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Abstract—Late-interaction visual document retrievers preserve
fine-grained page evidence by storing many token embeddings
per page, but the resulting storage and query-time interaction
cost makes large-scale deployment expensive. A natural remedy
is to pool document tokens before indexing, yet static pooling
must decide which visual evidence to preserve before the query
is known. This paper studies an alternative: use a heavily
compressed index only for candidate generation, then perform
query-aware token budgeting on the original token set for
shortlisted pages. We formulate stage-two token selection as a
budgeted MaxSim coverage problem, show that a clipped version
is monotone submodular, and compare coverage-only, cluster-
guided, token-wise, and marginal-gain selection policies. On ten
ViDoRe tasks with ColModernVBERT, direct static pooling drops
macro normalized discounted cumulative gain at rank five from
0.6309 without compression to 0.4738 at a thirty-two-fold pool
factor. Under the same candidate-generation regime and a pool-
factor-eight-equivalent reranking budget, token top-k recovers
93.93 percent of the full-token score, while greedy marginal-gain
selection recovers 98.39 percent. Held-out and leave-one-dataset-
out evaluations show positive greedy improvements over token
top-k on every dataset. Latency analysis identifies two useful
operating points: token top-k for interactive retrieval and greedy
selection as a quality upper envelope. The results show that late-
interaction visual retrieval should be compressed by query-aware
allocation, not only by query-agnostic pooling.

Index Terms—visual document retrieval, late interaction, token
selection, submodular optimization, efficient retrieval

I. INTRODUCTION

Document retrieval is increasingly applied to corpora whose
meaning is not captured by text alone: forms, scientific papers,
financial reports, charts, invoices, slide decks, government
documents, and multilingual technical pages. These documents
are visual objects. Their semantics are distributed across
words, tables, figures, typography, layout, and spatial grouping.
Text-only pipelines based on optical character recognition,
layout parsing, captioning, and chunking, including dedicated
document-Al models such as LayoutLM [1] and OCR-free
transformers such as Donut [2], can be useful, but they often
discard or distort evidence that is easy for a human reader to
see on the page.

Recent visual document retrievers address this limitation by
embedding document pages directly. ColPali combines visual
page embeddings with a ColBERT-style MaxSim operator and
outperforms conventional OCR-based pipelines on the ViDoRe
benchmark [3], [4]. Complementary approaches include single-
vector Document Screenshot Embedding [5] and the visual
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Fig. 1. Query-aware token budgeting selectively retains relevant document
tokens for efficient late-interaction retrieval.

retrieval-augmented generation pipeline VisRAG [6], both
of which encode page screenshots without parsing. Modern-
VBERT and ColModernVBERT further show that compact
retrieval-oriented vision-language encoders, built on contrastive
image-text pretraining with sigmoid losses similar to SigLIP
[7], can preserve much of this quality at lower model cost [8].
These models make visual retrieval simpler and more accurate,
but they also expose a new systems bottleneck: each page
is represented by hundreds of token vectors rather than one
vector.

The cost is structural. For query token embeddings @ =
{@i}i%, and document token embeddings D = {d;}}_;, a
late-interaction retriever scores

m

MaxSim(Q, D) = max q;rdj. )
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The maximum over document tokens is precisely what makes
the model effective on localized evidence such as table cells,
captions, and figure labels. It is also what makes storage and
scoring expensive. In our ColModernVBERT setting, a 768-
pixel page has roughly 350 document tokens. A million-page
index therefore requires hundreds of millions of token vectors
before any query-time computation is considered.

A common response is static token pooling: cluster or
aggregate the page tokens once at indexing time and store
only the representatives [9]. Related approaches include token
pruning that discards uninformative embeddings [10], [11]
and product-quantization-based engines that compress token
residuals after centroid clustering [12]-[14]. Static pooling is
attractive because it reduces the full index. However, it must



serve all future queries using a single compressed representation.
This is misaligned with MaxSim. The token that matters for
a query is not necessarily globally salient on the page; it is
the token that best covers a particular query term. If pooling
merges or removes that token, the query-time maximum can
change even when the compressed page representation remains
geometrically plausible.

This paper studies a different allocation of computation. We
decouple corpus-scale candidate generation from query-specific
evidence preservation. Stage one uses a strongly compressed
index to retrieve a small candidate set, in the spirit of two-stage
neural ranking pipelines that pair an efficient first retriever with
a more expensive verifier [15]. Stage two revisits the original
token set only for those candidate pages and selects a fixed
budget of tokens for final MaxSim scoring (Fig. 2). The problem
becomes: given a query, a candidate page, and a token budget,
which document tokens should be retained?

This view turns compression into a data mining problem
over multi-vector representations: mining a compact subset
of document tokens that collectively covers the query under
a strict budget. It also creates a natural link to submodular
coverage. Adding a token that covers an already-covered query
aspect has smaller marginal value than adding one that covers
a missing aspect. This diminishing-returns structure suggests
that budgeted token selection should reward complementarity,
not only independent relevance, mirroring the use of submod-
ular coverage and maximal marginal relevance in classical
information retrieval and summarization [16]-[18].

We make the following contributions.

o« We formulate query-aware token budgeting for late-
interaction visual document retrieval as a stage-two
MaxSim coverage problem under a per-page cardinality
budget.

o We analyze the clipped token-selection objective as a
monotone submodular function and use this structure to
define a greedy marginal-gain selector.

o« We compare random, uniform, cluster-guided Budget-
Constrained Reranking (BCR), token top-k, and greedy
selection under matched budgets on ten ViDoRe tasks
using ColModernVBERT.

o We report quality, recovery, held-out generalization, leave-
one-dataset-out transfer, and latency measurements, show-
ing a clear frontier between token top-k and greedy
selection.

The main empirical result is that static compression alone is
not enough. Direct pooling from roughly 350 tokens per page
to approximately 11 tokens per page drops macro nDCG@5
from 0.6309 to 0.4738. Under the same compressed first-stage
regime, a pool-factor-eight-equivalent second-stage budget
recovers most of the lost quality: token top-k reaches 0.5926
and greedy marginal-gain selection reaches 0.6208, or 98.39
percent of the uncompressed baseline.

II. RELATED WORK
A. Text and dense retrieval

Classical information retrieval relies on sparse lexical signals
such as TF-IDF and BM25 [19], [20]. Neural bi-encoders such
as Sentence-BERT and Dense Passage Retrieval encode queries
and passages into single dense vectors, enabling efficient
approximate nearest-neighbor search with libraries such as
FAISS [21]-[23]. Learned sparse retrievers such as SPLADE
recover lexical controllability while remaining trainable end-
to-end [24]. To recover finer-grained relevance signals at a
manageable cost, BERT-style cross-encoders are commonly
used to rerank a small candidate set produced by a faster first
stage [15]. These models are scalable but can blur fine-grained
evidence inside a document. Retrieval-augmented generation
further raises the stakes: generation quality depends on whether
the retriever surfaces the right evidence in the first place [25].

B. Late interaction

Late-interaction retrieval, exemplified by ColBERT, stores
a set of contextual token embeddings for each document
and scores a query by summing each query token’s best
document-token match [4]. ColBERTV2 introduced residual
compression and a denoised supervision strategy [12], while
PLAID further accelerated retrieval with centroid interaction
and centroid pruning [13]. EMVB augments PLAID with
optimized bit-vector prefiltering and SIMD-accelerated centroid
interaction [14]. XTR rethinks the role of token retrieval by
training the encoder to surface important document tokens
early, sidestepping the cost of materializing all token vectors at
scoring time [26]. ColBERTer reduces the stored vector count
by aggregating subword tokens into whole-word representations
and removing those that are not essential to scoring [27]. Our
work is complementary: rather than reducing dimensionality,
learning sparser token retrieval, or optimizing inverted-list
probing, we study how to allocate a fixed number of original
document tokens during stage-two reranking.

C. Visual document retrieval

Vision-language models such as CLIP and SigLIP established
shared image-text embedding spaces [7], [28], but document
retrieval requires finer visual grounding than natural-image
retrieval. Earlier document-Al work approached this via OCR-
then-language-model pipelines: LayoutLM jointly pretrains text
and layout for document image understanding [1], and Donut
removes OCR entirely with an end-to-end encoder-decoder [2].
ColPali introduced direct visual page retrieval with late interac-
tion and the ViDoRe benchmark, showing that page images can
be retrieved without lossy OCR-first pipelines [3]. Document
Screenshot Embedding pursues a similar paradigm with a single-
vector encoder [5], while VisSRAG extends visual retrieval into
retrieval-augmented generation by directly embedding pages as
images [6]. ModernVBERT and ColModernVBERT reduce the
model-size burden while preserving late-interaction document
retrieval performance [8]. These models shift the deployment
bottleneck from encoder size to token storage and MaxSim
scoring, motivating our focus on token budgets.
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Stage 1: compressed candidate generation

Fig. 2. Two-stage retrieval pipeline. Stage 1 (blue) searches a PF32-pooled index across the full corpus to retrieve K candidate pages, storing ~11 tokens
per page and reducing hot-path storage and interaction cost by 32x. Stage 2 (orange) reopens the original ~350-token representations for those K pages
and applies query-aware token budgeting to select a budget of B tokens per page before final MaxSim reranking. The key asymmetry is that Stage 1 is

query-agnostic and corpus-wide, while Stage 2 is query-specific and restricted to the shortlist.

D. Token reduction and coverage selection

Token reduction methods include hard pruning, clustering,
pooling, and merging. In efficient transformer inference, EViT
prunes uninformative vision tokens [29], DynamicViT learns a
token sparsification policy end-to-end [30], and ToMe merges
similar tokens to retain object-level structure without retraining
[31]. In multi-vector retrieval, token pruning preserves the
highest-value embeddings per document [10], [11], while
clustering-based pooling merges similar tokens within a docu-
ment and is the source of the pool-factor (PF) terminology we
adopt: PF= p reduces vector count by a factor of p with
minimal quality loss for small p [9]. PLAID and EMVB
approach the same problem from a quantization angle, storing
centroid identifiers plus low-bit residuals rather than full token
vectors [13], [14]. The common limitation of these query-
agnostic methods is that compression cannot know which token
a later query will need. Our work instead uses pooling for
coarse candidate generation and shifts fine-grained allocation
to query time.

Submodular optimization provides a principled language
for coverage under budgets. For monotone submodular maxi-
mization with a cardinality constraint, greedy selection obtains
the classical (1 — 1/e) approximation guarantee [32], with
broader treatments and applications surveyed in [18]. Lin
and Bilmes used submodular coverage and diversity terms
to obtain principled extractive summaries [17]; the closely
related Maximal Marginal Relevance criterion of Carbonell and
Goldstein combines query relevance and information novelty
for diversity-aware reranking [16]. Recent dense retrieval work
such as DISCO casts multi-vector retrieval as collective query
coverage and uses submodular structure to guide efficient subset
selection at the corpus level [33]. We adapt the same coverage
idea within a single visual document page: the selected set
consists of document tokens, not corpus items.

III. QUERY-AWARE TOKEN BUDGETING
A. Problem setting

For each candidate page d, let D = {dy,...,d,} C R" be
the original document-token set and let @ = {¢1,...,Gm} C
R" be the query-token set. Static pooling [9] stores a query-
agnostic representation D,, with about n/p tokens, where p is
the pool factor. In our two-stage pipeline, stage one searches a
PF32 index to obtain a candidate set C'x (). Stage two reopens

each d € Ck(Q) and selects a subset S C D with |S| < B,
where B corresponds to a target pool-factor-equivalent budget
such as PF8, as illustrated in Fig. 2.

Storage architecture. This design maintains two storage tiers.
The PF32 pooled index (=11 tokens per page) resides on
fast storage and handles first-stage retrieval across the full
corpus; its 32x footprint reduction lowers both the stored
vector count and first-stage MaxSim interaction FLOPs by the
same factor. The full token set (=350 tokens per page) is
retained on slower or cold storage and is loaded only for the
K shortlisted candidates per query. The net result is a 32x
reduction in hot-path index size, at the cost of keeping original
tokens accessible for stage-two reranking. This contrasts with
static pooling, which eliminates the full-token store entirely
but cannot recover discarded evidence at query time. The ideal
stage-two subset maximizes the retained MaxSim score:

S*(Q,D;B) =

arg max Z max qZ 2)

SCD,|S|<B =] 4€S
This objective is query-aware because the selected subset
changes with Q. It is also coverage-oriented: a good subset
must support all informative query tokens, not merely contain
individually high-scoring page tokens.

B. Selection policies

We compare five policies that differ in query awareness
and redundancy awareness. Random reopening spends the
budget without using the query or page structure. It is a
diagnostic lower bound. Uniform reopening spreads the budget
broadly across the compressed representation or token groups.
It is query-agnostic but coverage-preserving, and therefore a
stronger baseline than random selection. Budget-Constrained
Reranking (BCR) combines a uniform coverage backbone with
query-guided cluster reopening. Let p € [0, 1] be the coverage
ratio. Approximately pB tokens are allocated uniformly, and
the remaining budget is assigned to clusters whose members
show higher query affinity. BCR tests whether coarse cluster-
level query guidance is sufficient. Token top-k scores each
original document token independently by its best query-token
similarity,

o(d] Q) = ©)

then keeps the B highest-scoring tokens. This is fast and
strongly query-aware, but it does not penalize redundancy:

max ¢, d
1< < ql b



Algorithm 1 Greedy Marginal-Gain Token Selection

Require: Query tokens @ = {¢;}/™; document tokens D =
{d;}}_1; budget B
Ensure: S C D with |S\ <B
1: ¢;(d) + max{0, ¢ d} for all i,d > clipped similarity
2: S+ 0; ¢;+ 0 forall ¢ > per-query-token coverage
3 fort=1,...,B do
4 for each d € D\ S do
5 A(d) + Y7 max{0, ¢;(d) — ¢;}
6: end for
7 d* + argmaxgep\g A(d)
8 S« SU{d*}; ¢ « max{c;, ¢;(d*)} for all ¢
9: end forreturn S

TABLE I
PER-PAGE TIME COMPLEXITY AT STAGE TWO. n: DOCUMENT TOKENS; m:
QUERY TOKENS; B: BUDGET; k: CLUSTERS (k & n/32 UNDER PF32

INDEXING).
Method Time Space
Random O(B) O(1)
Uniform O(n) o(1)
Token top-k O(nm) O(n)
BCR O(km +n) O(k)
Greedy (naive) O(Bnm) O(n+m)
Lazy greedy O((n+B)mlogn) exp. O(n)

TABLE I
SELECTION POLICIES COMPARED IN THE RERANKING STAGE.

Algorithm 2 Token Top-k Selection Policy Query-aware  Redundancy-aware Unit
Require: Query tokens @ = {¢;}/"; document tokens D =  Random No No token/cluster
{d-}’?_ ; budget B Uniform No Implicit token/cluster
7J5=1>
Ensure: S C D with |S| = BCR Yes Coarse cluster
L f h_ deDd Token top-k Yes No token
- for cac € 0 Greedy Yes Yes token

2: O'(d) < MaxXi<i<m q;rd
3: end forreturn top-B elements of D ranked by o(+)

several selected tokens may cover the same query aspect,

much as classical relevance-only rerankers select redundant
documents before MMR-style diversification [16].

Greedy marginal-gain selection directly optimizes coverage.

Starting with Sy = (), at step t it chooses

di,, = argmax [Fo(S; U {d}) —
deD\S;

FQ(St)] ’ “)

where F(S) is the MaxSim-style coverage utility defined
below. This method is redundancy-aware because a token
receives credit only for the query-token coverage it adds beyond
the current set.

Algorithms 1 and 2 give complete pseudocode for the two
primary policies. Table I summarizes per-page computational
costs; the observed stage-two latency ratio of ~ 34 x for Greedy
over Token top-k (Table V) is consistent with the O(B)
multiplicative factor at B ~ 45.

C. Submodular structure

The raw inner product in (1) may be negative. For the
selection objective, we use the standard nonnegative coverage
version obtained by including a dummy zero token, equivalently
#i(d) = max{0, ¢ d}. Define

i F =0. 5
Z max ¢;(d (0) )
The final reranking score is computed with the selected tokens
using the ordinary MaxSim operator.

Proposition 1. For a fixed query Q, the set function Fg(S)
in (5) is monotone submodular over document-token subsets.
Therefore, greedy selection under a cardinality budget B

achieves the classical (1 — 1/e) approximation guarantee for
maximizing Fg.

Proof. For a single query token g;, define f;(S) =
maXges qﬁz(d) with fz([b) =0.IfA g B, then ft(A) S fi(B),
so f; is monotone. For any token = ¢ B, the marginal gain is

fi(AU{z}) = fi(A) = max{0, ¢s(x) — fi(A)}.  (6)

Since fi(A) < fi(B), we have ¢;(z) — fi(A) = ¢s(x) — fi(B),
and therefore max{0,¢;(z) — fi(A)} > max{0,¢;(z) —
fi(B)} ie., fi(Au{z}) — fi(A) = fi(BU {z}) — fi(B).
This is the submodularity (diminishing-returns) condition, so
fi is submodular. A nonnegative sum of monotone submodular
functions is monotone submodular, so Fig = > i fi is monotone
submodular. The greedy guarantee follows from Nemhauser
et al. [32]; see also the survey of submodular function
maximization in [18]. O

The proposition clarifies the difference between token top-k
and greedy selection. Token top-k estimates token salience
independently. Greedy estimates marginal coverage, which
is the relevant quantity under MaxSim when tokens can be
redundant.

Remark (selection vs. scoring objective). Algorithm 1 max-
imizes the clipped objective Fg defined in (5) to ensure
submodularity holds. Final reranking scores in Tables V-
IX are computed with the standard MaxSim operator (1),
which permits negative inner products. The two objectives
agree on which tokens are selected: a document token d with
q; d < 0 for all i contributes zero marginal gain to Fg and
is never chosen by the greedy procedure. Negative-scoring
tokens are therefore filtered implicitly during selection, and
the clipped objective is a sound surrogate for the unclipped
scoring criterion.



TABLE III
VIDORE TASKS USED IN THE EVALUATION [3]. DOCVQA [34],
INFOVQA [35], AND TAT-DQA [36] HAVE DEDICATED DATASET PAPERS.

Dataset Queries Docs  Characteristic
DocVQA 500 500  scanned industrial docs
InfoVQA 500 500 web infographics
TAT-DQA 1600 1600 financial tables
ArXivQA 500 500  scientific figures
TabFQuAD 210 210  French web tables
Energy 100 1000 energy reports
Government 100 1000 administrative pages
Healthcare 100 1000 medical pages

Al 100 1000  AI scientific pages
Shift Project 100 1000  French environmental reports

IV. EXPERIMENTAL SETUP

A. Benchmark and model

We evaluate on ten ViDoRe tasks [3]: DocVQA [34],
InfoVQA [35], TAT-DQA [36], ArXivQA, TabFQuAD, Energy,
Government, Healthcare, Artificial Intelligence, and Shift
Project. The benchmark spans scanned industrial documents,
infographics, financial tables, scientific figures, web tables,
government pages, medical pages, energy reports, Al-related
scientific pages, and French environmental reports. Query
counts range from 100 for the practical tasks to 1600 for
TAT-DQA.

All experiments use ColModernVBERT [8] as the base
visual retriever. It preserves the multi-vector late-interaction
structure of ColPali while using a compact 250M-parameter en-
coder. In the model comparison reported with ModernVBERT,
ColModernVBERT obtains a ViDoRe average of 68.6 with
CPU query-encoding latency of 0.032 seconds, compared with
69.2 and 0.222 seconds for ColPali [8]. This makes token
storage and interaction cost the main efficiency issue.

B. Budgets and metrics

The uncompressed PF1 representation has about 350 page
tokens. Static compression following [9] stores pooled repre-
sentations at PF4, PF8, PF16, and PF32, corresponding roughly
to 88, 45, 22, and 11 tokens per page. The main two-stage
experiments use PF32 for candidate generation and a PF8-
equivalent reranking budget unless otherwise stated. The full
ten-dataset design-space comparison uses K = 50 candidates;
held-out and latency sensitivity analyses additionally consider
K =20 and K = 100.

The main quality metric is macro-averaged nDCG@5 over
datasets. We also report recovery relative to the uncompressed
PF1 score:

nDCG@5(M)

=1 DGR (PR
Recovery (M) = 100 nDCGQ5(PF1)

(N

Latency is reported as median stage-two time and total median
query time on the measured latency subset.

TABLE IV
DIRECT STATIC POOLING ON TEN VIDORE TASKS.

Pool factor Tokens/page  Macro nDCG@5  Drop vs. PF1

PF1 350 0.6309 0.00%

PF4 88 0.6003 4.85%

PF8 45 0.5696 9.72%

PF16 22 0.5193 17.68%

PF32 11 0.4738 24.89%
TABLE V

DESIGN-SPACE COMPARISON AT PF8-EQUIVALENT BUDGET AND K = 50.
RECOVERY IS RELATIVE TO PF1.

Method Macro nDCG@5  Recovery  Stage-2 ms

Random 0.2332 36.97% 12.428

Uniform 0.4790 75.93% 10.550

BCR (p = 0.75) 0.5333 84.53% 30.736

Token top-k 0.5926 93.93% 15.832

Greedy 0.6208 98.39% 538.480
V. RESULTS

A. Static pooling has a hard ceiling

Table IV gives the direct-compression baseline. Performance
decreases monotonically with pool factor. At PF8, direct
pooling retains 90.28 percent of PF1; at PF32, it retains only
75.11 percent. This establishes the core failure mode of query-
agnostic compression: an index that is highly efficient for
candidate generation is too lossy for final ranking. This pattern
is consistent with the original findings on clustering-based
token pooling [9], although our ratios are computed against a
visual late-interaction backbone rather than a text one.

The left panel of Fig. 3 visualizes the same trend. The sharp
PF32 loss motivates a two-stage design: use PF32 to cheaply
find candidates, but do not trust its compressed representation
as the final evidence for ranking, as is also standard practice
in neural reranking pipelines [15].

B. Query-aware token budgeting recovers quality

Table V compares selection policies at a PF8-equivalent
stage-two budget. The ordering is consistent with the coverage
interpretation: random < uniform < BCR < token top-k
< greedy. Random selection collapses because spending a
budget without structure rarely preserves the relevant evidence.
Uniform reopening is much stronger, showing that broad cov-
erage matters even without query information. BCR improves
over uniform by adding coarse query guidance. Token top-k
improves further by using token-level query affinity. Greedy
gives the best score by accounting for redundancy through
marginal gain.

The improvement from token top-% to greedy is especially
informative. Both methods use query information at token
granularity. The difference is that greedy discounts tokens
whose query aspects have already been covered. The gain
from 0.5926 to 0.6208 therefore reflects redundancy control
rather than access to more query information, paralleling the
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Fig. 3. Main empirical trends. Static pooling loses quality as compression increases. Query-aware selection recovers most of the PF1 score under a PF8-equivalent
budget. Greedy is stable across budgets because it selects by marginal coverage. Token top-k is the strongest low-latency operating point, while greedy defines

the quality upper envelope.

TABLE VI
SELECTION QUALITY ACROSS RERANKING BUDGETS AT K = 50.

Budget PF1 Greedy Top-k Uniform
PF4 0.6309 0.6208 0.6183 0.5601
PF8 0.6309  0.6208 0.5926 0.4790
PF16 0.6309  0.6223  0.5000 0.3850

gains diversity-aware criteria such as MMR [16] obtain over
relevance-only rankers and the role of submodular diversity in
extractive summarization [17].

C. Greedy is robust across budgets

Table VI evaluates PF4-, PF8-, and PF16-equivalent rerank-
ing budgets. Greedy remains essentially flat across this range,
staying near 0.621. Token top-k is competitive at PF4 but
degrades at PF8 and PF16, while uniform reopening degrades
more sharply. This suggests that independent token affinity
works when the budget is generous enough to tolerate re-
dundancy, but marginal-gain selection becomes increasingly
valuable as the budget tightens.

D. Cluster-level guidance helps but is limited

BCR interpolates between uniform coverage and query-
guided cluster reopening. Fig. 4 shows that pure query-guided
cluster reopening is brittle, while near-pure coverage underuses
the query. The best setting is p = 0.75, where most of the
budget protects broad coverage and the remaining budget adapts
to the query. This confirms that cluster-level query information
is useful, but still less flexible than token-level selection.

E. Held-out and transfer results

To test whether the greedy advantage is a product of tuning
to the full benchmark, we tune on three validation datasets and
evaluate on seven held-out datasets. Greedy reaches 0.6460
macro nDCG@5, while token top-k reaches 0.6195. Relative
to the held-out PF1 ceiling of 0.649, this is 99.54 percent
recovery for greedy and 95.46 percent for token top-k. Greedy
wins on all seven held-out datasets. A Wilcoxon signed-rank
test gives p = 0.0156, a paired ¢ test gives p = 0.0358, and a
bootstrap 95 percent confidence interval for the mean delta is
[0.0096,0.0453].

Fig. 5 shows the per-dataset deltas. The largest held-out
gains occur on ArXivQA and Shift Project, both settings where
evidence can be distributed across visually distinct regions.
Leave-one-dataset-out transfer over all ten datasets gives the
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Fig. 4. BCR coverage-ratio ablation at PF8-equivalent budget and K = 50.
The best value occurs at p = 0.75, indicating that coverage and query guidance
are complementary.

TABLE VII
HELD-OUT SEVEN-DATASET COMPARISON AFTER TUNING ON A DISJOINT
VALIDATION SPLIT.

Method Macro nDCG@5  Recovery  Wins
Greedy 0.6460 99.54% 717
Token top-k 0.6195 95.46% 077

same qualitative result: greedy wins on every held-out condition,
with mean delta 0.0282, minimum delta 0.0026, and maximum
delta 0.0603.

TABLE VIII
PER-DATASET GREEDY VERSUS TOKEN TOP-k DELTAS. THE HELD-OUT
COLUMNS REPORT THE LOCKED SEVEN-DATASET PROTOCOL; THE
TRANSFER COLUMNS REPORT LEAVE-ONE-DATASET-OUT EVALUATION.
DASHES INDICATE DATASETS USED IN THE VALIDATION SPLIT RATHER
THAN THE SEVEN-DATASET HELD-OUT SPLIT.

Dataset Held-out protocol Leave-one-out transfer
Greedy  Top-k A Greedy Top-k A
ArXivQA [3] 0.7044  0.6388 0.0656 0.6946 0.6343  0.0603
Healthcare [3] 0.7939 0.7628 0.0311  0.8021 0.7533  0.0488
Shift Project [3]  0.5574 0.4991 0.0584 0.5372 0.4891 0.0482
InfoVQA [35] - - - 0.6761 0.6429 0.0331
TabFQuAD [3] 0.4202 0.4066 0.0136  0.4149 0.3852  0.0297
Al [3] - - — 0.8427 0.8136 0.0291
Government [3]  0.7790 0.7720 0.0069  0.7993 0.7824 0.0169
Energy [3] 0.8133 0.8076 0.0057 0.8016 0.7946  0.0070
TAT-DQA [36] - - - 0.1967 0.1906 0.0061
DocVQA [34] 0.4540 0.4500 0.0040 0.4424 0.4398 0.0026

F. Latency-quality trade-off

Table IX reports the measured latency profile on the three-
dataset latency subset at K = 100. Greedy gives the best
quality but is much slower because it recomputes marginal
gains sequentially. Token top-k is much faster: it improves over
PF8-direct in quality on this subset while keeping total median
latency below 40 ms. This identifies two useful operating points.
Token top-k is the practical interactive default, while greedy
is useful as a latency-tolerant quality ceiling or as a teacher
for future approximate selectors.

TABLE IX
LATENCY-QUALITY TRADE-OFF ON THE THREE-DATASET LATENCY SUBSET
AT K = 100. TOTAL TIME INCLUDES BOTH STAGES.

Method Macro nDCG@5  Stage-2 ms  Total ms
PF8-direct 0.6133 - 25.678
PF32 + Uniform 0.5056 10.550 34.490
PF32 + Random 0.2270 12.428 36.366
PF32 + Token top-k 0.6324 15.832 39.776
PF32 + BCR 0.5091 30.736 54.671
PF32 + Greedy 0.6648 538480  562.443

The latency sweep in Fig. 3 and Table X further shows
that token top-k remains on the low-latency frontier as K
varies, while greedy moves to much higher latency but also
higher quality. The result does not suggest replacing all
interactive retrieval with greedy. Instead, it shows that query-
aware token budgeting has a useful family of operating points,
complementing existing engine-level optimizations such as
PLAID and EMVB [13], [14].

VI. DISCUSSION

The experiments support three lessons.

First, static pooling is useful for candidate generation but
insufficient as the final representation under aggressive budgets.
PF32 indexing is attractive because it stores roughly 11
tokens per page, but its standalone score is 0.4738. Reopening
shortlisted pages and spending a modest query-aware budget
recovers much of the lost quality. This complements existing
static-compression work [9]-[11], [27], which improves the
first stage but does not address the final ranking ceiling.

Second, the key resource is not token count alone but
query coverage. Uniform reopening demonstrates the value
of broad coverage; BCR demonstrates the value of query
guidance; token top-k demonstrates the value of token-level
affinity; greedy demonstrates the additional value of redundancy
control. The monotonic ordering of these methods across the
main experiment is exactly what the coverage view predicts,
mirroring the long-standing insight in summarization and
diversification that relevance plus novelty beats relevance alone
[16], [17].

Third, the best method depends on latency requirements.
Greedy is not the deployment answer for every system. Its
value is that it defines a principled quality envelope and shows
how much quality is lost by independent token scoring. Token
top-k is less theoretically complete but more practical, and
it already recovers 93.93 percent of PF1 under the main ten-
dataset protocol.

A. Theoretical bound versus empirical recovery

Proposition 1 guarantees F(Sgreedy) > (1 —1/€) - Fo(S™)
for the optimal size-B subset S*, a worst-case bound of
approximately 63%. The empirical nDCG@5 recovery of
98.39% against the PF1 full-token baseline is substantially
higher for two independent structural reasons.

First, the guarantee bounds F((Sgreedy) relative to the
optimal size-B subset S*, not relative to the full token set
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Fig. 5. Generalization of greedy over token top-k. Left: all seven held-out deltas are positive after tuning on a disjoint validation split. Right: leave-one-dataset-out

transfer produces positive deltas for all ten held-out conditions.

LATENCY SENSITIVITY ACROSS CANDIDATE-POOL SIZES. EACH CELL REPORTS MACRO NDCG @5/TOTAL MEDIAN MILLISECONDS.

TABLE X

Method

K =20

K =50

K =100

PF8-direct

PF32 + Uniform
PF32 + Random
PF32 + Token top-k
PF32 + BCR

PF32 + Greedy

0.6133 /7 26.301
0.4963 / 26.873
0.2646 / 27.277
0.5842 / 27.958
0.4878 / 31.101
0.6083 / 139.259

0.6133 / 25.981
0.5055 / 29.584
0.2414 / 30.593
0.6100 / 32.251
0.4953 / 39.767
0.6397 / 303.635

0.6133 /25.732
0.5056 / 34.430
0.2270 / 36.301
0.6324 / 39.542
0.5091 / 54.384
0.6648 / 561.438

D. The 98.39% figure instead measures against PF1, whose
advantage over any size-B subset is bounded by the marginal
value of the n — B excluded tokens. Once the greedy set
covers the dominant query aspects, the remaining tokens
contribute negligible additional value; the practical gap between
Fo(Sgreedy) and F(D) is far smaller than the worst-case gap
between F(Sgreedy) and Fip(S™) permits.

Second, the adversarial instances that force the (1 — 1/e)
tightness require that every greedy selection maximally dupli-
cates existing coverage. Visual page token sets contain many
near-duplicate embeddings arising from background patches,
whitespace, and repeated visual motifs; early greedy selections
therefore cover distinct query aspects without duplication, and
coverage loss per step is far below the worst-case allowance.
Together, these factors explain why the (1 — 1/e) guarantee
functions as a rigorous theoretical anchor while empirical
recovery substantially exceeds it.

B. Reproducibility

All benchmark tasks are public ViDoRe page-retrieval tasks,
and the paper reports the retriever, pool factors, candidate-pool
sizes, per-page budgets, BCR coverage setting, evaluation splits,
latency units, and all aggregate result values used in the figures
and tables. The anonymous source bundle contains the plotting
data and LaTeX source used to generate the submitted PDF.
Code for exact reranking execution and cached result files can
be released after review without anonymization constraints.

C. Limitations

This study focuses on ColModernVBERT and ViDoRe-
style page retrieval. The qualitative mechanism should apply
to other multi-vector retrievers, including ColBERT-family
text retrievers and engines such as PLAID, EMVB, and
XTR [13], [14], [26], but cross-backbone validation remains
important. The current greedy implementation is also com-
putationally expensive; future work should investigate lazy
greedy with marginal-gain upper bounds [37], candidate-pruned
greedy, learned token selectors building on the dynamic-token-
sparsification ideas of DynamicViT and ToMe [29]—[31], or
distillation from greedy selections into fast token policies.
Finally, our budget is fixed per candidate page. Adaptive
budgets could spend fewer tokens on easy candidates and
more on visually dense or ambiguous pages.

VII. CONCLUSION

Late-interaction visual document retrieval is accurate because
it preserves fine-grained page evidence, but that evidence is
expensive to store and score. This paper shows that the cost
should not be addressed only by query-agnostic pooling. A
compressed index can generate candidates, but final ranking
benefits from query-aware token allocation on the original
token set. Formulating this allocation as MaxSim coverage
explains why redundancy-aware greedy selection recovers near-
full quality, and why token top-k is a strong low-latency
approximation. On ten ViDoRe tasks, greedy recovers 98.39
percent of the PF1 score under a PF8-equivalent reranking
budget, while token top-k provides the practical latency-
quality frontier. The broader conclusion is simple: efficient



late interaction is not only about storing fewer tokens; it is
about selecting the right tokens for the query.
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