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Abstract

Multi-vector visual document retrieval mod-
els encode pages into hundreds of patch-level
embeddings, enabling fine-grained interaction
but incurring substantial storage overhead. Ex-
isting train-free compression approaches rely
on token pruning or heuristic merging, which
often fail to preserve the broad semantic cover-
age of the original representations under con-
strained budgets. To address this, we propose
CovMerge, a geometry-aware, train-free in-
dex compression framework that formulates to-
ken reduction as a budgeted semantic coverage
problem on the unit hypersphere. Given frozen
patch embeddings, CovMerge applies Farthest
Point Sampling (FPS) for coverage-aware pro-
totype initialization, followed by spherical K-
Means refinement aligned with MaxSim re-
trieval. The primary variant, Global Coverage,
operates directly on all page patches without
external dependencies, providing the strongest
simplicity—efficiency trade-off. An optional
Regional Coverage extension leverages doc-
ument layout structure to guide prototype al-
location, offering additional gains on layout-
sensitive documents when reliable detection is
available. Operating purely as post-processing
without retraining, CovMerge supports flexi-
ble deployment budgets. On the ViDoRe V1
benchmark, CovMerge retains up to 98.1% and
98.6% of the original nDCG@5 for ColPali
and ColQwen2, respectively, while using only
10% of the original storage, establishing a new
state-of-the-art for storage-efficient multimodal
retrieval.

1 Introduction

Visual Document Retrieval (VDR) matches queries
against layout-rich documents(Zhang et al., 2026;
Xie et al., 2024) using late-interaction Vision-
Language Models like ColPali (Faysse et al., 2025)
and ColQwen2 (Xu et al., 2025). These models
represent pages as dense, patch-level multi-vector
embeddings, preserving fine-grained spatial and se-

mantic details that single-vector encoders discard
(Radford et al., 2021; Zhang et al., 2024), thereby
achieving state-of-the-art retrieval accuracy.

The storage bottleneck. This representational
richness introduces severe memory overhead. For
instance, ColPali produces 1,024 patch embed-
dings per page; indexing just 4,000 pages requires
roughly 1 GB. Scaling to enterprise corpora cre-
ates prohibitive storage bottlenecks, making index
compression essential for large-scale deployment.

Limitations of existing approaches. Current
token reduction methods typically rely on prun-
ing (Yan et al., 2025) or merging (Bolya et al.,
2022). Pruning discards patches with low attention
scores, risking the irreversible loss of "background"”
patches that might perfectly match fine-grained
queries. Merging aggregates similar patches but
suffers from poor initialization, causing seman-
tic collapse where distinct minority details (e.g.,
small formulas) are swallowed by dominant vi-
sual features. To improve merging, some meth-
ods (Ma et al., 2025) resort to costly ratio-specific
fine-tuning. Furthermore, recent train-free hybrid
pipelines (Yan et al., 2026a) still inherit the query-
agnostic flaws of the initial pruning stage and
rigidly depend on predefined compression targets,
limiting deployment flexibility.

Our approach. To address these challenges,
we formulate index compression as a budgeted se-
mantic coverage problem and propose CovMerge,
a purely train-free post-processing framework for
frozen VLM embeddings. To effectively mitigate
semantic collapse (as illustrated in Figure 1), Cov-
Merge utilizes Farthest Point Sampling (FPS) (El-
dar et al., 1997) to discover diverse, coverage-
aware prototype initializations. These are subse-
quently refined via global spherical K-Means clus-
tering (McQueen, 1967; Dhillon and Modha, 2001)
to align perfectly with the cosine similarity used in
MaxSim retrieval.

Under this framework, we investigate two com-
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(a) Standard Merging->Semantic Collapse (b) CovMerge->Semantic Preservation

Figure 1: Motivation for budgeted semantic cover-
age. (a) Standard Merging: Similarity-driven merging
leads to semantic collapse, where minority layout ele-
ments (red dashed boxes) are swallowed by dominant
text features. (b) CovMerge (Ours): By discovering
coverage-aware seeds via FPS, CovMerge allocates ded-
icated prototypes (green dots) to these distinct elements,
achieving semantic preservation at high compression
ratios.

plementary strategies: 1) Global Coverage ap-
plies FPS directly to all page patches, maximiz-
ing overall semantic diversity and establishing a
robust, parser-free baseline. 2) Regional Coverage
utilizes a lightweight layout detector (DocLayout-
YOLO) to allocate prototype budgets proportion-
ally across semantic regions. Region-wise FPS
seeds are generated first, followed by a single
global spherical K-Means refinement, elegantly
injecting layout priors without imposing brittle
boundaries on the final merged tokens.

Contributions. They are summarized as follows:

* We propose CovMerge, a geometry-aware,
train-free index compression framework for-
mulated as a budgeted semantic coverage
problem. The primary Global Coverage vari-
ant establishes a strong, dependency-free base-
line; the optional Regional Coverage exten-
sion leverages lightweight layout parsing to
guide prototype allocation.

* We demonstrate that our semantic merging
process strictly preserves the MaxSim scor-
ing property at query time, enabling elegant,
plug-and-play integration into existing late-
interaction VDR pipelines without any archi-
tecture modifications.

» Extensive experiments on ViDoRe V1 vali-
date CovMerge’s cross-architecture effective-
ness: at 10% storage, it retains up to 98.1%

and 98.6% of the original nDCG @5 for Col-
Pali and ColQwen2, establishing a new state-
of-the-art for train-free, storage-efficient mul-
timodal retrieval.

2 Related Work

2.1 Multi-Vector Visual Document Retrieval

The late-interaction paradigm, popularized by Col-
BERT (Khattab and Zaharia, 2020), represents
queries and documents as sets of token-level em-
beddings, matching them via a MaxSim operation
to achieve superior recall over single-vector dense
retrieval. ColPali (Faysse et al., 2025) success-
fully extended this to layout-rich Visual Document
Retrieval (VDR) by encoding document pages as
grids of patch embeddings via PaliGemma (Beyer
et al., 2024). ColQwen2 (Xu et al., 2025) further
advanced VDR using a Qwen2-VL backbone with
dynamic-resolution encoding(Wang et al., 2024).
While establishing a new state-of-the-art on bench-
marks like ViDoRe (Faysse et al., 2025), these ar-
chitectures mandate storing hundreds of vectors per
page, creating severe deployment bottlenecks that
necessitate effective index compression.

2.2 Compression via Token Pruning and
Merging

Existing token reduction methods typically operate
via pruning or merging (Rao et al., 2021).

Pruning-based methods discard seemingly un-
informative patches. DocPruner (Yan et al., 2025)
relies on self-attention scores to filter tokens,
while Look-in-the-Middle (Liu et al., 2026) uti-
lizes intermediate-layer attention maps. Although
effective at moderate compression rates, pruning
suffers from a fundamental flaw: it is inherently
query-agnostic. A patch deemed "unimportant” by
self-attention might be the exact MaxSim target for
a highly specific query.

Merging-based methods address this by aggre-
gating tokens to preserve broader context. While
ToMe (Bolya et al., 2022) introduced bipartite
matching during the forward pass, Light-ColPali
(Ma et al., 2025) explored post-processing strate-
gies, finding that agglomerative semantic clustering
outperforms simple spatial pooling. However, clus-
tering all patches jointly often leads to centroid col-
lapse, where semantically distinct layout regions
(e.g., a tiny formula next to a large paragraph) are
erroneously fused. Furthermore, Light-ColPali’s
optimal performance requires ratio-specific fine-
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tuning, severely limiting deployment flexibility. Re-
cent hybrid pipelines like Prune-then-Merge (Yan
et al., 2026a) extend the compression range but still
inherit the query-agnostic limitations of the initial
pruning stage.

Unlike these methods, CovMerge avoids query-
agnostic token dropping by formulating compres-
sion as a budgeted semantic coverage problem, uti-
lizing Farthest Point Sampling and spherical clus-
tering to ensure broad, distinct semantic support.

2.3 Layout-Aware Processing

Document Layout Analysis models, such as the
highly efficient DocLayout-YOLO (Zhao et al.,
2024), identify structural elements (paragraphs,
tables, figures) with minimal overhead. The
value of layout in VDR has been explored by
architecture-level methods like ColParse (Yan et al.,
2026b), which segments pages via heavy parsers
(MinerU2.5(Niu et al., 2025)) for independent en-
coding. However, ColParse is a complex, encoding-
level pipeline that cannot compress existing pre-
computed indices. In contrast, our Regional Cov-
erage strategy elegantly leverages lightweight lay-
out detection purely as a structural prior to allo-
cate prototype initialization budgets, ensuring lay-
out awareness in a fully train-free, post-processing
paradigm.

3 Preliminaries

3.1 Multi-Vector Visual Document Retrieval

LetC = {d1,ds, . ..,d|c|} denote a corpus of doc-
ument pages, where each page d is represented as
a raster image. Given a textual query ¢, the task of
Visual Document Retrieval (VDR) is to rank pages
in C by relevance to q.

In the multi-vector paradigm (Faysse et al.,
2025), a frozen Vision-Language Model (VLM)
encoder ® maps each document image into a set of
N, patch-level embeddings D = ®(d) = {d; };V:pl
(where d; € R¥), and maps the query into a
set of N, token-level embeddings Q = ®(q) =

{q, 2, (where ¢; € RF). All embeddings are Lo-
normahzed (Liuetal., 2015) to lie on the unit hyper-
sphere. For ColPali, N, = 1024; for ColQwen2,
Np is dynamic and depends on the image resolu-
tion.

3.2 Late Interaction Scoring (MaxSim)

Relevance between a query g and a document d is
computed via the MaxSim operator (Khattab and

Zaharia, 2020):

Nq
Np
d) = Zr;lij?dj (1)
=1

Each query token finds its single best-matching
document patch; overall relevance is the sum of
these per-token maxima. This fine-grained token-
to-patch alignment allows specific query terms to
be matched to precise spatial regions within the
document, yielding superior retrieval accuracy on
layout-rich pages compared to single-vector dot-
product retrieval.

3.3 Compression Goal

Storing the full multi-vector index for a corpus re-
quires |C| x N, x k x b bits, where b is the bit
precision (typically 16 for bfloat16). The goal of
token compression is to produce a reduced rep-

resentation D’ = {d] }l | with N, < N, such
that the MaxSim score under D’ closely approx-
imates the original: s(q,D’) =~ s(q,D) for all
q. We define the retained storage percentage as
p = (N,/Np) x 100 and evaluate methods at tar-
get retention rates of 5%, 10%, and 20%.

4 Methodology

Figure 2 summarizes CovMerge. Given a docu-
ment page image d and frozen patch embeddings

{d]}J 1» CovMerge outputs D’ = {d/} £,
w1th K = |pN,| for a user-specified retention ra-
tio p. All operations are offline post-processing;
the query encoder and MaxSim scorer remain un-
changed.

To accommodate diverse computational con-
straints and document types, CovMerge operates in
two complementary modes: 1) Global Coverage,
a minimalist baseline that bypasses layout parsing
and directly initializes prototypes globally; and 2)
Regional Coverage, which introduces Stages 1 to
3 below to structurally guide prototype allocation
using a lightweight layout prior.

4.1 Stage 1: Document Layout Detection
(Regional Coverage)

(This stage is specific to Regional Coverage;
Global Coverage skips directly to Stage 4.)

We use DocLayout-YOLO to detect a set of
axis-aligned bounding boxes with semantic la-
bels from the document page image. Each de-
tected region is represented as a tuple r =
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Figure 2: Overview of CovMerge. Top: The overall retrieval architecture, integrating CovMerge into the visual
encoding pipeline during offline processing, while preserving MaxSim scoring at query time (online). Bottom:
Detailed workflows of the CovMerge module. Regional Coverage (main path): DocLayout-YOLO detects regions;
patch assignment and budget allocation determine how many FPS seeds each region contributes. Global Coverage
(bottom bypass): FPS selects K page-level seeds directly, bypassing layout parsing. In both variants, a single global
spherical K-Means refines all K output prototypes into a global initialization. Both variants are train-free.

(id,, by, £y, ), where b, = (z0,y0,21,y1) is
the bounding box in page pixel coordinates,
¢, € {title, text, table, figure, caption,...}
is the layout category, and ¢, € (0, 1] is the detector
confidence score.

Regions with zero area or zero confidence are
discarded. Each surviving bounding box is ex-
panded by a small page-relative margin (default
3%) to account for detector boundary imprecision,
and then clamped to the page boundary. The set of
regions is capped at a maximum of 64 (ordered by
confidence x area) to prevent pathological cases
with tiny boxes from exhausting the budget.

Fallback. When the detector returns no valid
regions, Regional Coverage falls back to Global
Coverage. Patches not contained by any de-
tected box are assigned to a background bucket
__background__.

4.2 Stage 2: Patch-to-Region Assignment
(Regional Coverage)

(This stage is specific to Regional Coverage;
Global Coverage skips directly to Stage 4.)

ColPali/ColQwen2 produce patch embeddings
arranged on a regular spatial grid. For ColPali
v1.3 the grid is fixed at 32 x 32; for ColQwen2
v1.0 the grid dimensions (H,W) are read from
the processor’s image_grid_thw field and vary per
image after spatial merging.

The center pixel coordinate of patch (7,j) in
the grid is z;; = (j + 0.5)Wpage/W and y;; =
(i +0.5)Hpage/ H, where Wiage and Hpage are the
original image dimensions in pixels. Each patch is
assigned to the smallest detected region that con-
tains its center (favoring specific layout boxes over
broad enclosing ones). Patches whose center falls
inside no detected region are assigned to the back-
ground bucket. This yields a partition { P, } where
P, C {1,...,N,} indexes the patches belonging
to region 7.

4.3 Stage 3: Budget Allocation (Regional
Coverage Only)

Global Coverage skips this stage. For Regional
Coverage, we determine how many FPS seeds
each region contributes before global refinement.
We first reserve a minimum of one seed per non-
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background region. The remaining budget K’ is
distributed proportionally based on a per-region
score:

sp=ny - (0, + e)’B, 2)

where n, = |P,| is the number of patches as-
signed to region r, and ¢, represents the intra-
region embedding diversity. It is mathematically
defined as the mean squared deviation of the re-
gion’s patch embeddings from their centroid p, =

1 .
Ny ZdjEPr d] .

1
Op = — E ——yEs
T |dJ o (3)
djEPr

The constant e=10"* prevents degenerate scores
for singleton regions (where §,, = 0). Default ex-
ponents are «=1 and S=1. Integer seed counts are
computed via largest-remainder rounding. To pre-
vent over-allocation, the maximum budget for any
region is strictly capped at its actual patch count n,..
Any excess seeds resulting from this cap are itera-
tively reallocated to the nearest unsaturated regions
to ensure the full budget K’ is strictly exhausted.

4.4 Stage 4: Coverage-Aware Prototype
Discovery and Refinement

CovMerge represents each output slot as a proto-
type on the unit hypersphere. Both variants share
the same global refinement step; they differ only in
how prototypes are initialized.

Global Coverage. We select K FPS seeds from
all L2-normalized page embeddings, then run
spherical K-Means for 7'=12 Lloyd iterations on
the full patch set, using the FPS seeds as initial
centroids. This variant serves as a highly robust,
universally applicable baseline that requires zero
external dependencies. Each cluster is represented
by the L2-normalized mean of its members. When
K=1, we return the medoid patch.

Regional Coverage. For each region r with allo-
cated seed count b,., we run FPS inside P, to obtain
b, diverse seeds. Seeds from all regions are con-
catenated (total K) to form a layout-conditioned
initialization. We then run the same global spher-
ical K-Means on all page patches—not indepen-
dent per-region clustering. This design lets pro-
totypes move across region boundaries during re-
finement while still biasing initialization toward
layout-aware coverage.

Why global refinement? Per-region clustering
hard-separates outputs and is sensitive to detector
errors (missed boxes, overlapping labels). Global
refinement preserves a single K -partition of the
page while letting layout influence where proto-
types start, which we find more robust in practice
(Table 1).

4.5 Complexity and Overhead

Layout detection with DocLayout-YOLO adds ap-
proximately 30 ms per page on CPU and is fully
parallelizable across the corpus. The patch assign-
ment is O(N,M) where M < 64 is the number
of regions. Budget allocation is O(M). Spheri-
cal K-Means runs in O(N,, - K - T') with T'=12
Lloyd iterations over all page patches, independent
of whether seeds come from whole-page FPS or
region-wise FPS. The total indexing overhead rela-
tive to the ColPali encoding pass is negligible.

S Experiments

5.1 Setup

Backbones. We evaluate on ColPali-v1.3
(PaliGemma-3B, 32 x 32 grid, d=128) and
ColQwen2-v1.0 (Qwen2-VL-2B, dynamic-
resolution grid, d=128), the two dominant
backbones on ViDoRe-v1.

Benchmark and Metrics. We report nDCG@5
across all 10 test splits of the ViDoRe bench-
mark, comprising ArxivQA, DocVQA, InfoVQA,
TabFQuAD, TAT-DQA, ShiftProject, and four Syn-
theticDocQA tasks. While our primary evaluation
is conducted at a tight storage budget of p=10%,
we additionally test across a wider range of com-
pression ratios p € {5%, 20%} against six compet-
itive baselines to evaluate scaling robustness (see
Figure 3).

Baselines. We evaluate both variants of our ap-
proach (COVMERGE-GLOBAL and COVMERGE-
REGIONAL) against the uncompressed dense in-
dex and six representative train-free compression
baselines, categorized as follows: (i) Naive ap-
proaches: Random Pruning and Token Pooling;
(ii) Pruning-based: Adaptive DocPruner (Yan
et al.,, 2025) and SAP(Liu et al.,, 2026); (iii)
Merging-based: Train-free Light-ColPali (Ma
et al., 2025); (iv) Hybrid: Prune-then-Merge (Yan
et al., 2026a).

Implementation. Layout  detection  uses
DocLayout-YOLO. CovMerge (GLOBAL) uses
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Global Coverage; CovMerge (REGIONAL) uses
Regional Coverage with default (o, 3)=(1,1)
unless ablated. All methods share the same frozen
encoders and MaxSim scoring.

5.2 Evaluation Metrics

We report standard retrieval metrics evaluated at
rank cutoff K. Recall @K measures whether the rel-
evant document appears within the top- K retrieved
results. nDCG@K (Normalized Discounted Cumu-
lative Gain) accounts for ranking position (Jarvelin
and Kekildinen, 2002):
DCG@K

nDCG@K = IDCG@K’ (G))
where DCG@K = YK rel;/logy(i + 1), rel; €
{0, 1} is the binary relevance of the i-th retrieved
document, and IDCG@K is the ideal maximum
DCG. We use nDCG@S5 as our primary metric,
consistent with the ViDoRe benchmark.

5.3 Main Results

Table 1 reports the per-dataset nDCG @5 at a tight
10% storage budget. Notably, our CovMerge
framework establishes a new state-of-the-art across
both backbones. On the stronger ColQwen2
backbone, CovMerge (Global) outperforms the
strongest baseline, Prune-then-Merge, by a solid
margin (+1.8 points on average, 86.8 vs. 85.0). Fur-
thermore, when compared exclusively to the prior
train-free merging method (Light-ColPali), Cov-
Merge demonstrates strong improvements (+4.4
and +5.0 points), validating that coverage-aware
initialization and L2-normalized refinement are su-
perior to naive hierarchical clustering.

Regarding our two variants, CovMerge (Re-
gional) excels on specific datasets where layout
priors are crucial (e.g., Shift on ColQwen2: 86.0 vs.
84.6; Shift on ColPali: 74.6 vs. 72.7). Meanwhile,
the Global variant remains the strongest on aver-
age for ColQwen?2 (retaining 98.6% of the dense
performance). On ColPali, both variants perform
comparably well, retaining 98.0% and 98.1% of the
upper bound, respectively. Notably, while Prune-
then-Merge manages to tie our performance on the
smaller ColPali model, it clearly falls behind on
the advanced ColQwen2 architecture, where Cov-
Merge proves its superior scalability.

5.4 Effect of Storage Ratio

To evaluate scalability, Figure 3 plots the mean
nDCG@5 across varying retention ratios p €

ColPali Architecture

ColQwen2 Architecture

5% 10% 20% 5% 10% 20%
Token Retention Ratio Token Retention Ratio

~ Random —¥— Light-ColPali —#- SAP == CovMerge (Global)
Token Pooling DocPruner ~ —#— Prune then Merge =fli= CovMerge (Regional)

Figure 3: Overall retrieval performance (Mean
nDCG@5) across varying token retention ratios (p)
on ColPali v1.3 and ColQwen2. Both COVMERGE
(GLOBAL) and COVMERGE (REGIONAL) consistently
outperform the competitive baselines, maintaining near-
lossless accuracy even under an extreme 5% storage
budget.

{5%,10%,20%}. CovMerge degrades gracefully
across all settings. Remarkably, even under an ex-
treme 5% storage budget, both variants maintain
above 80% mean nDCG@5 on ColPali and 84%
on ColQwen2, significantly outperforming existing
baselines. At a more relaxed 20% budget, Cov-
Merge approaches the uncompressed dense upper
bound (>87.3% on ColQwen?2).

5.5 Comparison with Fine-Tuned Methods

While train-free compression is highly desirable
for deployment, fine-tuning after merging can the-
oretically recover additional accuracy. However,
this comes at the cost of substantial training over-
head and architectural inflexibility (i.e., requiring
a separate checkpoint per compression ratio). To
evaluate this efficiency-performance trade-off, we
benchmark our train-free CovMerge against the
fully fine-tuned Light-ColPali.

Experimental Setup. Following the original
Light-ColPali study, we restrict this evaluation to
their exact 6-dataset subset (InfoVQA, DocVQA,
ArxivQA, TabFQuAD, TAT-DQA, and Shift). Al-
though baseline compression intervals slightly dif-
fer (4x/92/25x vs our bx/10x/20x), they serve as
functionally equivalent tiers for mild, moderate,
and aggressive budgets.

Results. As shown in Table 2, our train-free
CovMerge achieves retention rates remarkably
close to, and sometimes exceeding, the fine-tuned
baseline. On ColQwen2, CovMerge trails by a
marginal < 1.4%, bypassing the heavy retrain-
ing pipeline entirely. More impressively, on Col-
Pali under mild compression, both CovMerge vari-
ants (99.3% and 99.5%) outperform the fine-tuned
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Table 1: Performance comparison on the ViDoRe V1 benchmark. Models are evaluated using nDCG @5 (%). The
best performance among the compression methods is highlighted in bold, while the uncompressed dense baseline is
provided as an upper bound. The subscripts in the Average column indicate the performance retention relative to the

dense baseline at a 10x compression ratio.

ViDoRe Datasets
Method
Arxiv Doc Info TabF TAT Shift AI Energy Gov Health Avg
ColPali v1.3 (Base: PaliGemma-3B)
Dense (Upper Bound) 82.6 538 84.6 874 695 770 96.6 95.0 957 979  84.0100%
Random Pruning 774 412 774 825 47.1 58,6 86.6 83.3 83.7 894  T72.7g5%
Token Pooling 683 31.0 743 797 473 478 87.6 79.9 847 863  68.731.8%
Light-Colpali(Train-free) ~ 80.5 469 812 86.6 60.1 57.7 920 90.9 90.5 924  77.9¢579
DocPruner(Fixed Budget) 789 46.2 80.2 86.1 545 63.5 925 89.6 90.6 915  77.3930%
SAP 80.0 52.0 81.0 850 620 640 93.0 91.0 95.0 93.0  79.694.5%
Prune-then-Merge 81.9 515 84.0 872 667 740 97.1 94.1 925 944  82.3g30%
CovMerge(Global) 822 519 842 870 66.6 727 97.7 93.4 923 954  82.3g30%
CovMerge(Regional) 81.8 519 841 87.0 655 746 97.1 92.5 92.8 969  82.4951¢
ColQwen2 v1.0 (Base: Qwen2-VL-2B)

Dense (Upper Bound) 8§7.8 543 91.3 887 81.0 89.1 988 96.3 94.8 984 88.0100%
Random Pruning 84.0 457 821 842 633 728 934 88.6 909 95.6  80.191 0%
Token Pooling 78.4 40.1 81.1 828 63.8 638 927 90.0 914  90.6  77.5g3.1%
Light-Colpali(Train-free) ~ 85.7 49.7 845 87.7 693 69.5 958 93.8 89.8 92,6  81.8930%
DocPruner(Fixed Budget) 829 434 844 839 643 71.0 957 90.0 92.7 932  80.29119%
SAP 79.0 520 84.0 84.0 690 81.0 93.0 90.0 91.0 97.0  82.09329%
Prune-then-Merge 86.0 525 869 887 739 827 965 93.5 923  96.7  85.096.6%
CovMerge(Global) 868 529 885 894 771 84.6 98.1 95.9 959 984  86.8v56%
CovMerge(Regional) 86.2 52.1 885 883 773 86.0 983 96.3 942 975  86.5¢33%

Table 2: Performance retention analysis on the 6-dataset
subset of ViDoRe. The values represent the percent-
age (%) of the original uncompressed nDCG@5 re-
tained. Results are grouped by compression severity:
Mild (~4x-5x), Moderate (~9x—10x), and Aggressive
(~20x-25x).

Architecture Method Retention (%)

Mild Moderate Aggressive

Light-ColPali (Trained) 99.5 98.7 97.4
ColQwen2 CovMerge(Global) (Train-free) 98.8 97.4 95.4
CovMerge(Regional) (Train-free)  98.8 97.2 94.5
Light-ColPali (Trained) 98.8 98.1 95.1
ColPali CovMerge(Global) (Train-free) 99.3 97.7 954
CovMerge(Regional) (Train-free)  99.5 97.8 95.3

model (98.8%). Even under aggressive com-
pression, CovMerge-whole (95.4%) surpasses the
trained baseline (95.1%). This strongly validates
our budgeted semantic coverage formulation: ad-
vanced prototype discovery can effectively elimi-
nate the need for costly ratio-specific fine-tuning.

5.6 Sensitivity Analysis and Algorithmic
Robustness

Prune-then-Merge mechanisms rely heavily on a
Stage-1 hard thresholding gate (7 = u+ ko) to dis-

card tokens. However, empirical analysis reveals a
high sensitivity to this hyperparameter. As quanti-
fied in Table 3, shifting &k from the optimal —0.25
to 0.0 triggers a severe performance degradation,
dropping the average nDCG@5 by 6.2 points on
ColPali and 5.5 points on ColQwen2.

In contrast, CovMerge completely circumvents
this vulnerability. Operating as a purely train-
free post-processing step, CovMerge requires zero
thresholding parameter sweeps. Users simply spec-
ify the continuous target retention ratio. Under the
same 10% storage budget, both CovMerge vari-
ants consistently deliver stable, near-lossless SOTA
performance without hyperparameter tuning, high-
lighting their robustness for practical deployment.

5.7 Ablation Studies

We conduct rigorous ablation studies across three
design axes to validate the core components of
our framework: prototype initialization strategy,
budget allocation parameters, and the choice of the
foundational clustering algorithm. All ablations
are evaluated at a 10% target retention ratio.
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Table 3: Sensitivity analysis on the ViDoRe benchmark
at a 10% storage budget. Prune-then-Merge is highly
sensitive to its thresholding parameter k, whereas Cov-
Merge delivers stable performance by simply specifying
the target compression ratio.

Architecture Method & Setting Avg. nDCG@5 Status
Prune-then-Merge (k = —0.25) 85.0 Optimal tuned

ColQwen2 Prune-then-Merge (k = 0.0) 79.5 Drop (—5.5)
CovMerge (Global) 86.8 Robust (No tuning)
CovMerge (Regional) 86.5 Robust (No tuning)
Prune-then-Merge (k = —0.25) 82.3 Optimal tuned

ColPali Prune-then-Merge (k = 0.0) 76.1 Drop (—6.2)
CovMerge (Global) 823 Robust (No tuning)
CovMerge (Regional) 824 Robust (No tuning)

causes a maximum variance of only 0.3 nDCG@5
points from our default setting of (o, §) = (1, 1).
This demonstrates that the specific exponent val-
ues are less critical than the underlying heuristic:
regions with larger patch counts or higher internal
variance inherently require more prototypes.

Table 6: Comparison of clustering families (HAC vs.
K-Means) across architectures. To ensure a rigorous
baseline, HAC is also implemented with L2-normalized
representations.

Table 4: Ablation study of initialization and distance
metrics for the global K-Means refinement (Mean
nDCG@S5, %).

Initialization Metric ColPali ColQwen2
Random Euclidean 81.6 86.0
Random Spherical 81.8 86.0
K-means++ Spherical 82.1 86.3
FPS (Ours) Spherical 824 86.8

Initialization and Distance Metrics. Table 4
isolates the effects of initialization and geometric
space for the global K-Means refinement. Transi-
tioning from Euclidean to Spherical space yields
minor improvements, aligning the clustering ge-
ometry with the downstream MaxSim dot-product
scoring. However, the most significant gain stems
from the initialization strategy. Farthest Point Sam-
pling (FPS) consistently outperforms Random and
K-means++ initialization, confirming that ensuring
broad semantic coverage from the outset is cru-
cial for preserving minority elements under tight
storage budgets.

Table 5: Sensitivity to budget allocation exponents
(a, B) in Eq. (2). Results indicate mean nDCG@5 at
10% storage.

« (Size) B (Diversity) ColPali ColQwen2
0.65 0.85 82.2 86.5
1.00 1.00 82.4 86.5
0.85 0.65 82.1 86.8

Budget Allocation Parameters. For the Re-

gional variant, Table 5 evaluates the sensitivity to
the exponents («, 3) governing the allocation of
FPS seeds based on region size and semantic di-
versity (Eq. 2). Modifying these hyperparameters

Architecture Method Regional Global
. HAC (L2-Norm) 80.5 81.3
ColPali CovMerge (Ours)  82.4 82.3
HAC (L2-Norm) 83.8 85.4
ColQwen2 -\ Merge (Ours) 6.5 86.8

Foundational Clustering Algorithm. Standard
token merging methods often employ Hierarchi-
cal Agglomerative Clustering (HAC). In Table 6,
we contrast HAC with our CovMerge paradigm
(FPS + global Spherical K-Means). To establish
a highly competitive baseline, we enhance HAC
by enforcing L2-normalization on its inputs and
merged centroids, ensuring it also operates on the
unit hypersphere. Despite this enhancement, Cov-
Merge dominates the HAC baseline by a substan-
tial margin of 1.0 to 2.7 absolute nDCG@5 points
across both architectures. This confirms that itera-
tive global refinement from coverage-aware seeds
is fundamentally superior to greedy agglomerative
merging, which often suffers from irreversible sub-
optimal early merges (semantic collapse).

5.8 Efficiency and Deployment Analysis

We evaluate CovMerge in terms of two-stage re-
trieval compatibility, online latency, offline com-
pression cost, and scalar quantization (SQ).

Two-Stage Retrieval. CovMerge compresses the
offline index and is complementary to query-time
shortlisting. We combine CovMerge (Global,
p=10%) with mean-pooled Top-N candidate re-
trieval followed by MaxSim reranking on the com-
pressed index. Table 7 shows up to 35x lower
latency at Top-20. Increasing IV recovers accuracy;
Top-200 reaches 96.2% and 97.1% candidate re-
call for ColPali and ColQwen2 while remaining
substantially faster than one-stage retrieval.

Online Retrieval Latency. We benchmark
MaxSim latency across all 10 ViDoRe subsets at
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Table 7. Two-stage retrieval with CovMerge (Global, p=10%) on ViDoRe. Stage 1 performs mean-pooled
shortlisting; Stage 2 applies MaxSim reranking on the compressed index.

Method ColPali ColQwen2
nDCG@51 Latency (ms) | Cand.RecallT nDCG@51 Latency (ms)| Cand. Recall 1
CovMerge (Global, 10%, 1-stage) 82.3 17.6 100.0% 86.8 14.3 100.0%
+ 2-stage (Top-20) 72.8 0.5 78.9% 74.9 0.4 78.6%
+ 2-stage (Top-50) 77.1 1.2 87.4% 81.9 1.0 88.6%
+ 2-stage (Top-100) 79.3 2.4 92.3% 85.1 1.9 93.8%
+ 2-stage (Top-200) 80.7 4.5 96.2% 86.5 3.7 97.1%

Table 8: MaxSim latency across storage ratios on
ViDoRe. Speedups are relative to the dense index
(p=100%). Query encoding is excluded as it is identi-
cal across methods (ColPali: 42.6—45.1 ms; ColQwen2:
54.1-60.9 ms).

ColPali ColQwen2
Storage
Latency (ms) | Speedup Latency (ms)] Speedup
5% 9.3 5.3x% 7.8 5.6%
10% 15.2 3.1x 14.0 3.1x
20% 235 2.0x 22.6 1.9%
100% 48.8 1.0x 41.1 1.0x

Table 9: Offline compression time per page at p=10%.
VLM encoding is excluded as it is identical for all meth-
ods.

Method ColPali (ms/page) ColQwen?2 (ms/page)
Random Pruning 0.1 0.1
Token Pooling 33 32
Light-ColPali 20.4 11.0
CovMerge (Global) 34.2 19.6
CovMerge (Regional) 45.4 27.2
DocPruner 119.7 200.1
Prune-then-Merge 140.8 204.1

p € {5%,10%, 20%, 100%}, reporting the median
over five runs. As shown in Table 8, latency de-
creases approximately linearly with token count.
At p=10%, CovMerge achieves a 3.1x speedup
on both backbones, reducing end-to-end latency
from 92.4 to 58.9 ms for ColPali and from 97.9 to
70.8 ms for ColQwen?2.

Offline Compression Cost. Table 9 reports
compression time on pre-computed embeddings
at p=10%. CovMerge (Global) requires only
34.2 ms/page for ColPali and 19.6 ms/page for
ColQwen2; Regional requires 45.4 ms and 27.2 ms,
respectively. Both variants are substantially faster
than attention-based methods such as DocPruner
and Prune-then-Merge.

Combination with Scalar Quantization. Token
compression and SQ target complementary storage
dimensions. Since int8 uses half the bytes of bf16,

Table 10: Storage-matched comparison. Methods with
“20% + int8 SQ” have the same effective storage as
CovMerge at “10%, bf16”.

Method ColPali n(DCG@5 1 ColQwen2 nDCG@5 1

Token Pooling (20%) + int8 SQ 77.4 82.2
Random Pruning (20%) + int8 SQ 79.7 84.0
DocPruner (20%) + int8 SQ 79.2 80.0
Prune-then-Merge (20%) + int8 SQ 82.3 85.7
CovMerge (Global, 20%) + int8 SQ 824 87.1
CovMerge (Regional, 20%) + int8 SQ 82.1 87.5
CovMerge (Global, 10%, bf16) 823 86.8
CovMerge (Regional, 10%, bf16) 82.4 86.5

retaining 20% tokens with int8 SQ equals 10%
tokens with bf16 in effective storage. As shown
in Table 10, CovMerge remains the best method
under this matched budget, demonstrating benefits
beyond quantization alone.

6 Conclusion

We presented CovMerge, a train-free framework
for compressing ColPali-family document indices
via budgeted semantic coverage on the hypersphere.
FPS initialization combined with global spheri-
cal K-Means yields a formidable Global Coverage
baseline. Regional Coverage further injects layout
structure through budgeted, region-wise seed al-
location prior to the same global refinement step.
Evaluated on the ViDoRe benchmark at a 10% stor-
age budget, CovMerge retains up to 98.1% and
98.6% of the dense nDCG @5 performance for Col-
Pali and ColQwen?2, respectively. Notably, it es-
tablishes a new state-of-the-art for train-free com-
pression and rivals heavier pruning-then-merging
pipelines, all without requiring ratio-specific fine-
tuning. Future work includes exploring learned
layout priors, joint quantization of prototypes, and
extensions to multi-page document reasoning.
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Limitations

While CovMerge establishes a robust train-free
framework for multimodal index compression, we
acknowledge several limitations that provide av-
enues for future research:

Dependency on External Parsers (Regional
Variant). Our Global Coverage strategy operates
independently of any external tools. However, the
Regional Coverage variant relies on an off-the-shelf
layout detector (DocLayout-YOLO) to inject struc-
tural priors. Although lightweight (~30 ms per
page on CPU), this introduces an additional pre-
processing step that breaks the end-to-end nature
of the VLM encoding pipeline. Furthermore, the
effectiveness of the layout-guided seed initializa-
tion is inherently upper-bounded by the accuracy
of the underlying detector; missed bounding boxes
or misclassified regions in highly unconventional
documents could lead to sub-optimal budget allo-
cation, though our global refinement step partially
mitigates this.

Inability to Adapt the Embedding Space. Cov-
Merge is designed as a strictly train-free, post-
processing method operating on frozen patch em-
beddings. While this plug-and-play nature ensures
zero training overhead and immediate deployment
across varying compression budgets, it inherently
lacks the capacity to alter or project the original
embedding space. In extremely aggressive com-
pression scenarios (e.g., < 5% retention), methods
that fine-tune projection layers (e.g., trained Light-
ColPali) might theoretically disentangle overlap-
ping semantics better than purely spatial prototype
refinement.

Heuristic Nature of Budget Allocation. In

the Regional Coverage variant, the allocation of
FPS seeds is governed by hyperparameters (o and
5) that weigh region size and semantic diversity.
Although our empirical sensitivity analysis (Sec-
tion 5.7) demonstrates that CovMerge is highly
robust to variations in these exponents across stan-
dard benchmarks, they remain dataset-agnostic
heuristics. Highly specialized domains with ex-
treme layout distributions (e.g., dense mathemati-
cal manuscripts versus sparse infographics) might
benefit from dynamically learned allocation priors
rather than static exponential scaling.

Ethics Statement

This work uses the publicly released ViDoRe
benchmark (Faysse et al., 2025) and pretrained Col-
Pali (Faysse et al., 2025) / ColQwen2 (Xu et al.,
2025) weights. We do not introduce new datasets,
human annotation, or human evaluation. Cov-
Merge operates exclusively on frozen patch em-
beddings via post-processing and does not modify
the encoder, so it does not introduce additional fair-
ness, privacy, or harmful-content risk beyond that
already inherent in the underlying vision—language
models. By design, compression selects which
patch statistics are retained; in principle, an adver-
sary could attempt to exploit this selection to bias
retrieval, though we are not aware of a concrete
attack vector. We will release code, configuration,
and analysis scripts upon acceptance to support
reproducibility.
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Appendix A: ViDoRe-vl Benchmark
Details

Datasets. We evaluate our methods on all 10
datasets from the ViDoRe-v1 benchmark (Faysse
et al., 2025), covering a broad spectrum of visually
rich document retrieval scenarios. As summarized
in Table 11, the benchmark includes two comple-
mentary categories.

Academic Tasks contain naturally occurring doc-
uments with highly diverse layouts, including
scanned academic papers (ArxivQA), infographic-
style visual reasoning documents (InfoVQA), fi-
nancial tables and reports (TabFQuAD), scientific
charts and figures (TAT-QA), and web-style tabular
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documents (ShiftProject). These datasets empha-
size fine-grained alignment between textual queries
and localized visual regions such as tables, cap-
tions, formulas, and dense figure structures.

Practical Tasks consist of industry-oriented syn-
thetic documents spanning domains such as en-
ergy, government, healthcare, and artificial intelli-
gence. Compared to academic datasets, these docu-
ments typically exhibit cleaner layouts but stronger
domain-specific terminology and template regular-
ity, providing a complementary evaluation setting
for retrieval robustness under structured enterprise-
style documents.

Overall, ViDoRe-v1 presents substantial varia-
tion in document layout complexity, semantic den-
sity, OCR characteristics, and region granularity,
making it a challenging benchmark for studying
storage-efficient multi-vector retrieval.

Appendix B: Detailed Pseudocode for
CovMerge

We present the formal algorithmic pipeline for both
CovMerge(Global) and CovMerge(Regional) in
Algorithm 1. The framework accommodates arbi-
trary target storage budgets completely train-free,
operating purely as an indexing post-processing
step.

Appendix C: Intermediate Visualization of
CovMerge(region)

To further illustrate how layout structural priors
steer prototype discovery, we provide step-by-step
feature map visualizations. To provide an intu-
itive understanding of the CovMerge (Regional)
pipeline, we visualize both the prerequisite layout
detection phase and the subsequent adaptive proto-
type budget allocation mechanism.

Step 1: Layout Detection via DocLayout-YOLO.
Our region-guided merging strategy relies on ro-
bust semantic parsing of the document page. Fig-
ure 4 demonstrates the effectiveness of the off-the-
shelf DocLayout-YOLO engine across diverse dis-
tributions within the ViDoRe benchmark. Whether
parsing complex multi-column reports with inter-
leaved charts from the ShiftProject dataset (left)
or dense archival forms from DocVQA (right), the
layout engine accurately segments the page into
semantically coherent bounding boxes (e.g., text
blocks, figures, tables, and titles). This precise
spatial segmentation forms the foundation for our
diversity-aware merging.

Step 2: Adaptive Prototype Budget Allocation.
Building upon the detected regions, we visual-
ize the exact distribution of prototypes under the
CovMerge(region) strategy. As formalized in
Equation 2, the budget assigned to each detected re-
gion is not naively proportional to its physical area.
Instead, it is determined by a carefully calibrated
balance between the region’s patch count (n,) and
its intra-region embedding diversity (J,).

Figure 5 illustrates this budget allocation on two
representative document pages using the ColPali
architecture at a 10% storage ratio (yielding exactly
102 tokens per page).

* Page (A) - Table-Dense Document: The
diversity-aware nature of our scoring function
(sy) is clearly demonstrated here. Although
Table #0 might not occupy the largest physical
area, it exhibits extremely high structural vari-
ance and semantic density (9,.). Consequently,
the algorithm automatically prioritizes it, allo-
cating the maximum budget of 16 prototypes
to preserve its intricate tabular details.

* Page (B) - Figure & Title Document: The al-
location naturally concentrates the budget on
core semantic elements such as Figures (11—
12 prototypes) and essential Text Segments
(11-14 prototypes). In contrast, redundant or
uninformative layout noise, classified as Back-
ground / Header, is heavily penalized by the
diversity term and receives minimal budget
(e.g., 5-7 prototypes).

These intermediate visualizations empirically
validate that CovMerge (region) acts as an intelli-
gent, semantics-driven filter. By seamlessly inte-
grating layout priors with embedding variance, it
strategically concentrates the constrained budget
on information-dense areas, ensuring high retrieval
performance even under aggressive compression.

Appendix D: Full Quantitative Results

For completeness, we report the absolute nDCG@5
scores across all 10 individual datasets for all com-
pression scales (5% and 20%).

A Robustness across Document
Categories

Analyzing retrieval performance across differ-
ent query types—such as table, figure, numeri-
cal, layout-sensitive, or fine-grained text queries—
would provide deeper insights into the behavior of
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Figure 4: Qualitative examples of region detection using DocLayout-YOLO. The model successfully identifies and
bounds distinct semantic regions across complex document layouts, including reports from ShiftProject and dense
pages from DocVQA.
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Dataset Language # Queries # Documents Description
Academic Tasks
DocVQA English 500 500 Scanned documents from UCSF Industry
InfoVQA English 500 500 Infographics scrapped from the web
TAT-DQA English 1663 277 High-quality financial reports
arXiVQA English 500 500 Scientific Figures from arXiv
TabFQuAD  French 280 70 Tables scrapped from the web
Practical Tasks
Energy English 100 977 Documents about energy
Government English 100 972 Administrative documents
Healthcare = English 100 965 Medical documents
Al English 100 968 Scientific documents related to Al
Shift Proj. French 100 1000 Environmental reports

Table 11: Overview of the 10 datasets from the ViDoRe benchmark used in our evaluation.
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Figure 5: Intermediate visualization of the adaptive prototype budget allocation for CovMerge (region) under a
10% storage ratio (102 tokens per page) using the ColPali architecture. The allocation successfully prioritizes
semantically rich and highly diverse regions (e.g., Tables, Figures) while suppressing uninformative backgrounds.

index compression methods. However, the ViDoRe
benchmark does not provide explicit query-type an-
notations, making a standardized query-level break-
down difficult without manual labeling of the full
evaluation set.

As a practical alternative, we group the ten Vi-
DoRe datasets by their dominant document charac-
teristics and report the average nDCG @35 retention
of CovMerge (Global) at p=10% relative to the
uncompressed dense index (Table 12). While this
is not equivalent to query-type analysis, it offers a
proxy view of where geometry-aware merging is
most and least robust across substantially different
retrieval scenarios.

Table 12: Per-category retention at p=10%. Retention
is computed as the average nDCG@5 of CovMerge
(Global) relative to the dense index within each group.

Category Datasets ColPali ColQwen2
Scientific papers ArXivQA 99.5% 98.9%
Tables & forms TabFQuAD, TAT-DQA, DocVQA  97.3% 97.8%
Reports Al Energy, Gov, Health 98.3% 100.0%
Infographics InfoVQA 99.5% 96.9%
Long industrial reports ~ ShiftProject 94.4% 95.0%
Scientific papers (ArXivQA). CovMerge

achieves 99.5% and 98.9% retention for ColPali
and ColQwen2, with virtually no degradation.
Scientific pages typically contain a combination of
dense text blocks, equations, and figures, whose
patch embeddings are semantically diverse at
the page level. FPS initialization is particularly
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effective in this setting: the farthest-point criterion
naturally selects prototypes from different semantic
regions (text, formula, figure), preserving the
broad coverage that retrieval requires.

Tables and forms (TabFQuAD, TAT-DQA,
DocVQA). Retention is 97.3% and 97.8%, re-
flecting moderate but still limited degradation. Tab-
ular content contains many near-duplicate patches
(repeated cell boundaries, uniform backgrounds)
alongside a small number of numerically critical
cells. Geometry-aware merging handles the redun-
dant patches well by collapsing them into shared
prototypes, but may occasionally assign a critical
numerical cell to a cluster dominated by surround-
ing context, resulting in a small accuracy loss. This
is consistent with the observation that TAT-DQA,
which requires precise numerical extraction, shows
the most within-group variance.

Reports (AL, Energy, Gov, Health). The four
SyntheticDocQA report subsets achieve 98.3%
and 100.0% retention. These documents are text-
dense with relatively homogeneous visual structure,
which means the dominant content patches clus-
ter tightly together. CovMerge efficiently merges
these redundant text patches and concentrates the
budget on visually distinctive elements, yielding
near-lossless retrieval.

Infographics (InfoVQA). Retention is 99.5%
on ColPali and 96.9% on ColQwen2. Infograph-
ics contain heterogeneous visual elements—charts,
icons, callout boxes, and decorative backgrounds—
whose patch embeddings are spread widely across
the hypersphere. FPS initialization with spheri-
cal K-Means is well-suited for this distribution:
the farthest-point criterion tends to select one pro-
totype per distinct visual region, preserving di-
versity without needing layout supervision. The
slightly lower retention on ColQwen2 may reflect
its higher-resolution dynamic grid, which produces
more patches per page and therefore increases the
difficulty of maintaining all fine-grained visual dis-
tinctions at 10% storage.

Long industrial reports (ShiftProject). The
largest degradation occurs here: 94.4% and 95.0%
retention. ShiftProject pages are long-form indus-
trial reports with heterogeneous layouts spanning
dense text, embedded figures, and large whitespace
regions. We hypothesize that relevant evidence
for a given query may reside in patches that are
globally infrequent—that is, a small number of

patches carry query-specific signals that are eas-
ily outweighed by the dominant text cluster dur-
ing merging. This is an inherent limitation of
query-agnostic offline compression: the method
maximises overall semantic coverage but cannot
anticipate which patches will matter for specific
future queries.

Summary. Across four of five categories Cov-
Merge retains more than 97% of dense perfor-
mance, indicating that geometry-aware merging
generalises well to diverse document types. The
modest drop on long industrial reports points to
a fundamental trade-off in query-agnostic com-
pression: settings where relevant evidence is con-
centrated in a small fraction of globally atypical
patches are inherently harder to compress loss-
lessly without query information. Exploring query-
conditioned or importance-aware budget allocation
remains a promising direction for future work.
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Table 13: Performance comparison on the ViDoRe benchmark under an aggressive 5% storage budget (20x
compression ratio). Models are evaluated using nDCG@5 (%). The best performance among the compression
methods is highlighted in bold, while the uncompressed dense baseline is provided as an upper bound. The
subscripts in the Average column indicate the performance retention relative to the dense baseline.

ViDoRe Datasets
Method
Arxiv Doc Info TabF TAT Shift AI Energy Gov Health Avg
ColPali v1.3 (Base: PaliGemma-3B)
Dense (Upper Bound) 826 538 846 874 695 770 966 950 957 979  84.0100%
Random Pruning 774 412 774 825 47.1 586 86.6 83.3 83.7 894  T2.7g5%
Token Pooling 683 31.0 743 797 473 478 876 79.9 847 863  68.731.8%

Light-Colpali(Train-free) ~ 78.8 42.0 754 855 479 36.6 832 80.9 81.2 755  68.7318%
DocPruner(Fixed Budget) 76.6 41.0 779 80.1 478 556 873 82.7 84.6 893  T23g51%

SAP 710 46.0 750 820 510 570 900 8.0 8.0 90.0 74.0851%
Prune-then-Merge 81.2 49.1 833 868 623 713 964 928 91.8 944  80.99639
CovMerge(Global) 81.0 515 836 863 623 694 958 925 90.0 93.1  80.6940%
CovMerge(Regional) 81.3 506 838 861 63.0 688 949 915 919 934  80.5955%
ColQwen2 v1.0 (Base: Qwen2-VL-2B)
Dense (Upper Bound) 87.8 543 91.3 887 810 891 988 963 948 984  88.0100%
Random Pruning 80.5 375 757 803 528 593 89.0 834 837 902 7335339
Token Pooling 73.1 344 76.6 777 560 56.6 869 858 850 859 7T1.8g16%

Light-Colpali(Train-free) ~ 81.5 455 755 842 594 551 923 855 88.0 88.0 75545387
DocPruner(Fixed Budget) 793 378 77.7 764 53.0 63.1 873 82.1 83.0 874  T27g6%

SAP 740 47.0 780 80.0 560 69.0 87.0 86.0 87.0 91.0  75.0g5.2%
Prune-then-Merge 839 512 871 879 70.6 79.7 951 925 920 957  83.695.0%
CovMerge(Global) 858 523 870 885 746 809 975 94.0 925 974  85.19¢67%
CovMerge(Regional) 86.0 514 868 88.0 742 785 97.6 930 95.0 974  84.8¢95.4%
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Table 14: Performance comparison on the ViDoRe benchmark under a mild 20% storage budget (5x compression
ratio). Models are evaluated using nDCG@5 (%). The best performance among the compression methods is
highlighted in bold, while the uncompressed dense baseline is provided as an upper bound. The subscripts in the
Average column indicate the performance retention relative to the dense baseline.

ViDoRe Datasets
Method
Arxiv Doc Info TabF TAT Shift AI Energy Gov Health Avg
ColPali v1.3 (Base: PaliGemma-3B)
Dense (Upper Bound) 826 538 846 874 695 770 966 950 957 979  84.0100%
Random Pruning 81.2 49.7 815 853 61.7 739 943 92.8 932 945  80.8¢95.9%
Token Pooling 758 435 798 855 58.6 663 928 91.7 93.1 934  78.092.9%

Light-Colpali(Train-free) ~ 81.4 505 83.5 885 655 73.0 963 932 939 96.1 822979y
DocPruner(Fixed Budget) 80.4 485 832 866 61.8 71.0 939 91.6 912 942 80.2955%

SAP 820 57.0 830 860 670 740 950 930 950 950 83.0955%
Prune-then-Merge 82.0 528 84.6 87.6 689 771 974 935 941 962  83.4¢93%
CovMerge(Global) 82.0 520 845 877 683 771 974 938 930 963  83.299%
CovMerge(Regional) 82.0 527 846 876 683 771 971 942 943 974  83.59949
ColQwen2 v1.0 (Base: Qwen2-VL-2B)
Dense (Upper Bound) 87.8 543 91.3 887 810 891 988 963 948 984  88.0100%
Random Pruning 85.6 504 863 87.0 722 788 974 919 92.6 967  83.99539%
Token Pooling 819 472 847 856 693 746 96.1 920 930 940 81.8929%

Light-Colpali(Train-free) ~ 86.1 525 883 879 753 82.0 972 94.8 93.6 979  85.697.3%
DocPruner(Fixed Budget) 853 51.2 852 878 725 832 969 94.5 94.7 965  84.8¢95.4%

SAP 820 56.0 8380 880 760 830 960 920 940 97.0 85.0956%
Prune-then-Merge 85.7 533 877 885 754 848 973 940 934 975  85.8975%
CovMerge(Global) 86.8 543 899 887 787 878 993 950 947 98.6 87.49939
CovMerge(Regional) 869 542 90.6 884 787 874 99.3 95.2 947  98.1 87.499.39,
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Algorithm 1 CovMerge: Hyperspherical Semantic
Coverage and Token Merging

Require: Document page patch embeddings X =
{x,}i\ﬁ’l C RP; Target prototype budget M;
Scaling parameters «, 3 (for regional mode);
Layout engine (e.g., DocLayout-YOLO) yield-
ing regions R = {Ri,Ra,...,Rx} with
R, C X.

Ensure: Compressed page prototypes P =
{p;}}L, C R

1: Initialize seed prototype set S < ()
2: if Mode is CovMerge (Global) then

3: S « FarthestPointSampling(X, budget =
M) > Maximize page-wide diversity
4: else > Mode is CovMerge (Regional)
5: for each region Ry € R do
6: Calculate patch count ng = | Ry
7: Calculate intra-region diversity divy =
1-— 771,% in,xjeRk cos_sim(z;, ;)
8: Compute allocation score score, =
n® x divy
9: end for
10 Normalize scores to allocate integer bud-

gets {My, Ms, ..., Mg} suchthat ), M =
M

11: for each region Ry, € R do

12: Sk —
FarthestPointSampling( R, budget = My) >
Layout-guided seeds

13: S« SuUS;

14: end for

15: end if

> __ Global Spherical Refinement

16: PO+ 8 > Initialize centroids with
coverage-aware seeds

17: t <0

18: repeat

19: Partition step: Assign each patch z; € X
to the nearest centroid on hypersphere:

& _ . S
¢’ = {wm € X | j =

arg max; cos_sim(z;, pl(t))}
20: Update step: Project the mean vector of

each cluster back to the unit sphere:
(t+1)
J

i . D Ti
Normalize (lee e xl>

(7

~ Tl
21: t—t+1
22: until centroids P converge or ¢t > tax
23: return Final prototypes P = P(®)
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