+1

(23)
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