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Abstract

Adapting large vision—language models for em-
bedding tasks (VLM2Vec) is standard prac-
tice, but distilling them into compact architec-
tures remains challenging due to capacity mis-
matches in tokenization, dimensionality, and
multimodal representations. To address this,
we propose a robust distillation framework
based on two complementary mechanisms:
Principal Geometry Alignment (PGA) to sta-
bilize training by aligning principal geometric
components, and a Mutual Information Maxi-
mization objective to enforce global semantic
consistency across intra- and inter-modal pairs.
By jointly constraining geometric structure and
semantic dependency, our method effectively
mitigates model capacity discrepancies. Exper-
imental results on the Massive Multimodal Em-
bedding Benchmark (MMEB) across all four
meta-tasks—under both In-Distribution and
Out-of-Distribution settings—demonstrate that
our approach consistently outperforms state-
of-the-art distillation methods. Our source
code is available at https://github.com/
theanh-ktmt/PGA-KD.

1 Introduction

Large vision—language models (VLMs), integrat-
ing large language models (LLMs) with visual en-
coders, have demonstrated strong performance in
multimodal generation tasks (Wang et al., 2025;
Lu et al., 2025; Bai et al., 2025). Through the
VLM2Vec framework (Jiang et al., 2025), these
models can be transformed into multimodal em-
bedding engines. Their superior feature extraction
allows for broad application across downstream
tasks, such as image classification, image-text re-
trieval, and visual question answering (VQA) (Rad-
ford et al., 2021). Despite their efficacy, the inten-
sive computational and memory requirements of
VLMs present significant barriers to deployment
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on resource-constrained edge devices. To over-
come these limitations, knowledge distillation (KD)
(Hinton et al., 2015) has emerged as a pivotal tech-
nique. By transferring complex multimodal rea-
soning from expansive teacher models to compact
student architectures, KD facilitates edge deploy-
ment under strict performance constraints without
compromising accuracy.

In the context of knowledge distillation for multi-
modal embedding frameworks like VLM2Vec, the
primary objective is preserving the spatial charac-
teristics of the teacher’s representation space during
knowledge transfer. Current research focuses on
two critical pillars: maintaining geometric struc-
ture and ensuring cross-modal consistency. First,
preserving the geometric structure maintains re-
lational distances between data samples within a
batch; essentially, relative differences between in-
puts should remain consistent across models. To
address this, RKD (Park et al., 2019) maintains
distance-wise information between all pairs and
angle-wise information between all triplets within
a batch. Recognizing that geometric relations ex-
tend beyond simple distances and angles, CKD (Xu
et al., 2025) introduced general group-level rela-
tions, utilizing an aggregate function to extract and
align relative differences within sample groups.

Second, ensuring cross-modal consistency al-
lows the student to accurately capture the sophis-
ticated textual and visual associations learned by
the teacher. For instance, Align-KD (Feng et al.,
2025) proposed an Attention Mimicking mecha-
nism at the initial transformer layer to guide how
text tokens should attend to visual regions. Alter-
natively, EM-KD (Feng et al., 2026) constructs and
aligns affinity matrices to capture cross-modal cor-
relations inherent in each model. A comprehensive
review of vision-language frameworks and classic
distillation paradigms is provided in Appendix A.

While these established methods provide a foun-
dation for relational and cross-modal distillation,
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they suffer from two critical limitations: Geo-
metric Misalignment and Semantic Inconsis-
tency. First, while the teacher’s core semantic
knowledge is primarily encoded within its princi-
pal eigenspaces (low-frequency components), the
representations also contain a substantial spectral
tail of high-frequency components. These high-
frequency components are not meaningless: they
often capture fine-grained detail such as textual or
document-level cues, alongside variation tied to
the teacher’s over-parameterization (Ettori, 2026).
However, given the large capacity gap, a compact
student cannot faithfully absorb this dense high-
frequency structure. We therefore use the term
geometric noise in a relative sense: relative to the
student’s limited capacity, these components act as
noise during distillation, diverting the student from
the teacher’s principal structure even though they
remain informative in the teacher itself. Current
distillation frameworks, such as RKD (Park et al.,
2019) and CKD (Xu et al., 2025), indiscriminately
transfer all geometric relational information with-
out distinguishing high-energy from low-energy
structure. Consequently, the student is forced to
inherit this high-frequency structure, leading to Ge-
ometric Misalignment.

Second, concentrating the entirety of cross-
modal knowledge through a single transmission
channel—such as the first transformer layer in
Align-KD (Feng et al., 2025) or affinity matrices
in EM-KD (Feng et al., 2026)—is inherently ineffi-
cient and difficult to control. This bottleneck leads
to the Semantic Inconsistency problem, where the
student merely mimics surface-level patterns in-
stead of learning actual semantic relationships be-
tween text and image. This disconnect results in
significant performance degradation in complex
tasks like visual question answering (VQA), where
the student struggles to accurately ground textual
queries in corresponding visual regions.

To address these limitations, we propose Prin-
cipal Geometry Alignment (PGA-KD), a dis-
tillation framework designed for heterogeneous
VLM2Vec models. PGA-KD consists of two core
components. First, the Principal Geometry Align-
ment (PGA) module addresses Geometric Mis-
alignment. While existing methods transfer all
relational data, PGA applies spectral decomposi-
tion to filter out high-frequency geometric noise
caused by architectural redundancy. By aligning
only the principal geometry (low-frequency compo-
nents), the student learns essential structural infor-

mation representing actual data semantics. Second,
to resolve Semantic Inconsistency across different
model architectures, the Semantic Consistency
Learning (SCL) objective is introduced. SCL em-
ploys a Mutual Information (MI) Maximization
(Almudévar et al., 2025) strategy through four spe-
cific pathways: intra-modal (text-to-text, image-
to-image) and inter-modal (text-to-image, image-
to-text). This multi-pathway approach enables the
student to accurately capture fine-grained multi-
modal dependencies and semantic alignments. By
avoiding the limitations of single-channel methods,
SCL provides a more efficient mechanism for trans-
ferring knowledge between models with different
structures.

We conduct extensive experiments on the Mas-
sive Multimodal Embedding Benchmark (MMEB)
(Jiang et al., 2025), covering all four meta-tasks
under both ID and OOD evaluations. The re-
sults demonstrate that PGA-KD consistently out-
performs state-of-the-art methods in heterogeneous
model compression settings.

2 Background

2.1 Knowledge Distillation in VLM2Vec

Knowledge distillation (KD) in VLM2Vec (Jiang
et al., 2025) transfers semantic alignment from a
high-capacity teacher (7") to a compact student (S)
using a joint objective.

Supervised Loss: The student is optimized via
the contrastive InfoNCE loss (van den Oord et al.,
2019) to maximize discriminative ability between
query-positive pairs. For a batch of size B, let
h‘qs, ; and hi ;, denote the embeddings of the ¢-th
query and its positive key. The loss with a learnable
temperature T is:

S hS
B e<hq,i’hp,i>/T

1
»ClnfoNCE = _E z; log ZB e<hS h§]>/7_ (1)
i 1 ’

}7 . q,i’
= j=

Distillation Loss: To match representations
without explicit classification logits, VLM2Vec
aligns the final token hidden states via Mean
Squared Error (MSE). A learnable linear projector
Wi € R47*ds resolves dimension mismatches

(ds # dr):

B
1
LMSE = B z; |h$ — hzTWprOj [ (2
P

The standard baseline combines both objectives
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using a balancing coefficient A\yssg:

LBase = LinfoNCE + AMSELMSE 3)

While L performs point-wise alignment, it
treats the teacher as a black box, ignoring the
broader batch geometry and cross-modal token in-
teractions.

2.2 Geometric Topology Alignment

Rather than rigid point-wise feature matching,
aligning the pairwise similarity structures (geo-
metric topology) within a batch is more effective.
We formalize this using Centered Kernel Align-
ment (CKA) (Kornblith et al., 2019) instead of
relational metrics like RKD (Park et al., 2019) (see
Appendix B.1 for comparison).

Let K = HS(HS)” and L = H” (H7)T be
the B x B Gram matrices representing intra-batch
similarities for student and teacher. CKA measures
the statistical correlation between these structures:

tr(KCLC)

where C = Ip — %11T is the centering matrix.
CKA captures distance, angular, and higher-order
geometry globally in a single step, avoiding the
scaling and balancing issues of rigid element-wise
metrics.

2.3 Mutual Information Maximization

Mutual Information (MI) quantifies the statistical
dependence between two random variables X and
Y:

p\z,y

As direct high-dimensional MI computation is com-
putationally infeasible, variational lower bounds
are used. The InfoNCE loss serves as a computa-
tional surrogate to maximize the lower bound of
MI (van den Oord et al., 2019):

I(X;Y) >1og(B) — LinfoNCE (6)

We provide the complete information-theoretic
proofs and detailed expansions of this bound in
Appendix B.2. This theoretical connection serves
as the backbone for our Semantic Consistency
Learning (SCL), ensuring the student preserves
fine-grained semantic content across multi-modal
pathways while filtering geometric noise.

3 Methodology

We propose Principal Geometry Alignment
(PGA-KD), a distillation framework to transfer rep-
resentations from a high-capacity teacher VLM (7))
to a compact student VLM (S). As illustrated in
Figure 1, PGA-KD addresses two core limitations
of standard distillation: overfitting to geometric
noise and semantic inconsistency across modali-
ties.

3.1 Principal Geometry Alignment (PGA)

Standard knowledge distillation (KD) methods typ-
ically treat all information from the teacher as
equally important. However, when distilling a high-
dimensional teacher (d7 = 1536) into a compact
student (ds = 896), this assumption becomes prob-
lematic.

The Signal vs. Noise Problem: In high-
dimensional spaces, a teacher’s representation con-
tains both principal components (major variance di-
rections defining semantic clusters) and minor com-
ponents (small, high-frequency fluctuations caused
by architectural redundancy). Existing methods
like RKD and CKD force the student to mimic
both, wasting its limited capacity on modeling
noise. PGA-KD solves this by decomposing the
teacher’s geometry, filtering out the noise, and forc-
ing the student to align solely with the principal
semantic structure.

Capturing Geometry via Similarity Matrices:
We represent the geometric topology of a batch
by analyzing mutual relations between samples.
Let H7 € RP*47 and HS € RBXds be the
batch embeddings for the teacher and student, re-
spectively. We compute the similarity matrices

G7,GS € RBXB gs:
G/ =nl-n7, GJ=nf n (7

These matrices, G7 and G, represent the raw ge-
ometric structures of the teacher and student within
the current batch.

Geometric Denoising via Eigendecomposition:
To separate signal from noise, we perform an eigen-
decomposition on G, breaking the geometry into
a weighted sum of orthogonal components:

B
GT = Z )\iVinT (8)
=1

where eigenvalues \; represent the energy of the -
th geometric direction, sorted such that Ay > Ay >
o> g
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Figure 1: The PGA-KD Distillation Framework. Knowledge transfer is driven by three core losses: (1) Lpyse, @
combination of InfoNCE and MSE for point-wise feature anchoring; (2) Lpga, a geometric loss based on CKA
and eigendecomposition to align noise-filtered principal structures; and (3) LscL, a semantic loss based on Mutual
Information (MI) maximization to synchronize intra-modal and inter-modal dependencies.

In large VLMs, the spectrum of A usually ex-
hibits a heavy tail of tiny eigenvalues representing
noise. To denoise the geometry, we keep only the
top k components that contribute to n% (e.g., 85%)
of the total information (energy):

k

D
Z]B_l J Z n
Zj:l Aj

The resulting low-rank approximation G7 defines
the Principal Geometry, retaining critical seman-
tic structures while eliminating architectural noise.
The mathematical justification for this spectral fil-
tering approach is detailed in Appendix B.3.

PGA Objective & Spectral Mismatch: Min-
imizing the standard Euclidean distance (MSE)
between G and G7 via the Frobenius norm
|GS —GT |2 forces the student to match both geo-
metric directions and exact eigenvalue magnitudes
(/\;9 ~ )‘;‘T)- However, the compact student lacks
the dimensional capacity to support the teacher’s
high-energy spectrum. Forcing this spectral regres-
sion distorts the student’s latent space.

To resolve this, we employ Centered Kernel

k
GT => Aviv], st )
=1

Alignment (CKA) (Kornblith et al., 2019). CKA
normalizes the objective, making it invariant to the
isotropic scaling of eigenvalues. This effectively
decouples geometric structure (correlations) from
energy (magnitudes), allowing the student to align
its semantic directions without being penalized for
its smaller scale of variance.

Formally, let C = I — %11—r be the centering
matrix. We maximize the CKA correlation between
the centered Gram matrices G5 = CGSC and
G7 =cG7c:

Tr(GSGT)
VTH(GSGS) - TH(GTGT)

Lpga =1 — (10)

The Frobenius inner product Tr(GSG7) maxi-
mizes the structural consensus, ensuring both mod-
els agree on relative sample similarities regardless
of absolute feature scales.

3.2 Semantic Consistency Learning (SCL)

While Principal Geometry Alignment (PGA) pre-
serves the global structural topology, it treats data
points as atomic units, potentially overlooking
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fine-grained internal dependencies between modali-
ties. High-capacity teachers maintain precise cross-
modal synergy, whereas compact students often
suffer from modality collapse, where one modal-
ity dominates the representation. To bridge this
gap, we introduce Semantic Consistency Learn-
ing (SCL), which enforces internal reasoning path-
way consistency via Mutual Information (MI) max-
imization across two intra-modal and two inter-
modal propagation paths.

Feature Aggregation and Projection: To cap-
ture modality-specific information, we perform
attention-based aggregation using the last token’s
attention map from each model’s own final layer.
Let A € R¥*LxL be the attention for H heads and
sequence length L. We take the attention weights
of the final token, average them over the H heads,
and renormalize them within each modality to ob-
tain visual weights v, and textual weights o;. The
aggregated features v,t € R? are computed as
weighted sums of their respective token embed-
dings:

VvV = Z av,ihia t = Z Oét’jhj

1€lmg JETxt

1D

where Img and Txt denote the indices of visual and
textual tokens, respectively.

To bridge the dimensionality gap between the
teacher (d7) and student (ds), we employ modality-
specific projection heads, ¢, and ¢, to map ag-
gregated teacher features into the student’s latent
space:

vi=0,(vT), T =atT) (12

Mutual Information Maximization: We max-
imize the MI between the student’s features and
the teacher’s projections using the InfoNCE loss
(van den Oord et al., 2019) as a variational lower
bound. For a batch size B, the alignment loss be-
tween a student variable x° and a teacher variable
y 7 is defined as:

B S T
Lan(x5.y7) = -~ 3 1o f75yi)
SR PP v s

13)

where f(x,y) = exp(sim(x,y)/7), sim(-) de-

notes cosine similarity, and 7 is a temperature hy-
perparameter.

The Four-Way Consistency Objective: SCL

decomposes distillation into granular alignment

tasks across both intra-modal and inter-modal path-
ways:

1) Intra-Modality Consistency (L) Pre-
serves the semantic fidelity of individual modal-
ities, forcing the student’s encoders to align with
the teacher’s respective visual and textual represen-
tations:

Linra = L1 (vE,¥7T) + Lwn(t5,87)  (14)

2) Inter-Modality Consistency (Liyer): Trans-
fers cross-modal reasoning by aligning the stu-
dent’s image features with the teacher’s text fea-
tures and vice versa, capturing the critical cross-
modal bridges established by the teacher:

Liner = Lmi(vE,t7) + Lya(t5,%7)  (15)

The final SCL objective integrates all pathways
to ensure robust reconstruction of the underlying
semantic dependencies:

ESCL - Elntra + £Inter (16)

3.3 Total Optimization Objective

The final training objective integrates the geometric
and semantic regularizers with the baseline loss:

Ltotal = LBase + ApgaLpca + AscLLscr.  (17)

where Lpase = LmfoNcE + AMseLwmsg, and
APGA, AscL are balancing hyperparameters.

4 Experiments

4.1 Experimental Setup

Datasets & Evaluation Tracks: Per VLM2Vec
(Jiang et al., 2025), we evaluate across four meta-
tasks: Image Classification, Visual Question An-
swering (VQA), Cross-Modal Retrieval, and Visual
Grounding, under ID and OOD tracks. Dataset
statistics are in Appendix C.1.

Architectures & Baselines: We employ B3-
Qwen2-2B (Thirukovalluru et al., 2025) (d =
1536) as teacher. To verify robustness, distilla-
tion is evaluated on two 0.5B student variants
(ds = 896): FastVLM-0.5B (Vasu et al., 2025)
and Llava-Onevision-0.5B (Li et al., 2025). Base-
lines include MSE regression, RKD (Park et al.,
2019), CKD (Xu et al., 2025), EMO (Truong et al.,
2025), and EM-KD (Feng et al., 2026). Training
hyperparameters, architecture details, and baseline
configurations are deferred to Appendix C.2, C.3,
and C 4, respectively.
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Table 1: In-Distribution Benchmark Results across Four Different Meta-Tasks using B3-Qwen2-2B (Teacher)
and FastVLM-0.5B (Student). The table presents a comprehensive evaluation of knowledge distillation methods.
For each task, bold numbers indicate the best performance among student variants, and underlined numbers indicate
the second-best performance. Notably, EMO exhibits severe performance degradation on retrieval meta-tasks, the

underlying causes of which are detailed in Appendix D.

| Classification | VQA
Method | IN-IK N24News Hateful VOC07 SUN397 Avg | OK A-OK Doc I-VQA Chart VisTW Avg
Teacher 82.9 79.2 56.2 88.0 80.9 774 ]63.0 535 923 589 531 531 623
Student 529 68.4 60.0 717 647 647|507 502 740 341 494 461 508
MSE 53.0 70.1 58.4 78.2 652 650|524 498 743 343 508 464 513
RKD (Park et al., 2019) 53.6 70.3 60.8 79.9 662 662|511 512 741 349 502 465 513
CKD (Xu et al., 2025) 532 70.6 61.2 78.6 667  66.1|51.8 510 747 350 496 462 514
EMO (Truong et al., 2025) | 52.4 68.4 59.1 80.4 593 639|509 50.1 731 338 490 478 508
EM-KD (Feng et al., 2026) | 53.4 67.3 59.4 78.0 632 643|511 493 772 367 476 473 515
PGA-KD (Ours) | 62.6 70.4 56.9 81.9 751 694|595 54.6 746 384 446 523 540

‘ Retrieval ‘ Grounding
Method | VisDial CIRR VN-f2i VN-i2t COCO-2i COCO-i2t NIGHTS WebQA Avg | COCO Avg
Teacher 83.4 603  76.0 79.9 76.6 49.7 68.7 886 729| 705 705
Student 61.2 329 468 49.6 65.2 58.6 62.6 69.4 558 | 650 650
MSE 64.2 277 468 51.6 69.6 59.0 64.0 725 569 | 683 683
RKD (Park et al., 2019) 62.1 321 457 50.9 64.8 58.3 63.0 706 559 | 68.1 @ 68.1
CKD (Xu et al., 2025) 61.5 289 450 477 66.0 59.2 63.0 698 562 | 687 687
EMO (Truong et al., 2025) | 41.7 26.7 0.5 22.6 3.9 333 62.4 3.0 243 | 668 668
EM-KD (Feng et al., 2026) | 61.5 365 473 49.8 68.4 58.5 63.5 73.0 573 | 692 692
PGA-KD (Ours) | 733 351 508 55.6 66.1 63.5 64.3 725 602 | 69.5 69.5

4.2 Main Results

In-Distribution Evaluation with FastVLM Stu-
dent: As shown in Table 1, PGA-KD consistently
outperforms existing baselines, establishing a new
state-of-the-art across all meta-tasks. On Classi-
fication, PGA-KD achieves an average of 69.4%,
surpassing the best baseline (RKD) by +3.2%. In
VQA, it yields a top average score of 54.0% (+2.5%
over EM-KD), driven by remarkable gains on hard
reasoning tasks like OK-VQA (59.5%, +7.1% over
MSE) and A-OK (54.6%, +3.4% over RKD). For
Retrieval and Grounding, PGA-KD maintains its
superior performance with averages of 60.2% and
69.5% respectively.

Architecture-Agnostic Efficacy with Llava-
Onevision Student: Table 2 demonstrates that the
benefits of PGA-KD generalize seamlessly to al-
ternative architectures. Using the Llava-Onevision-
0.5B student, PGA-KD advances the average Clas-
sification performance to 70.4% (+3.5% higher
than the next-best CKD), highlighted by a substan-
tial +9.5% gain on ImageNet-1K (66.5% vs. 57.0%
for CKD). Similarly, it establishes a peak average
of 41.0% in VQA, validating that its formulation
is structurally agnostic and robust across diverse
Vision-Language Models (VLMs).

Generalization under Distribution Shifts: Ta-

ble 3 reports OOD benchmarks to evaluate robust-
ness against distribution shifts. PGA-KD mitigates
overfitting and leads OOD Classification with a
33.7% average (+3.4% over EMO), showing strong
localized gains on Place365 (38.1%, +3.3% over
EMO) and ImageNet-R (62.6%, +9.9% over MSE).
On OOD VQA, it scores the highest average of
51.8% (+1.6% over MSE), driven by a +4.9% im-
provement on TextVQA (66.4%), proving it fosters
generalizable multimodal representations.

Summary of Framework Transferability:
Across all core capabilities, PGA-KD consistently
bridges the capacity gap between the 2B generative
teacher and the 0.5B compact embedding students
while maintaining a highly competitive alignment
overhead (see Appendix E for detailed computa-
tional complexity and training overhead). By com-
bining geometric topological robustness (Lpga)
with rigorous multi-modal information synchro-
nization (Lscr), our approach proves the feasibil-
ity of deploying highly capable, low-footprint mul-
timodal engines directly in resource-constrained
environments.

Where PGA-KD Helps and Where It Does
Not: The gains are not uniform across tasks. PGA-
KD improves most on reasoning and retrieval (OK-
VQA +8.8, VisDial +12.1 over the student), but
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Table 2: In-Distribution Benchmark Results across Classification and VQA Tasks using B3-Qwen2-2B
(Teacher) and Llava-Onevision-0.5B (Student). The table presents a comprehensive evaluation of knowledge
distillation methods. For each task, bold numbers indicate the best performance among student variants, and
underlined numbers indicate the second-best performance.

‘ Classification ‘ VQA
Method ‘ IN-1IK N24News Hateful VOC07 SUN397 Avg ‘ OK A-OK Doc I-VQA Chart Vis7TW Avg
Teacher 82.9 79.2 56.2 88.0 80.9 774 | 63.0 535 923 589 53.1 531 623
Student 55.6 67.1 57.0 83.9 66.0 659 | 482 428 386 213 25.1 43.8  36.6
MSE 553 66.8 56.2 84.1 66.8 65.8 | 47.8 425 379 210 24.7 429 36.1
RKD (Park et al., 2019) 55.1 66.8 57.6 83.7 67.0 66.0 | 47.8 437 38,6 216 25.5 435 368
CKD (Xu et al., 2025) 57.0 66.9 58.6 84.1 68.2 669 | 51.2 439 472 229 30.9 45.6 403
EMO (Truong et al., 2025) | 56.1 66.4 56.4 83.6 66.2 65.7 | 464 436 41.1 207 23.1 43.0 363
EM-KD (Feng et al., 2026) | 53.2 63.3 53.6 82.6 65.2 63.6 | 447 379 364 205 22.6 39.8 337
PGA-KD (Ours) ‘ 66.5 68.9 59.5 83.9 73.3 70.4 ‘ 53.6 472 460 239 29.7 454 410

Table 3: Out-of-Distribution (OOD) Benchmark Results across Classification and VQA Tasks using B3-
Qwen2-2B (Teacher) and FastVLM-0.5B (Student). The table presents a comprehensive evaluation of knowledge
distillation methods under distribution shift. For each task, bold numbers indicate the best performance among
student variants, and underlined numbers indicate the second-best performance.

| Classification (OOD) | VQA (OOD)
Method | Place365 IN-A IN-R ObjectNet Country21l Avg | ScienceQA VizWiz GQA TextVQA Avg
Teacher 447 497 904 71.7 25.7 56.4 40.7 484  68.1 80.0  59.3
Student 300 253 482 28.4 78 279 35.8 355 634 567 479
MSE 304 259 527 25.5 8.0 28.5 379 377 635 615 502
RKD (Park et al., 2019) 31.1 259 475 27.8 8.4 28.1 36.0 362 646 570 485
CKD (Xu et al., 2025) 30.3 254 479 31.6 75 28.5 36.3 358 64.1 56.6 482
EMO (Truong et al., 2025) 34.8 218 525 37.4 5.2 30.3 36.6 36.1 655 577 490
EM-KD (Feng et al., 2026) | 325 274 504 322 7.6 30.0 36.5 36.1 654 57.6 489
PGA-KD (Ours) | 381 241 626 40.7 75 337 369 368 670 664 518

is flat on DocVQA (74.6, below EM-KD’s 77.2)
and weaker on ChartQA (44.6, below the student’s
49.4). This pattern is systematic rather than ran-
dom: filtering the low-energy tail trades some fine-
grained textual detail for a cleaner global struc-
ture, which text-dense tasks such as DocVQA and
ChartQA rely on more heavily. The threshold
1 controls this balance, and can be raised (e.g.
n = 0.95 recovers the best DocVQA, 75.3, in
Table 5) when the target workload is OCR- or
document-oriented.

Finally, to confirm that these gains reflect a gen-
uine improvement rather than seed variance, we re-
peat the OOD VQA evaluation across three random
seeds; PGA-KD remains ahead of the strongest
baselines throughout, as detailed in Appendix F.

4.3 Ablation Analysis
4.3.1 Contribution of PGA and SCL

Table 4 shows the impact of each loss component
in our final objective, Lol = LBase +ApcaLpca +
AscLLscL. We observe two key findings:

First, Lpga is critical for transferring structural
knowledge. Removing it causes the average VQA

score to drop by 2.4% (from 54.0% to 51.6%). This
shows that aligning final representations alone is in-
sufficient; mimicking the teacher’s geometric struc-
ture is essential for student performance.

Second, Lscy effectively preserves multimodal
understanding. Both intra-modal and inter-modal
alignments are necessary, as removing Ly, and
Linter reduces performance by 0.9% and 1.5%, re-
spectively. This confirms that multi-pathway in-
formation transfer helps the student learn complex
cross-modal relationships.

Table 4: Component Ablation. Isolating the impact
of Principal Geometry Alignment (PGA) and Semantic
Consistency Learning (SCL) on FastVLM-0.5B.

Configuration | OK A-OK Doc I-VQA | Avg. VQA
Student | 507 502 740 341 | 508
PGA-KD (/o Lpa) 571 542 617 376 51.6
PGA-KD (W/0 Linra) 580 543 739 357 53.1
PGA-KD (W/0 Linter) 581 547 733 393 525
PGA-KD (W/o Lpca. Linra) | 566 531 684  38.1 515
PGA-KD (W/o Lpga, Liner) | 578 546 679 37.0 51.6
PGA-KD (W/0 Linga Linier) | 58.5  53.6 748 371 532
PGA-KD (Full) | 595 546 746 384 | 540
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4.3.2 Does Spectral Filtering Matter?

PGA Denoising: Separating Signal from Spectral Tail (7 = 0.85)
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Figure 2: Spectral Decay (B = 64). The top 33 out
of 64 eigenvalues capture = 85% of the total energy,
representing the Principal Geometry (green) versus the
spectral noise (gray).

Figure 2 visualizes the eigenvalue distribution
(A;) and cumulative energy of the teacher’s Gram
matrix G7 . As the heavy-tailed spectrum reveals,
the top 33 out of 64 eigenvalues capture 85% of
the total variance (7 = 0.85). This indicates that
nearly half of the representation space is dominated
by low-magnitude components, which we treat as
a low-energy spectral tail of lower semantic den-
sity. By filtering out this noise and retaining only
the Principal Geometry, we distill a compact, se-
mantically dense signal. This targeted alignment
prevents the student from overfitting to geomet-
ric noise, a denoising process formally detailed in
Appendix G.1.

To validate this noise hypothesis, we vary the
cumulative energy threshold 7, where n = 1.0
denotes full-spectrum alignment (standard CKA)
and n < 1.0 applies spectral filtering.

Table 5: Impact of Spectral Filtering. Isolating the
effect of varying the energy threshold 7 on performance.

Configuration ‘ OK A-OK Doc I-VQA ‘ Avg. VQA
Student | 507 502 740 341 | 508
n = 1.00 (No Filtering) | 56.9 542 738 370 | 527
n=10.95 583 557 753 382 53.9
7 = 0.85 (Ours) 59.5 546 746 384 54.0
n=0.75 579 535 736 368 525
n = 0.50 562 516 665 362 50.0

As shown in Table 5, the results follow an
inverted-U curve. Under-filtering (n = 1.0) de-
grades performance, confirming that trailing eigen-
values contain non-transferable noise that disrupts
distillation. Conversely, over-filtering (n = 0.75

or 7 = 0.50) removes vital structural informa-
tion, lowering accuracy. The optimal balance is
achieved at 7 = 0.85, which successfully isolates
the Principal Geometry for stable alignment (see
Appendix G.2 for more details).

(b) Principal Geometry (GT)
Silhouette Score: 0.114

(a) Raw Geometry (GT)
Silhouette Score: 0.074

‘. (1]

o.i.

Figure 3: Geometric Denoising Effects (B = 64,7 =
0.85). Spectral filtering enhances cluster purity and im-
proves the Silhouette Score from 0.074 to 0.114 (+54%).

Figure 3 qualitatively supports this denoising
effect via t-SNE algorithm (van der Maaten and
Hinton, 2008). We map the embedding space by
converting Gram matrices into Euclidean distances
via a kernel-to-distance transform. To quantify
cluster purity, we apply K-Means (k = 5) to gen-
erate pseudo-labels and compute the Silhouette
Score (Rousseeuw, 1987). Filtering the spectral tail
improves this score from 0.074 to 0.114 (+54%),
demonstrating that our method effectively removes
geometric noise for a cleaner structural signal (see
Appendix G.3 for more details).

4.3.3 Sensitivity Analysis of Loss Weights

Table 6 evaluates hyper-parameter configurations
on the FastVLM-0.5B track. To minimize com-
putational costs, we bypassed a full grid search
in favor of gradient scale balancing, constraining
AscL to 0.01 to prevent its four sub-losses from
oversaturating the objective with large gradients.

As observed, increasing A\pga from 0.1 to 2.0
significantly boosts performance from 52.3 to 54.0,
particularly in OK-VQA and DocVQA. While
larger Ascr (0.05, 0.10) shows marginal task-
specific shifts, it fails to improve average accu-
racy, validating our gradient-balancing constraint.
Finally, a stronger feature alignment constraint
(Amse = 1.0) proves crucial for cross-task stabil-
ity. Ultimately, the combination of Apga = 2.0,
AscL = 0.01, and Avsg = 1.0 yields the optimal
balance. An extended sensitivity analysis on ar-
chitectural LoRA hyperparameters is provided in
Appendix H.
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Table 6: Sensitivity Analysis of Loss Weights. Eval-
uation of different combinations for hyper-parameters
ApGA, AscL, and Aysg on FastVLM-0.5B.

ApGa  AscL Aumse | OK A-OK  Doc I-VQA | Avg. VQA
0. 001 10 |573 547 694 375 523
05 001 1.0 |588 546 709 371 52.8
20 005 1.0 [589 554 751 368 54.0
20 010 1.0 |582 555 742 369 53.6
20 001 02 |574 543 758 379 534
20 001 05 |3589 541 758 384 539
20 001 10 |595 546 746 384 | 540

5 Conclusion

This paper presents PGA-KD, a novel distillation
framework that addresses geometric noise and se-
mantic inconsistency in VLM2Vec distillation. By
introducing Principal Geometry Alignment (PGA),
we effectively filter out spectral noise to preserve
the teacher’s core semantic structure. In addition,
our Semantic Consistency Learning (SCL) utilizes
multi-pathway mutual information maximization
to stabilize cross-modal dependencies. Experimen-
tal results on the MMEB benchmark demonstrate
that PGA-KD outperforms state-of-the-art base-
lines, achieving superior accuracy across all four
meta-tasks in both In-Distribution (ID) and Out-
of-Distribution (OOD) settings. These findings
validate that aligning structural topology and se-
mantic logic is key to developing robust, compact
multimodal embedding models.

Limitations

While PGA-KD significantly reduces model size
and memory footprint for multimodal embedding
tasks, we acknowledge certain boundaries in our
current scope. First, our empirical evaluations fo-
cus strictly on aligning vision and language modal-
ities. Extending Principal Geometry Alignment
to synchronize continuous data structures, such as
video streams or 3D point clouds, remains an unex-
plored direction. Second, our current experiments
validate the distillation process using up to 2B-
parameter teacher models. Scaling this framework
to compress extreme-scale architectures (e.g., 70B+
parameters) is currently bounded by computational
resources. Consequently, expanding the framework
to encompass broader modalities and massive-scale
teacher models is left as an open work for future
research.

Broader Impact

PGA-KD compresses large vision—-language em-
bedding models into compact students deployable
on resource-constrained edge devices, lowering the
compute, energy, and cost barriers to multimodal
retrieval and VQA and broadening access to such
systems, including for accessibility applications on
low-resource hardware. The same efficiency, how-
ever, can lower the cost of large-scale image—text
search, surveillance, and user profiling. Distillation
also transfers whatever biases and failure modes
the teacher and its training data (here, MMEB)
have learned, and compression may degrade perfor-
mance unevenly across rare classes, languages, and
underrepresented visual concepts. Our experiments
use only publicly available benchmark datasets and
introduce no new data collection. We encourage
practitioners to evaluate distilled students for fair-
ness and robustness on their target domain before
deployment.
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A Related Work

Knowledge distillation (KD) (Hinton et al., 2015)
aims to transfer knowledge from a large teacher
model to a smaller student model while preserv-
ing the teacher’s performance and representational
capacity. Early KD research primarily focused on
compressing unimodal models by matching soft-
ened logits, intermediate representations, or atten-
tion patterns (Gou et al., 2021). In natural language
processing, successful examples such as (Sanh
et al., 2020) and (Zhang et al., 2024) demonstrated
that compact students can retain strong reasoning
and language understanding abilities distilled from
large pretrained models like (Devlin et al., 2019)
and (Touvron et al., 2023).

Recently, distillation has been extended to
vision—language models (VLMs), where the chal-
lenge is substantially greater due to the need to
jointly preserve both visual semantics and cross-
modal alignment. Large VLMs such as (Radford
etal.,2021), (Liu et al., 2023), and (Li et al., 2022a)
learn a shared embedding space that aligns images
and text through rich multimodal interactions. Dis-
tilling such models therefore requires the student
not only to mimic the teacher’s representations, but
also to maintain the structural relationships and se-
mantic correspondences across modalities. As a
result, VLM distillation has emerged as an active re-
search direction with growing interest in preserving
multimodal representation quality under compact
architectures (Li et al., 2022b; Jiang et al., 2025).

Existing work on multimodal distillation mainly
focuses on two aspects: preserving the geomet-
ric structure of the embedding space and main-
taining cross-modal consistency. To preserve rep-
resentation geometry, RKD (Park et al., 2019)
aligns pairwise distances and triplet-wise angles
between samples, while CKD (Xu et al., 2025) fur-
ther models higher-order group relations through
aggregation-based comparisons. These methods
highlight the importance of preserving relational
structures rather than directly matching individual
features.

Another line of work focuses on retaining cross-
modal interactions between visual and textual rep-
resentations. In multimodal embedding frame-
works such as VLM2Vec, the student must capture
how textual concepts correspond to visual regions.
Align-KD (Feng et al., 2025) addresses this through
attention mimicking at early transformer layers,
whereas EM-KD (Feng et al., 2026) aligns affinity

matrices that encode cross-modal correlations. To-
gether, these approaches show that effective VLM
distillation depends on preserving both geometric
relations and multimodal alignment.

Most closely related to our setting, HieRD (Le
et al., 2026) also distills vision-language embed-
ding models, aligning relational structure within
and across modalities through clustered visual to-
kens and phrase-level text spans; in contrast, PGA-
KD operates on the batch-level teacher Gram ge-
ometry and filters its low-energy spectral tail be-
fore alignment through CKA. More broadly, recent
work on distilling large language and embedding
models explores cross-tokenizer alignment (Vu
et al., 2026a), preference distillation (Nguyen et al.,
2026), optimal-transport-based transfer (Vuong
et al., 2026; Hai et al., 2026), span- and trajectory-
level alignment (Dao et al., 2026a; Chi et al.,
2026), and embedding-model representation align-
ment (Vu et al., 2026b; Tran et al., 2026; Dao
et al., 2026b; Huy et al., 2026), several of which,
like ours, rely on Centered Kernel Alignment to
match relational structure rather than individual
features. Our work extends this line to heteroge-
neous VLM2Vec distillation, combining principal-
geometry alignment with multi-pathway semantic
consistency.

B Theoretical Background and
Foundations

This section provides the comprehensive mathe-
matical derivations and theoretical formulations
for the baseline relational distillation metrics and
information-theoretic principles omitted from the
main text.

B.1 Relational Distillation Metrics (RKD)

Relational Knowledge Distillation (RKD) (Park
et al., 2019) decomposes the geometric structure
of the representation space into distinct geometric
primitives: distances and angles.

Let d;; = ||h; — h;||2 denote the Euclidean dis-
tance between the embeddings of samples 7 and ;.
RKD constructs distance matrices for both teacher
and student, normalizes them by their respective
mean distances to handle scaling variances, and
minimizes the element-wise difference using Hu-
ber loss [5:

ds. d7.
Lo = Y s (;/ﬁ) (18)

(1,7)€R? H
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where y = |R712| Z(L 7) d;; represents the mean dis-
tance within the batch.

To capture higher-order geometric structures be-
yond pairwise relationships, RKD introduces an
angular loss over triplets of samples (i, j, k):

Z ls (cos A%k,cos égk) 19)
(i,5,k)ER3

£angle =

where the angle cosine is calculated using the vec-
tors between the samples:

(hi — hj,hk — hj)
[h; — hyll2([hy — hy2

Limitations of RKD vs. Selection of CKA: Al-
though RKD effectively aligns relative magnitudes
and orientations, the separation of distance and
angle optimization requires careful weight balanc-
ing. Because these two metrics operate on different
scales and converge at different rates, improper
balancing causes the model to over-prioritize one
primitive at the expense of the overall geometric
structure.

In contrast, Centered Kernel Alignment (CKA)
treats the Gram matrices K and L as holistic rep-
resentations of the geometry. By computing the
statistical dependence between these structures via
normalized Hilbert-Schmidt Independence Crite-
rion (HSIC), CKA captures distance, angular, and
higher-order relations implicitly in a unified step
without requiring rigid local constraints.

cos Zijp = (20)

B.2 Information-Theoretic Foundations of
InfoNCE

Mutual Information I(X;Y") measures the reduc-
tion in uncertainty about a random variable X given
knowledge of Y, accommodating complex non-
linear dependencies. In contrastive learning frame-
works, the InfoNCE loss serves as a variational
lower bound on this quantity.

Following van den Oord et al. (2019), consider a
batch of size B containing one positive pair (z;, y;)
drawn from the joint distribution p(x, y) and B — 1
negative samples drawn from the marginal distri-
bution p(y). The optimal critic f(x,y) %
maximizes the objective. The standard InfoNCE
loss is formulated as:

-5 . (21)
Z]’le f(xlay])]

By evaluating the expectation over the batch dis-
tributions, it can be mathematically shown that the

Lintonce = —E |log

loss is bounded by the true mutual information:

p(z4,y:)
p(yi)

Lintonce > —E |log

p(i,yi) p(wi,y;)
S T i pw;)
(22)
~ log(B) — I(X;Y) (23)

Rearranging this inequality yields the foundational
lower bound used in our framework:

I(X§ Y) > IOg(B) — LinfoNCE (24)

This relationship guarantees that minimizing
LmfoNcE across our intra- and inter-modal path-
ways directly maximizes the semantic information
retained by the student model.

B.3 Theoretical Justification of Spectral
Filtering

The efficacy of Principal Geometry Alignment
(PGA) is predicated on a fundamental hypothesis
regarding the spectral distribution of high-capacity
Vision-Language Models: the representation space
is composed of a low-rank intrinsic semantic mani-
fold embedded within a high-dimensional ambi-
ent space dominated by architectural noise. In
this section, we provide a rigorous justification
for our spectral filtering mechanism by analyzing
the signal-to-noise decomposition of the teacher’s
geometry through the lens of matrix approximation
theory.

Signal-Noise Decomposition Hypothesis. Let
H7 c RB*IT denote the teacher’s representation
of a batch, where d is large (e.g., 1536). The geo-
metric topology of the batch is encapsulated in the
Gram matrix G7 = H” (H7)T. We posit that G7
can be decomposed into a semantic signal compo-
nent G, and a nuisance noise component E,,,;s.,
such that GT = Gy + Envise. Here, Ggem 1S
assumed to be low-rank (k < B), capturing the
true underlying cluster structure and semantic cor-
relations of the data, whereas E, ;s represents
high-frequency spectral fluctuations arising from
the teacher’s over-parameterization and stochastic
training artifacts.

In the context of heterogeneous distillation, the
student model S is constrained by a significantly
lower dimensionality (ds < d7). Consequently,
the student lacks the requisite degrees of freedom
to faithfully reconstruct the full spectrum of G .
A standard distillation objective that minimizes the
distance to the raw Gram matrix forces the student
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to allocate its limited capacity to fit both Ggep,
and E,,;s.. This results in a capacity dilution
phenomenon, where the student’s representation
becomes contaminated by non-transferable archi-
tectural noise, thereby degrading its generalization
capability on downstream tasks.

Optimality via Eckart-Young-Mirsky Theo-
rem. To resolve this capacity mismatch, PGA em-
ploys a spectral filtering strategy. Let the eigende-
composition of the teacher’s Gram matrix be given
by G7 = UAU', with eigenvalues sorted in de-
scending order Ay > Ay > -+ - > Ap. We construct
the filtered principal geometry GZ by retaining
only the top-k£ components corresponding to the
cumulative energy threshold 7. According to the
Eckart-Young-Mirsky Theorem (Eckart and Young,
1936), the truncated matrix GkT is the unique opti-
mal rank-k approximation of the original geometry
in terms of the Frobenius norm:

Gl = IGT — Mi|r

arg min
MERB X B rank(M)=k

(25)

The approximation error incurred by this truncation
is explicitly quantified by the tail energy of the
spectrum:

B
IGT —GllIE= Y N
i=k+1

(26)

In the regime of Large VLMs, the eigenspectrum
typically exhibits a heavy tail where the trailing
eigenvalues (Ag11, ..., Ap) carry non-negligible
magnitude but low energy relative to the principal
components, so that a compact student cannot faith-
fully absorb them. By minimizing the divergence
between the student’s geometry and this optimal ap-
proximation GZ, PGA concentrates the student’s
limited optimization budget on the principal di-
rections (A1, ..., Ag) rather than the low-energy
spectral tail. We stress the scope of this result: the
Eckart—Young—Mirsky theorem certifies only that
GZ is the Frobenius-optimal rank-%k approxima-
tion of G7'; it does not by itself establish that the
retained subspace is semantically superior or that
aligning to it improves generalization. Identifying
the top-k subspace with the transferable semantic
signal is a modeling hypothesis, and the claim that
aligning to it benefits a compact student is empir-
ical, supported by the inverted-U response to the
energy threshold 7 (Table 5), the improved silhou-
ette score after filtering (Figure 3), and the OOD
gains in Table 3.

C Implementation Details

In this section, we provide comprehensive details
regarding the model architectures, training con-
figurations, baseline implementations, and dataset
statistics to ensure the reproducibility of our results.

C.1 Dataset Specifications and Task
Formulations

We evaluate the performance of our framework
across a comprehensive suite of datasets from the
MMEB benchmark (Jiang et al., 2025), extended
with specialized grounding and robustness tracks.
These evaluation benchmarks are structured into
four unified meta-tasks:

Image Classification (10 Tasks): ImageNet-1K
(general-domain object classification), N24News
(multimodal news category classification), Hateful-
Memes (binary multimodal hate speech detection),
VOC2007 (multi-label object category classifica-
tion), SUN397 (fine-grained scene recognition),
Place365 (environment and scene context recogni-
tion), ImageNet-A (natural adversarial examples),
ImageNet-R (abstract renditions and art styles),
ObjectNet (robustness controls for rotation, back-
ground, and viewpoint shifts), and Country-211
(geographic distribution shift and visual culture
analysis).

Visual Question Answering (VQA) (10 Tasks):
OK-VQA (visual QA requiring external knowl-
edge), A-OKVQA (augmented outside-knowledge
QA with multiple choice), DocVQA (document
text visual comprehension), Infographic VQA
(infographic-based structural reasoning), ChartQA
(structured chart and plot analysis), Visual7W (spa-
tial grounding and visually-grounded QA), Sci-
enceQA (multimodal scientific question answer-
ing), VizWiz (real-world QA using low-quality im-
ages from visually impaired users), GQA (compo-
sitional and structured reasoning over real-world
scenes), and TextVQA (visual reading and reason-
ing in natural environments).

Cross-Modal Retrieval (12 Tasks): VisDial
(dialogue-based multi-turn visual retrieval), CIRR
(composed image retrieval via text modifiers),
VisualNews-t2i (news-oriented text-to-image re-
trieval), VisualNews-i2t (news-oriented image-to-
text retrieval), MSCOCO-t2i (text-to-image in-
stance search), MSCOCO-i2t (image-to-text in-
stance search), NIGHTS (retrieval under low-
light/nocturnal environments), WebQA (multi-
modal knowledge-grounded web retrieval), OVEN
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Table Al: Dataset Statistics. Comprehensive breakdown of meta-tasks, data splits (In-Distribution vs. Out-of-
Distribution), query/target modalities, training sizes, evaluation samples, and candidate spaces across all evaluation

benchmarks.
Meta-Task Dataset Query Target Split #Train #Eval # Candidates
Classification ImageNet-1K I T ID 100K 1,000 1,000
(10 Tasks) N24News I1+T 1 1D 49K 1,000 24
HatefulMemes I T 1D 8K 1,000 2
VOC2007 I T 1D 8K 1,000 20
SUN397 | T 1D 20K 1,000 397
Place365 I T (0]0))) - 1,000 365
ImageNet-A I T O0OD - 1,000 1,000
ImageNet-R I T OOD - 1,000 200
ObjectNet | T OOD - 1,000 313
Country-211 I T 00D - 1,000 211
VQA OK-VQA I+T T ID 9K 1,000 1,000
(10 Tasks) A-OKVQA I1+T T D 17K 1,000 1,000
DocVQA I+T T 1D 40K 1,000 1,000
InfographicVQA I1+T T 1D 24K 1,000 1,000
ChartQA I+T T 1D 28K 1,000 1,000
Visual7W 1+T T 1D 70K 1,000 1,000
ScienceQA I+T T (0]0))) - 1,000 1,000
VizWiz 1+T T 00D - 1,000 1,000
GQA I+T T OOD - 1,000 1,000
TextVQA 1+T T 00D - 1,000 1,000
Retrieval VisDial T I ID 123K 1,000 1,000
(12 Tasks) CIRR I1+T 1 1D 26K 1,000 1,000
VisualNews-t2i T I ID 100K 1,000 1,000
VisualNews-i2t I T 1D 100K 1,000 1,000
MSCOCO-t2i T I ID 100K 1,000 1,000
MSCOCO-i2t I T 1D 113K 1,000 1,000
NIGHTS I I ID 16K 1,000 1,000
WebQA T I+T 1D 17K 1,000 1,000
OVEN I+T I+T OOD - 1,000 1,000
FashionIQ I+T 1 (0]0))) - 1,000 1,000
EDIS T I+T OOD - 1,000 1,000
Wiki-SS-NQ T 1 OOD - 1,000 1,000
Visual Grounding MSCOCO I+T I ID 100K 1,000 1,000
(4 Tasks) Visual7W-Pointing 1+T 1 OOD - 1,000 1,000
RefCOCO I+T I 00D - 1,000 1,000
RefCOCO-Matching I+T I+T OOD - 1,000 1,000

(open-vocabulary visual embedding and retrieval),
FashionlQ (interactive fashion image retrieval with
relative text feedback), EDIS (early disaster iden-
tification and structural multi-modal search), and
Wiki-SS-NQ (wikipedia-scale structured snippet
natural question retrieval).

Visual Grounding (4 Tasks): MSCOCO
(phrase-to-region localization and object referring
expression comprehension), Visual7W-Pointing
(visually-grounded point-and-click localization),
RefCOCO (referring expression bounding box
grounding), and RefCOCO-Matching (multi-modal
phrase-region context matching and verification).

To provide a clear mathematical and structural
understanding of our evaluation protocol, which
strictly follows the comprehensive multi-task eval-
uation framework established by VLM2Vec (Jiang

et al., 2025), Table A1 details the comprehensive
statistical breakdown of these datasets. Depending
on the underlying meta-task, the query formula-
tions and candidate space constraints are defined
as follows:

For Image Classification, the input consists of
an image, which may optionally be accompanied
by a task instruction prompt. The target output is
the corresponding class label (or a representative
visual category, depending on the dataset). Under
this setup, the candidate label space is explicitly
defined by, and directly limited to, the total num-
ber of semantic classes present within that specific
dataset.

For Visual Question Answering (VQA), the
query comprises a multimodal combination of an
instruction, an image, and a textual question, with
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the target being the correct textual answer. During
evaluation, the model is tasked with ranking the
ground-truth answer against a standardized pool of
999 distractor candidates, yielding a total candidate
space of 1,000 options.

For Cross-Modal Retrieval, the task encom-
passes both text-to-image (T — I) and image-to-
text (I — T) sub-tasks. The input query can be a
pure image, a pure textual description, or a com-
bined image-text pair, whereas the target is the
corresponding match in the destination modality.
Performance is measured by ranking the correct
target against a fixed evaluation pool of 1,000 can-
didate items.

For Visual Grounding, the query consists of a
combined image-text pair containing localized in-
structions or referring expressions. The model
is optimized to correctly identify and match the
grounded visual component (e.g., specific image
regions or bounding boxes). Mirroring the VQA
evaluation setup, the model ranks the true target out
of a standardized 1,000-candidate retrieval space.

C.2 Training Configurations and
Hyperparameters

All distillation training pipelines are imple-
mented in PyTorch and executed across a dis-
tributed computing infrastructure consisting of
8 x NVIDIA A100 (80GB) GPUs. To maximize
computational throughput and minimize memory
footprints, we leverage distributed data-parallel
training under bfloat16 mixed-precision execu-
tion. Parameter-Efficient Fine-Tuning (PEFT) is
consistently applied to all student architectures via
Low-Rank Adaptation (LoRA) (Hu et al., 2022).
Every configuration is trained for a single epoch
over the unified cross-modal alignment sequence
using the AdamW optimizer with a decoupled
weight decay parameter of 0.01. The base model
layers are optimized with a peak learning rate
of 1 x 10~4, whereas the specialized projection
heads (W pyoj, @v, ¢¢) utilize a higher learning rate
of 5 x 10~* governed by a constant learning rate
scheduler.

To ensure stability across heterogeneous task dis-
tributions, optimization properties are customized
for each evaluation track and meta-task. Specif-
ically, the scaling hyperparameters for the mean
squared error (Avsg), Principal Geometry Align-
ment (Apga), and Semantic Consistency Learning
(AscL) are calibrated alongside the spectral energy
threshold (n) to protect the student model from

overfitting to the teacher’s architectural noise. A
comprehensive specification of these hyperparam-
eter configurations, including global batch sizes,
learning rate constraints, and task-specific LoRA
ranks, is detailed in Table A2.

C.3 Model Architectures and Projector
Formulations

To ensure full reproducibility, we detail the spe-
cific architectural specifications of the teacher and
student models derived from their official configu-
rations, alongside the mathematical formulations of
our learning framework’s projection layers. In this
work, we employ a fixed, high-capacity Teacher
model to distill knowledge into two distinct Student
architectures, corresponding to the two primary ex-
perimental tracks. A parametric comparison detail-
ing the architectural gaps between the teacher and
both student models is provided in Table A3.

Teacher Model (B3-Qwen2-2B): This state-of-
the-art multimodal embedding model is built upon
the Qwen2-VL-2B architecture designed for com-
prehensive visual understanding (Thirukovalluru
et al., 2025). It integrates a Qwen2-VL Vision
Tower (a ViT-like architecture with 600M param-
eters, depth 32, and an embedding dimension of
1280) with a Qwen2-1.5B LL.M backbone (28 lay-
ers, 12 attention heads, and a hidden dimension
d7 = 1536). The architecture utilizes Multimodal
Rotary Positional Embeddings (M-RoPE) to handle
unified spatio-temporal positions and implements
a final token pooling strategy to generate fixed-size
embeddings.

Student 1 (FastVLM-0.5B): An efficiency-
focused architecture optimized for resource-
constrained edge deployment (Vasu et al., 2025).
It replaces standard large ViTs with a com-
pact MobileCLIP-L (mobileclip_1_1024) CNN-
Transformer hybrid vision encoder (embedding di-
mension 1024). This vision tower is paired with a
Qwen2-0.5B language backbone (24 layers, 14 at-
tention heads, and a hidden dimension ds = 896),
using a 2-layer MLP (m1p2x_gelu) to map the con-
catenated intermediate visual features (dim 3072)
to the LLM space.

Student 2 (LLaVA-OneVision-0.5B): A ro-
bust student configuration built following the
LLaVA-OneVision paradigm (Li et al., 2025).
It features a SigLIP-SO400M visual encoder
(siglip_vision_model, depth 26, patch size 14,
and a hidden dimension of 1152) matched with a
Qwen2-0.5B-Instruct language backbone (24 lay-
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Table A2: Training Hyperparameters. Detailed configurations for Classification (CLS), Visual Question An-
swering (VQA), Cross-Modal Retrieval (RET), and Visual Grounding (GRD) tasks across the FastVLM track, and

CLS/VQA tasks for the OneVision track.

Hyperparameter FastVLM Track OneVision Track
CLS VQA RET GRD CLS VQA
Global Batch Size 256 256 128 128 128 64
Learning Rate (Student) 1x107* 1x107* 1x107* 1x107* 1x107* 1x107*
Learning Rate (Projector) 5 x 1074 5x107% 5x 1074 5x 1074 5x 1074 5x 1074
LR Scheduler Constant Constant Constant Constant Constant Constant
Warmup Ratio 1.0 0.03 0.03 0.03 0.03 0.03
Optimizer AdamW AdamW AdamW AdamW AdamW AdamW
Weight Decay 0.01 0.01 0.01 0.01 0.01 0.01
Epochs 1 1 1 1 1 1
LoRA Configuration
Rank (r) 64 128 128 128 16 32
Alpha (o) 128 512 256 128 32 128
Dropout 0.05 0.05 0.05 0.05 0.05 0.05
Loss Weights
AMSE 1.0 1.0 1.0 1.0 1.0 1.0
APGA 1.0 1.0 1.0 1.0 1.0 1.0
AscL 0.5 1.0 1.0 1.0 0.5 1.0
Spectral Threshold () 0.85 0.85 0.85 0.85 0.85 0.85

Table A3: Architecture Specification Comparison.
The structural and dimensional gaps between the gen-
erative Teacher (Qwen2-VL) and the compact Students
(FastVLM and OneVision) highlight the non-trivial na-
ture of the distillation task.

Specification ‘ Teacher ‘ Student 1 Student 2

Base Arch Qwen2-VL-2B FastVLM OneVision
Vision Encoder | Qwen2-VL-ViT | MobileCLIP-L.  SigLIP-SO400M
Vision Layers 32 — 26

Vision Dim 1280 1024 1152

LLM Backbone Qwen2-1.5B Qwen2-0.5B Qwen2-0.5B
LLM Layers 28 24 24

LLM Hidden (d) 1536 (d71) 896 (ds) 896 (ds)
Interm. Size 8960 4864 4864

ers, 14 attention heads, and a hidden dimension
ds = 896). It employs an AnyRes dynamic grid-
ding strategy with 2D pooling to process varying
image aspect ratios.

Alignment Projectors: To bridge the dimen-
sional and semantic gaps between the heteroge-
neous teacher and student representation spaces
during training, we introduce learnable linear pro-
jection heads. These components are strictly frozen
after the distillation phase and remain inactive dur-
ing downstream inference. Specifically, a geo-
metric Feature Projector defined as a linear layer
Wi € R?7*ds maps the teacher’s final embed-
ding to the student’s dimension for the Lysg and
Lpga objectives. Additionally, two separate Multi-
Layer Perceptrons (MLPs), denoted as Modality
Projectors (¢4, ¢¢), are utilized to map the teacher’s

aggregated visual and textual channels indepen-
dently into the student’s corresponding space for
the LscL objective.

C.4 Baselines

We compare PGA-KD against a comprehensive
set of distillation baselines, categorized by their
alignment strategy:

MSE (Point-wise): A standard distillation base-
line where the student’s embeddings are regressed
directly to the teacher’s projected embeddings us-
ing Mean Squared Error loss.

Relational KD (RKD) (Park et al., 2019): A
structural distillation method that preserves the ge-
ometric topology of the batch. It aligns the pairwise
Euclidean distances and triplet angles between the
teacher and student representations.

Comparative KD (CKD) (Xu et al., 2025): A
generalized structural approach that aligns higher-
order relationships. It defines a comparative geom-
etry by computing the relative similarity of each
sample against a set of anchors within the batch.

EMO (Truong et al., 2025): Originally designed
for cross-tokenizer LLM distillation, this method
is adapted for VLM2Vec by aligning embedding
distributions.

EM-KD (Feng et al., 2026): A recent multi-
modal knowledge distillation method designed to
address the imbalance between visual and textual
tokens. It achieves this by constructing and align-
ing cross-modal affinity matrices to improve fea-
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ture synchronization.

D Mathematical Analysis of EMO
Performance Degradation in
Cross-Modal Retrieval

As observed in Table 1, the EMO distillation
method exhibits a paradoxical performance profile.
While it achieves competitive results on genera-
tive meta-tasks (Classification, VQA, and Ground-
ing), it suffers from catastrophic degradation on
Retrieval tasks. This failure is particularly severe
in Text-to-Image (I' — I) retrieval benchmarks,
where performance collapses to near zero (e.g., VN-
t2i drops to 0.5%, COCO-t2i to 3.9%). This section
provides a step-by-step mathematical analysis of
the underlying mechanisms driving this discrep-
ancy.

D.1 The Text-Centric Masking Mechanism

The core issue stems from EMO’s optimization
objective. EMO was originally designed for Large
Language Models (LLMs) and strictly optimizes
the textual representation space.

Formally, let us define the representations of a
Vision-Language Model:

¢ S and 7 The Student and Teacher models,
respectively.

« HS = [HS, H): The full sequence of hid-
den states generated by the student, where
H? represents the visual tokens and H® rep-
resents the textual tokens.

« HT = [H], H]]: The corresponding hidden
states generated by the teacher.

During distillation, EMO applies a strict mask-
ing mechanism to filter out all visual tokens (H,).
The distillation loss (Lgmo), which consists of Op-
timal Transport (OT) and Centered Kernel Align-
ment (CKA) for attention maps, is exclusively com-
puted on the textual tokens:

Lemo = Lor(HE, H] ) + Loka(AS, AT) 27)

where A; denotes the attention weights associated
with the text tokens. Consequently, the visual repre-
sentations (H2) receive absolutely no direct align-
ment supervision from the teacher.

D.2 Why EMO Succeeds in Generative Tasks
IU+T—->1T)

Despite ignoring visual tokens in the loss func-
tion, EMO succeeds in Classification, VQA, and
Grounding because these are inherently Autore-
gressive Text Generation tasks.

In a Transformer architecture, tokens do not ex-
ist in isolation. During the forward pass, the tex-
tual tokens FI{° continuously aggregate information
from the visual tokens HS via self-attention mech-
anisms. By forcing HS ~ HtT , EMO essentially
imposes a strict constraint on the output text repre-
sentation. To minimize Lgnmo, the gradients must
flow backward through the cross-attention weights
to the vision encoder. The student is mathemati-
cally forced to indirectly adjust how it processes
the image (H f ) so that its final text tokens perfectly
match the teacher’s. This implicit alignment allows
the student to excel at generating text conditioned
on images.

D.3 The Modality Gap Collapse in Retrieval
Tasks

Retrieval tasks fundamentally differ from gener-
ative tasks. They rely on a Global Contrastive
Space, requiring the model to measure the cosine
similarity between a globally aggregated text vec-
tor (t) and a globally aggregated image vector ().
Both vectors must reside in a unified, aligned latent
space.

When EMO applies massive gradient updates
exclusively to the textual space (H;), it creates a
severe asymmetric shift:

Text-to-Image (1" — 1) Catastrophe: The
query is text, and the target is an image. Because
EMO forcefully shifts the student’s text space to-
wards the teacher’s space while leaving the im-
age space behind, the modality gap is widened. A
text query is displaced to a completely new coordi-
nate in the latent space, meaning its mathematical
dot product with the unshifted target image vector
yields random noise. This explains the catastrophic
drop to 0.5%.

Image-to-Text (I — T') Degradation: When
the image acts as the query, its vector representa-
tion remains relatively stable. It projects into the
newly shifted text space. Because the text space is
organized sensibly (inherited from the teacher), the
image query can still occasionally land near seman-
tically relevant text clusters by chance. Thus, per-
formance degrades severely (e.g., dropping from
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58.6% to 33.3% on COCO-i2t) but does not hit
absolute zero.

D.4 The Necessity of Semantic Consistency
Learning (SCL)

The failure of EMO underscores a critical princi-
ple: asymmetrically distilling a single modality
irreversibly shatters the cross-modal contrastive
space.

This highlights the architectural necessity of our
proposed Semantic Consistency Learning (Lscr).
Rather than masking modalities, Lscyr, actively pre-
vents modality collapse by enforcing Mutual Infor-
mation maximization across all four logical path-
ways: intra-modal (Text-to-Text, Image-to-Image)
and inter-modal (Text-to-Image, Image-to-Text).
By explicitly regularizing the cross-modal bridges
(Lmnter)> SCL guarantees that both modalities shift
in unison during distillation, preserving the tightly
coupled joint embedding space required for robust
retrieval performance.

E Computational Complexity and
Efficiency Analysis

To evaluate the operational viability of the pro-
posed PGA-KD framework in practical training en-
vironments, we conduct a rigorous computational
complexity and training overhead analysis.

E.1 Theoretical Time Complexity

The mathematical core of Principal Geometry
Alignment (PGA) involves an eigendecomposition
executed on the B x B teacher similarity ma-
trix G7. Theoretically, the time complexity of
performing eigendecomposition on a square ma-
trix of size B scales at O(B?). Because distilla-
tion pipelines in Vision-Language Models typically
leverage small to moderate batch sizes (e.g., B =
64), this operation is highly efficient and computes
in less than 1ms per training step. Concurrently,
the Semantic Consistency Learning (SCL) mod-
ule relies entirely on heavily parallelized, highly
optimized GPU matrix multiplications, which in-
troduces minimal computational friction.

E.2 Empirical Training Overhead Table

To quantify the concrete runtime impact, we bench-
mark the exact duration of a single training step
(measured in milliseconds, ms) across various dis-
tillation configurations on the FastVLM-0.5B track.
The empirical performance profiling is structured
and detailed in Table A4.

Table A4: Computational Overhead Comparison.
Evaluation of training step durations and relative over-
head metrics across different distillation strategies, mea-
sured during Visual Grounding task training with a batch
size of 16.

Method ‘ Training Step (ms) Overhead
Student (Baseline) ‘ 1976 1.00x
+ MSE 2475 1.25%
+ RKD (Park et al., 2019) 2332 1.18x
+ CKD (Xu et al., 2025) 2768 1.40x
+ EM-KD (Feng et al., 2026) 2473 1.25%
+PGA-KD (Ours) \ 2424 1.23x

The empirical benchmarks demonstrate that
PGA-KD is highly efficient, introducing only a
23% computational overhead relative to the unreg-
ularized student baseline training loop (1976ms —
2424ms). Crucially, our framework achieves a
lower runtime profile than traditional feature-level
regression baselines like MSE (1.25x) and group-
level relational methods like CKD (1.40x). This ef-
ficiency highlights that filtering out the spectral tail
reduces the dimensional load during downstream
alignment calculations, proving that PGA-KD se-
cures state-of-the-art accuracy gains without forc-
ing a trade-off in training throughput.

F Variance Analysis under Multiple Seeds

Method SciQA GQA  TextVQA Avg
Teacher 40.7 68.1 80.0 62.9
Student 35.8 63.4 56.7 52.0
MSE 37.0 11 64.0+16 60.1+15 53.7+08
EM-KD 33.8+24 643 +11 562+12 514+15
PGA-KD 37.0 05 66.9 +tos 67.0+14 57.0+04

Table AS: OOD VQA across three random
seeds (mean = std) on FastVLM-0.5B, over the
SciQA/GQA/TextVQA subset; Avg is the mean of these
three tasks. Teacher and Student are single-run refer-
ences.

To confirm that our gains are stable rather than
seed-dependent, we repeat the OOD VQA evalu-
ation with three random seeds ({42, 1234, 2026})
for PGA-KD and the two strongest distillation base-
lines, MSE and EM-KD. We choose the OOD track
because it fluctuates more than the in-distribution
setting, making it a stricter test of stability. Ta-
ble AS reports mean and standard deviation across
seeds over a representative subset of tasks. Note
that the averages here are computed over this three-
task subset and are therefore not directly compara-
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ble to the four-task OOD VQA averages in Table 3.
PGA-KD’s three-seed mean (57.0) exceeds every
baseline’s mean (MSE 53.7, EM-KD 51.4), and
even its lowest single run (56.8) stays above them.
PGA-KD leads on GQA and TextVQA, ties the
best baseline on ScienceQA, and has the smallest
variance among the distillation methods, indicat-
ing that its advantage is not driven by favorable
initialization.

G Geometric Analysis and Visualizations

This section provides the mathematical foundations
and implementation details for the geometric visu-
alizations used to validate our spectral denoising
approach.

G.1 Principal Geometry Analysis (PGA)
Denoising

The objective of this analysis is to isolate the struc-
tural signal from the spectral noise in the teacher’s
representation space. We utilize the Gram matrix
G7 ¢ RP*B which encodes the pairwise geomet-
ric relationships between B data samples within a
batch.

Mathematical Foundation: Given the Gram
matrix G7, we perform eigen-decomposition as
follows:

GT = VAVT (28)

where A = diag(\1, \2,...,A\p) contains the
eigenvalues sorted in descending order (A\; >
A2 --- > Ap). To distinguish between the Prin-
cipal Geometry and the spectral tail, we define the
Cumulative Energy Ratio (CER) at index k:

k
CER(k) = 2= (29)
> j=1 Aj
Implementation Details: As illustrated in Fig-
ure 2, we set an energy threshold n = 0.85. The
threshold % is determined by finding the smallest &
such that CER(k) > 0.85.

* Spectrum Extraction: Eigenvalues are com-
puted and clipped at max(\, 10719) to ensure
numerical stability.

* Signal Separation: In our experiments, the
first k = 33 eigenvalues constitute the prin-
cipal geometry, while the remaining spectral
tail is treated as noise.

G.2 Spectral Filtering Effect on Gram Matrix

To visually assess how spectral filtering alters the
teacher model’s representations, we analyze the re-
constructed Gram matrices and their corresponding
removed noise across various cumulative energy
thresholds 7. Figure A1 reveals the impact of vary-
ing the filtering aggressiveness:

Aggressive Over-filtering (7 = 0.5): Retaining
only 3 eigenvalues heavily distorts the Gram ma-
trix structure. The bottom row indicates that the re-
moved component is not merely background noise,
but contains critical geometric structures (reflected
by high-intensity patterns in the noise matrix), lead-
ing to a severe loss of semantic information.

Optimal Denoising (y = 0.85): At our cho-
sen threshold, the reconstructed matrix perfectly
retains the crisp cluster definitions and blocking
patterns of the original ground truth. Crucially,
the removed noise matrix contains uniform, low-
intensity residual patterns with minimal structural
correlation, confirming that our method effectively
isolates non-transferable architectural noise.

Under-filtering (n = 0.95): Keeping 24 eigen-
values preserves almost all elements, meaning the
remaining noise matrix is virtually empty. Conse-
quently, this allows the student to absorb the non-
essential structural fluctuations present in the full
spectrum.

G.3 Representation Visualization and Cluster
Purity

To quantify the improvement in representation qual-
ity after spectral filtering, we project the high-
dimensional space into a 2D space and measure
clustering quality.

Distance Mapping: We convert the Gram ma-
trices (Raw G7 and Principal G7) into distance
matrices D using the kernel-to-distance transform:

D =/G] +G],—2G],  (0)

This matrix D serves as the input for the t-SNE
algorithm (van der Maaten and Hinton, 2008).

Clustering and Quantification: We utilize the
Silhouette Score (Rousseeuw, 1987) (S) to mea-
sure cluster separation, calculated as:

b—a
5= max(a, b) S

where a represents the mean intra-cluster distance
and b is the mean nearest-cluster distance. Pseudo-
labels for this calculation are generated via K-
Means clustering (n. = 5) on the denoised space.
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Spectral Filtering Effect: Reconstruction vs. Removed Noise
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Figure Al: Spectral Filtering Effect. The top row displays the reconstructed Gram matrices (GT) under different
energy thresholds ( € {0.5,0.75,0.85,0.95}) compared to the original ground truth (32 eigenvalues). The bottom
row visualizes the isolated spectral noise removed during filtering at each respective threshold.

Observations: Comparing the two panels in
Figure 3:

« Raw Geometry (G7): Displays signifi-
cant overlap and diffusion between semantic
groups, yielding a Silhouette Score of 0.074.

* Principal Geometry (GZ): After removing
the spectral tail, the clusters become signif-
icantly more condensed and separated, with
the Silhouette Score improving to 0.114.

H Sensitivity Analysis on LoRA
Hyperparameters

Table A6: Effect of LoRA Rank on Distillation. Eval-
uation of subset benchmarks and overall average perfor-
mance.

Rank () | OK A-OK Doc I-VQA | Avg. VQA
2 01 02 01 0.0 0.1
4 304 274 155 108 223
8 488 434 503 220 40.3
16 560 508 69.5 31.8 492
64 569 531 744 315 525
128 595 54.6 746 384 54.0
256 577 534 749 373 53.5
512 577 545 740 374 53.2

Distilling a high-capacity generative teacher into
a compact student architecture (such as FastVLM-
0.5B) demands a critical balance of represen-
tational capacity within the parameter-efficient
adapters. As illustrated by the empirical results in
Table A6, the student’s downstream performance

exhibits a strong sensitivity to the scaling of the
rank r and its corresponding scaling factor a.
When configured with restricted ranks (r < 8),
the student encounters a strict capacity bottleneck.
Under these constraints, the adapter layer lacks the
sufficient degrees of freedom required to capture
the rich structural knowledge transferred from the
teacher, causing the average VQA scores to stall
below the 41% threshold. However, a substantial
performance inflection occurs as the rank scales to
r = 16, where the average score rapidly surpasses
49%, indicating that a baseline model capacity is

quickly established.
The framework achieves its optimal convergence
and peak representational accuracy at r = 128

(o = b512), yielding an average VQA score of
54.0%. Beyond this optimal configuration, the
model reaches a state of capacity saturation. While
expanding the parameter space to r = 256 main-
tains a stable performance of 53.5%, a further ag-
gressive increase to r = 512 (o = 896) induces a
notable performance degradation, with the average
score dropping to 53.2%. This trajectory suggests
that allocating excessive capacity within the LoRA
adapters risks overparameterization, which over-
fits the student to the specific cross-modal transfer
distribution and compromises its generalization ca-
pabilities across unseen VQA benchmarks.
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