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Figure 1. Overview of CoVeR. A deterministic, training-free token selector for multi-view 3D reasoning in 2D VLMs that prunes by spatial
coverage, using geometry alone. We show that CoVeR surpasses state-of-the-art token pruning methods in the multi-view 3D setting.

Abstract

Representing a 3D scene as multi-view images allows 2D
VLMs to reason in 3D by reusing priors from pre-training,
sidestepping the scarcity of annotated 3D data. However, it
produces thousands of redundant visual tokens whose cost
grows with every view. Existing visual token pruners fall
into two families, each limited in the 3D multi-view setting.
Learned importance methods rank tokens by attention or
encoder features; because redundancy here is fundamen-
tally spatial, they keep near-duplicate tokens from a few
prominent regions and leave most of the scene unrepresented.
Voxelization methods improve spatial coverage but cannot
enforce an exact token budget and saturate as multi-view
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observations overlap in 3D, capping retention well below the
target. We show that spatial coverage is associated with 3D
reasoning performance and introduce CoVeR, a determinis-
tic, training-free selector that uses only token coordinates,
with no learned signals. CoVeR selects tokens that collec-
tively cover every region of the scene, and solves the limita-
tions of both families: it enforces an exact per-scene budget,
breaks the voxelization saturation plateau, and avoids the
near-duplicate selections of learned importance. Extensive
experiments show CoVeR outperforms prior SOTAs on all
three 3D reasoning benchmarks and generalizes as a plug-
and-play module tested across four VLMs. Notably, with
only ≈8% of visual tokens, it preserves 93.5% of full-token
performance, surpassing SOTA by 3.9 percentage points on
average across benchmarks.
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1. Introduction
Reasoning about 3D space is a prerequisite for systems
that perceive and act in the physical world. Directly train-
ing models at scale on 3D representation [8, 17, 18, 21,
23, 25, 26, 43, 44, 50, 51, 61–63, 69] is limited by the
scarcity of 3D-language data, which is orders of magnitude
smaller than the internet-scale image-text datasets behind 2D
VLMs [3, 4, 32]. A practical alternative renders the scene as
multi-view images and uses a pre-trained 2D VLM to reason
over them [11, 16, 19, 20, 27, 45, 53, 57, 82, 83], inheriting
their strong visual and language priors. However, this intro-
duces a major bottleneck: the number of visual tokens grows
linearly with the number of views. For example, 12-views
produce 8,748 visual tokens in LLaVA-OneVision-7B
[32], substantially increasing the LLM inference cost. Re-
ducing the visual token count is thus necessary for scaling
3D reasoning on 2D VLMs.

Most token pruning methods retain the top-K tokens
ranked by learned importance from attention or visual
features, an intuition inherited from single-view prun-
ing [5, 7, 36, 47, 48, 60, 67, 68, 75, 78]. We argue this
is ill-suited to the multi-view 3D setting, where the dominant
redundancy is geometric: different cameras observe the same
physical regions, and importance scores computed indepen-
dently of geometry retain near-duplicate tokens while leaving
distinct objects or boundaries elsewhere under-represented.
Such signals are also model-specific, depending on attention
or auxiliary features that vary across architectures.

Voxelization-based pruners back-project tokens into 3D
space and pool those falling in the same voxels. This im-
proves coverage but does not control the output token count:
a fixed voxel size leaves a different number of tokens in dif-
ferent scenes, and the count plateaus once overlapping views
already share voxels. For example, ≈31% of tokens overlap
(Fig. 2(a)), so voxel-only pruning keeps about 69% of tokens
on average and 46-57% in the most redundant scenes (Fig.
2(b)). Such methods give coverage but not an exact budget..
Exact control matters because a single scene can exceed a
fixed memory or latency limit even when the dataset average
stays within it. Both approaches are thus insufficient in the
3D multi-view setting.

We address this with CoVeR, a deterministic, training-
free selector that uses only token coordinates, with no at-
tention, features, or learned signals. Coverage initialization
finds a scene-specific voxel size and keeps one representative
token per occupied voxel, removing overlapping observa-
tions while preserving a coarse cover of the whole scene.
Coverage expansion then iteratively selects the tokens far-
thest from those retained, adding tokens in the least-covered
regions until the budget is met exactly, thereby recovering
fine-scale evidence beyond the saturation limit. Both stages
reduce the directed Hausdorff distance from the original
token set to the retained subset. CoVeR yields consistent

Table 1. Comparison with token pruning methods. Avoiding
learned signals (attention, visual features, auxiliary encoders) re-
moves model-specific dependence, while deterministic selection
and exact per-scene budget give precise control over token count.

Voxelization Learned Importance Ours

Property

V
TC

[2
4]

D
TC

[2
4]

Vi
sP

ru
ne

r [
75

]

Se
G

Pr
un

er
[3

4]
G

eo
3D

Pr
un

er
[3

3]

C
oV

eR

Attention-free ✓ ✓ ✗ ✗ ✗ ✓
Visual feature-free ✓ ✗ ✗ ✗ ✗ ✓
Auxiliary encoder free ✓ ✓ ✓ ✓ ✗ ✓
Training-free ✓ ✓ ✓ ✓ ✗ ✓
Deterministic ✓ ✗ ✓ ✓ ✓ ✓
Exact per-scene budget ✗ ✗ ✓ ✓ ✓ ✓

gains at aggressive budgets and transfers across VLMs. Our
contributions include:
• Problem analysis. We identify key limitations in both

3D token pruning families: voxelization-based methods
cannot enforce exact per-scene budgets and are capped by
voxel saturation, while learned importance-based methods
spend their budget on near-duplicates, leaving the scene
under-covered.

• Coverage-based paradigm. We propose CoVeR, a
training-free, deterministic, geometry-only token prun-
ing framework that optimizes for scene coverage under a
guaranteed exact per-scene budget.

• Analytical insights. Statistical metrics link geometric
coverage to 3D reasoning, while directed distances show
it preserves regions favored by learned importance; stage-
wise analysis shows real tokens beat merged features and
pure spatial distance outperforms learned signals.

• Extensive evaluation. CoVeR achieves SOTA on spa-
tial scene understanding (ScanQA [2]), situated reason-
ing (SQA3D [40]), and embodied question answering
(OpenEQA [42]), while generalizing across four VLMs.
On ScanQA at 14% retention, it cuts LLM TFLOPs by
8.6× and KV cache by 7×, with a 1.4× lower GPU mem-
ory and 2.5× inference speedup at a 1.1% relative drop.

2. Related Works
Voxelization-based Pruning. These methods back-project
tokens into 3D and reduce them within voxels: VTC [24]
averages a voxel’s features into a synthetic token, while
DTC [24] raises voxel resolution and merges tokens by fea-
ture similarity. In all cases, the token count stays tied to
geometry, so reported budgets are dataset averages, not exact
per-scene counts.
Learned importance-based Pruning. These methods in-
stead anchor on attention or visual features. SeGPruner [34]
combines attention-ranked initialization with diversity stage
under a joint semantic-spatial metric, making its coverage
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Figure 2. Motivation (a-d) and Exact-budget Results (e). Analysis using 12-frame inputs to LLaVA-OneVision-7B.

attention-anchored. Geo3DPruner [33] relies on attention
and introduces a large VGGT [58] encoder, re-training the
backbone. VisPruner [75] ranks tokens by text-visual atten-
tion and encoder features. CoVeR differs from prior works
on several axes (Table 1): selection is purely geometric, us-
ing no attention, encoder features, or semantic similarity;
it is training-free and deterministic; and it yields exact per-
scene budgets that current voxelization-based pruners cannot
guarantee.

3. Methodology
3.1. Problem Formulation
We aim to design a selector that, for a budget B, returns
B tokens whose 3D locations represent the whole observed
scene, using geometry alone and no learned signals. The
budget must hold on every scene rather than a dataset av-
erage, and coverage must be an explicit objective rather
than a by-product of ranking. Given posed RGB-D views, a
frozen visual encoder produces M patch tokens, each back-
projected to a world coordinate ti ∈ R3. Let X = {ti}Mi=1

denote the token locations and let C ⊆ {1, ...,M}, |C| = B
index the selected tokens. For a point t and an index set
A, we define δ(t;A) = minj∈A ||t− tj ||2. We ask: given
exactly B retained tokens, how well do they cover the ob-
served scene? We measure this with the directed Hausdorff
distance,

dH(X, C) = max
t∈X

δ(t; C) (1)

i.e., the distance from the worst-covered token to its nearest
retained token. Intuitively, dH asks how far the most under-
represented part of the scene sits from anything retained,
so a small value certifies that no region is dropped outright,
which is precisely the guarantee learned importance does
not offer. Therefore, we aim

C∗ = argmin
C⊆{1,...,M},|C|=B

dH(X, C) (2)

the discrete Euclidean k-center problem.

3.2. Why Voxelization Is Insufficient
A natural route to the k-center objective is voxelization: at
voxel size vs, token i has index vi = ⌊ti/vs⌋, occupied

voxel k holds Vk = {i | vi = k}, and keeping one token per
occupied voxel returns G(vs;X) tokens, where G(vs;X) is
the occupied-voxel count. This maps repeated cross-view
observations to the same voxel, but its output is governed
indirectly by vs rather than by a token count, which creates
two problems.
No exact per-scene budget. Meeting budget B requires
G(vs;X) = B, yet occupancy depends on scene geometry,
extent, and view overlap, so one vs under- or overshoots B
across scenes. At a fixed vs=0.2 m and B=1342, 56% of
scenes fall below budget and 44% exceed it (Fig. 2(c)). VTC
inherits this variability, and DTC matches retention only
on average through tuning; neither guarantees a per-scene
memory or latency limit.
Voxel occupancy saturates at practical resolutions. Re-
ducing vs raises occupancy only up to a point: many tokens
are near-duplicate observations of the same surface from
different views, so past a certain resolution smaller voxels no
longer separate them. About 31% of ScanQA and SQA3D
tokens spatially overlap (Fig. 2(a)), so achievable retention
plateaus at ≈69% near vs=0.02 m (Fig. 2(d)); highly redun-
dant scenes saturate at 46.2–57% (Fig. 2(b)). Within the
practical range, voxelization alone therefore cannot reach
arbitrary budgets, motivating our method.

3.3. Overview
Fig. 1 and Algo. 1 summarize CoVeR. Coverage initializa-
tion (Sec. 3.4) adaptively voxelizes a scene and keeps an
original token per occupied voxel, removing cross-view du-
plicates into a coarse scene-wide spatial cover. Coverage
expansion (Sec 3.5), then repeatedly adds the token farthest
from the current selection, extending coverage to regions
underrepresented by voxelization, until exactly B tokens
remain. The two stages are complementary. Voxelization
is cheap and spreads tokens over the whole scene at once,
but its output count is capped by resolution; farthest point
sampling (FPS) [15] can place a variable number of tokens,
but builds a spread slowly.
Budget split. A single hyperparameter α ∈ (0, 1) sets the
stage 1 target Binit = max(1, ⌊αB⌋); stage 2 then supplies
the remaining Bexpan = B− |Cinit| tokens. For any feasible
budget B ≤M , three cases ensure exactly B output tokens:
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(1) if |Cinit| < B, stage 2 adds the remaining tokens (i.e.,
Bexpan ≥ 1), this is the regime observed for all evaluated
scenes and budgets; (2) if |Cinit| = B, stage 2 is empty; and
(3) if |Cinit| > B, a safeguard (Alg. 1) retains representatives
from the B most populated voxels (which is not activated
at any scene or budget with our ratio α). Thus, regardless
of where the voxel search terminates, the selector always
returns exactly B tokens (Fig. 2(e)).
Integration with a VLM. CoVeR is a plug-in module that
selects token indices C right after the visual encoder. All
visual tokens still pass through the projector, and after pro-
jection, only the features indexed by C reach the LLM, kept
in original sequence order. The native token layout is left
intact with pruned tokens simply removed, making CoVeR
compatible across diverse VLMs whose projectors preserve
token-wise correspondence.

Algorithm 1 Coverage-based 3D Token Pruning
Inputs: Token coordinates X = {ti}Mi=1, budget B, ratio α
Constants: τ = 0.05, T = 16, [vmin, vmax] = [0.02, 5.0]
Output: Selected token set C, |C| = B

1: Binit ← max(1, ⌊αB⌋)
Stage 1: Coverage initialization

2: vlo ← vmin, vhi ← vmax

3: for t = 1, . . . , T do
4: vs ← (vlo + vhi)/2
5: G← |{⌊ti/vs⌋}Mi=1|
6: if (1− τ)Binit≤G≤(1 + τ)Binit then break
7: vlo ← vs if G > (1 + τ)Binit else vhi ← vs
8: end for
9: Cinit ← representative per occupied voxel ▷ Eq. 3

10: if |Cinit| > B then Cinit ← representatives of B most
populated voxels ▷ budget safeguard
Stage 2: Coverage expansion

11: Bexpan ← B − |Cinit|, Cexpan ← ∅
12: dmin(m) ← mins∈Cinit ∥tm − ts∥22 ∀m /∈
Cinit; dmin(s)← −1 ∀s ∈ Cinit

13: for j = 1, . . . , Bexpan do
14: m∗ ← argmaxm dmin(m)
15: Cexpan ← Cexpan ∪ {m∗}, dmin(m

∗)← −1
16: dmin(m)← min(dmin(m), ∥tm − tm∗∥22) ∀m
17: end for
18: return C ← Cinit ∪ Cexpan

3.4. Coverage Initialization
Stage 1 constructs a coarse scene-wide cover. As G(vs;X)
varies with scene geometry, CoVeR estimates vs per scene
rather than transferring one global value across the dataset.
Adaptive voxel size via heuristic interval search. Because
voxel grids at different sizes are not nested, G(vs;X) is not
guaranteed to be monotonic in vs. However, decreasing vs
tends to increase G(vs;X) (Fig. 2(d)). Motivated by this

observation, we use binary search as a heuristic over an
interval [vlo, vhi], 1, raising vs when too many voxels are
produced and lowering it when too few are, until G lands
within a tolerance τ of Binit or T iterations are reached.
Because the search is heuristic, the terminal occupancy may
fall on either side of Binit, the budget safeguard (Alg. 1)
makes the final selection independent of this outcome.
Representative token per voxel. To ensure one token per
occupied voxel, we retain the token nearest the mean of the
others in its voxel, which sits near the geometric center of
the voxel’s occupancy and is the most representative proxy.
A boundary token would risk placing neighboring voxels’
representatives close together, undermining uniformity:

irep
k = arg min

i∈Vk

⃦⃦⃦⃦
⃦⃦ti − 1

|Vk| − 1

∑︂
j∈Vk, j ̸=i

tj

⃦⃦⃦⃦
⃦⃦
2

(3)

The output of this stage is the selected set:

|Cinit| = min(G(vs;X), B) (4)

3.5. Coverage Expansion
Since G(vs;X) is capped by the number of distinct token
locations, stage 1 alone cannot reach the full budget. Stage
2 lifts the ceiling by expanding Cinit with an expansion set
Cexpan of size Bexpan via farthest point sampling (FPS) [15],
an inherently coverage-seeking procedure. FPS iteratively
builds the expansion set by selecting candidate tokens that
are maximally distant from all currently selected tokens.
Starting from an empty set Cexpan, it treats running selection
as C = Cinit ∪ Cexpan. At each iteration, new token s∗

maximizes its spatial distance to nearest token already in C:

m∗ = argmax
m/∈C

(︃
min
s∈C
D(tm, ts)

)︃
(5)

Intuitively, this adds each new token m∗ to Cexpan, i.e., wher-
ever the scene is currently least covered, and repeats until
the budget is met, ensuring |C| = B.
Voxel-initialized expansion. Because C is initialized with
Cinit, the first expansion step measures distance to the al-
ready covered regions, allowing FPS to select tokens in
uncovered areas rather than re-covering regions explored in
stage 1. Concretely, for every unselected token m /∈ Cinit,
the minimum distance to the initial set is computed as
dmin(m) = mins∈Cinit

D(tm, ts) ∀m /∈ Cinit. At each
step, the token with the largest dmin is added to Cexpan and
the distances are updated against the new token, for Bexpan
steps, yielding |C| = B.
Distance metric. We use the squared Euclidean distance,
i.e., Dspatial(ti, tj) = ∥ti − tj∥22 between the 3D coordi-
nates as the FPS metric.

1Bounds [vmin, vmax] = [0.02, 5.0] are fixed once by the scale of
indoor scenes: below 0.02 m occupancy no longer grows (Fig. 2(d)), and
5 m yields below 0.1% retention, so the interval spans the full practical
range. Any T ≥ 8 is sufficient over this range.
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3.6. Coverage Objective
Stage 2 always returns B tokens for any feasible budget
B ≤ M ; this budget guarantee does not depend on the
voxel search. Coverage admits a bound in the common case
where the safeguard is inactive, i.e. |Cinit| = G(vs;X) ≤ B:
every unselected token then shares a voxel of side vs with
a selected one and lies within its space diagonal, yielding
dH(X, Cinit) ≤

√
3 vs. Each FPS step then selects the token

attaining the inner max–min of Eq. 1, so dH(X, C) is non-
increasing through stage 2 (the squared Euclidean distance
leaves the selection order unchanged) and the bound carries
to the final selection. When the safeguard is active, the exact
budget guarantee still holds, but this particular bound may
no longer apply; full proofs are in the Appendix.

4. Experiments and Results
Benchmarks and Metrics. We evaluate all three forms
of 3D reasoning: ScanQA [2] for 3D spatial understand-
ing, SQA3D [40] for situated reasoning grounded in an
agent’s position, and OpenEQA [42] for open-vocabulary
embodied QA. Together, they probe object recognition, at-
tributes, counting, localization, and spatial relations. Follow-
ing prior work [2, 21, 24, 33, 34, 42, 83], we report EM@1,
CIDEr [56], and ROUGE-L [35] for ScanQA; EM@1 for
SQA3D; and LLM-Match for OpenEQA. Efficiency is mea-
sured by inference and pruning time (s), LLM TFLOPs,
KV-cache (MB), and peak GPU memory (GB).
Models and protocol. We test CoVeR with four
VLMs: LLaVA-OV-7B [32], Video-3D LLM [82],
Qwen2.5-VL-7B [4], and Qwen3-VL-8B [3]. Follow-
ing [24, 34], we uniformly sample 12 views, evaluate
prior work retention ratios, and compare with VTC [24],
DTC [24], VisPruner [75], and SeGPruner [34] under
matched inputs. For Geo3DPruner [33], we follow its pro-
tocol with Video-3D LLM using 16 views. 2 CoVeR uses
α = 0.4 throughout; all experiments run on one NVIDIA
H100 GPU. Additional details are in the Appendix.

4.1. Main Results
CoVeR achieves the best aggregate performance at every
token budget (Table 2). Averaging across three datasets,
CoVeR retains 93.5% of full-token performance at 8% token
retention, versus 89.6% and 85.9% for SeGPruner and Vis-
Pruner. On ScanQA, it improves over the full-token baseline
at 23% retention, reaching 28.5 EM@1 and 85.5 CIDEr,
while at 9% budget it achieves 27.1 EM@1, 81.4 CIDEr,
and 41.5 ROUGE-L, substantially outperforming SeGPruner
and VisPruner. It also reaches 48.6 EM@1 on SQA3D at
8% retention and outperforms prior pruning methods on
OpenEQA at aggressive budgets. We further report category-

2Official code for VTC/ DTC and Geo3DPruner are not publicly avail-
able; we follow their reported protocol for a direct comparison.

level OpenEQA results and comparisons in the Appendix.
Fig. 3 shows CoVeR spreading tokens across all chairs and
answering correctly, while VisPruner and SeGPruner cluster
on a few patches and undercount.

Table 2. Performance Comparison. CoVeR compared to Voxeliza-
tion and Learned Importance methods on 12-view ScanQA [2],
OpenEQA [42], and SQA3D [40]. Avg. is over benchmarks, while
Rel. is avg. % of performance maintained. Higher is better.

Methods ScanQA OpenEQA SQA3D Avg. Rel.
EM@1 CIDEr ROUGE-L L-Match EM@1

Retain 100% Tokens

LLaVA-OV-7B 28.2 83.6 42.6 59.1 51.7 54.1 100.0

Retain 54% Tokens Retain 56% Tokens

DTC [24] 27.8 – – – – – –
VisPruner [75] 27.7 80.5 41.3 59.1 50.9 53.3 98.5
SeGPruner [34] 28.5 83.8 42.6 58.9 51.7 54.1 100.0
CoVeR (Ours) 28.7 85.0 43.2 58.9 51.7 54.3 100.4

Retain 40% Tokens Retain 43% Tokens

DTC [24] 27.7 – – – – – –
VisPruner [75] 28.0 80.3 41.4 58.4 51.0 53.1 98.3
SeGPruner [34] 28.2 81.9 42.0 58.0 51.5 53.4 98.9
CoVeR (Ours) 28.9 85.5 43.4 58.6 51.7 54.3 100.5

Retain 23% Tokens Retain 26% Tokens

DTC [24] 27.7 – – – – – –
VisPruner [75] 26.9 77.1 40.1 57.1 49.5 51.5 95.4
SeGPruner [34] 27.7 78.9 40.7 57.5 50.6 52.4 97.1
CoVeR (Ours) 28.5 85.5 43.2 57.7 51.7 53.9 99.7

Retain 14% Tokens Retain 17% Tokens

DTC [24] 26.7 – – – – – –
VisPruner [75] 24.8 71.7 37.5 55.9 49.0 49.9 92.2
SeGPruner [34] 26.4 75.2 38.9 56.0 49.7 50.8 94.2
CoVeR (Ours) 27.9 82.4 42.2 56.8 51.2 52.9 98.0

Retain 9% Tokens Retain 8% Tokens

DTC [24] 26.1 – – – 48.0 – –
VisPruner [75] 23.4 66.9 35.6 51.5 45.7 46.4 85.9
SeGPruner [34] 24.5 71.2 37.0 52.5 48.4 48.4 89.6
CoVeR (Ours) 27.1 81.4 41.5 53.0 48.6 50.5 93.5

Figure 3. Qualitative comparisons. CoVeR provides correct
answers while substantially reducing the computational cost.
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4.2. Geometric Coverage Analysis

Does CoVeR improve Geometric Coverage? Accuracy
alone does not reveal how a pruning method should spend
its target budget. We therefore measure coverage at the
most aggressive ScanQA budget with two metrics. The
Nearest Neighbor Index (NNI) [12] measures how evenly
the retained tokens are spread: it is the ratio of their mean
nearest-neighbor distance to the value expected under a spa-
tially random process, so a low value flags the clustering we
want to avoid. A spread-out set can still miss whole regions,
so the Nearest Neighbor Distance (NNDq) measures cov-
erage of the scene directly: one minus the q-th percentile
of every original token’s distance to its nearest selected to-
ken, normalized by the scene diagonal. We report NND95

for robustness and NND100, the worst case, which equals
the normalized complement of the directed Hausdorff dis-
tance minimized by CoVeR (Eq. 1). Higher indicates better
coverage. Details are included in the Appendix.

As shown in Table 3, SeGPruner concentrates tokens on
a few regions (NNI = 0.458), while CoVeR is far more
uniform (NNI = 0.924). CoVeR also covers the scene better
on both NND95 (0.980 vs. 0.967) and NND100 (0.977 vs.
0.917), with the largest gap on the worst case. All gaps are
significant under the paired t- and Wilcoxon signed-rank
tests. CoVeR also attains higher accuracy than SeGPruner,
supporting our motivation that, at a fixed budget, spatial
coverage beats concentrating tokens on a few regions. The
widest gap falls on NND100, the normalized complement of
the directed Hausdorff distance CoVeR minimizes, confirm-
ing it as the right objective for coverage-based selection.

Table 3. Coverage and Performance. CoVeR achieves substan-
tially better spatial coverage with higher downstream 3D scene
understanding performance compared to SeGPruner [34]. Higher ↑
is better on all columns.

Method Coverage Performance
NNI NND95 NND100 EM@1 CIDEr ROUGE-L

SeGPruner 0.458 0.967 0.917 24.5 71.2 37.0
CoVeR 0.924 0.980 0.977 27.1 81.4 41.5

Does CoVeR preserve informative regions? A geometry-
only selector raises a concern: broad coverage might come
from visually uninformative regions while discarding answer-
critical evidence. We therefore compare CoVeR and SeG-
Pruner selections directly at 9% ScanQA retention with To-
ken Recovery (TR) and Token Expansion (TE). TR measures
the normalized distance from each SeGPruner token to its
nearest CoVeR token, while TE is the reverse direction; both
are defined in the supplementary materials. A small TR
means CoVeR keeps a token near every region SeGPruner
selects, while a large TE means CoVeR also covers regions
SeGPruner ignores.

Figure 4. Cumulative distributions of directed nearest-
neighbors. CoVeR preserves SeGPruner’s selected regions within
3.1% of scene diagonal while covering ≈20% additional regions.

Table 4. Directed distance. CoVeR remains close to regions
selected by SeGPruner while expanding into additional regions.

Comparison TR ↓ TE ↑
CoVeR vs. SeGPruner 0.009 0.020

Table 4 shows TR is small (0.009 of the scene diagonal) and
TE about twice as large (0.020), so CoVeR’s tokens stay
close to SeGPruner’s while the reverse does not hold. The
cumulative distributions (Fig. 4) make this sharper: every
SeGPruner token lies within 3.1% of the scene diagonal of a
CoVeR token, while roughly 20% of CoVeR tokens remain
farther than that from any SeGPruner token. Thus, coverage
preserves salient regions while additionally covering the rest
of the scene.

Insight 1: Broader spatial coverage accompanies
stronger 3D reasoning. Prioritizing coverage does not
exclude informative regions but instead preserves them,
extending coverage to additional parts of the scene.

4.3. Efficiency and Generalization

Efficiency. Relative to LLaVA-OV-7B (Table 5), CoVeR
delivers substantial efficiency gains while largely preserving
performance. At the most aggressive 9% budget, it achieves
13.3× fewer TFLOPs, 10.7× smaller KV cache, and a 2.9×
speedup for a 1.1-point drop in performance. Against the
learned importance pruners, CoVeR also pairs the highest
performance with the lowest peak GPU memory (Table 6):
they must run the encoder with attention outputs enabled
and hold the attention maps to rank tokens, whereas CoVeR
selects from 3D coordinates alone, with only the negligible
overhead of a binary search plus FPS.
Additional Backbones. Under Geo3DPruner’s [33] 16-view,
10% retention protocol on Video-3D LLM [82], CoVeR
obtains 26.5 ScanQA EM@1 versus 26.0 for Geo3DPruner,
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and retains 93.5% of full performance versus 90.7% (Ta-
ble 7), even though Geo3DPruner adds a VGGT-1B en-
coder [58] and fully retrains the backbone. Without
changing the selection rule or α, CoVeR also transfers to
Qwen2.5-VL-7B and Qwen3-VL-8B, which differ sub-
stantially in visual encoders, tokenization, and resolution
handling. Both retain over 96% of ScanQA performance
at retention levels above 20% (Fig. 5(a)) and over 95% on
SQA3D until retention falls below 20% (Fig. 5(b)), matching
trends across architectures.

Table 5. Efficiency at varying token retention. ‘Pruning’ de-
notes the average time which CoVeR needs to select tokens, while
‘Time’ reports end-to-end inference latency (in sec). CoVeR sub-
stantially reduces TFLOPs, KV cache (MB), memory (GB) while
remaining competitive across token budgets. Results are relative to
LLaVA-OV-7B on ScanQA.

Tokens
Retained

Efficiency Accuracy

Pruning ↓ Time ↓ TFLOPs ↓ KV ↓ Mem ↓ EM@1 ↑ ∆

100% – 0.497 145.5 480.0 24.1 28.2 –

54% 0.189 0.493 1.0× 71.1 2.0× 259.9 1.8× 20.3 1.2× 28.7 +0.5

40% 0.141 0.388 1.3× 51.1 2.8× 192.9 2.5× 19.2 1.3× 28.9 +0.7

23% 0.082 0.268 1.9× 28.3 5.1× 111.7 4.3× 17.8 1.4× 28.5 +0.3

14% 0.049 0.202 2.5× 17.0 8.6× 68.6 7.0× 17.2 1.4× 27.9 −0.3
9% 0.034 0.174 2.9× 10.9 13.3× 44.7 10.7× 17.2 1.4× 27.1 −1.1

Table 6. Efficiency comparison. CoVeR attains the highest accu-
racy at the lowest peak memory. Its selection cost remains a fraction
of end-to-end inference. Scores report pruning on LLaVA-OV-7B
at 9% token retention for ScanQA.

Methods EM@1 ↑ CIDEr ↑ ROUGE-L ↑ Pruning (s) ↓ Mem (GB) ↓

VisPruner [75] 23.4 66.9 35.6 0.010 22.1
SeGPruner [34] 24.5 71.2 37.0 0.008 22.1
CoVeR 27.1 81.4 41.5 0.034 17.2

Table 7. Generalization with Video-3D LLM [82] backbone.
Geo3DPruner [33] introduces a VGGT-1B [58] encoder and re-
quires full backbone retraining, while CoVeR is training-free.
Scores are EM@1 ↑ on 16-view at 10% budget.

Methods Encoder Retrain
ScanQA SQA3D

Rel.(%)
100% 10% 100% 10%

Geo3DPruner [33] VGGT1B Full 29.7 26.0 59.3 55.7 90.7
CoVeR None None 28.9 26.5 57.9 55.1 93.5

4.4. Design Ablations
We ablate CoVeR one component at a time. Full details have
been provided in the Appendix.
Stage 1: Preserving encoder-native tokens. Fig. 6 shows
that the advantage of keeping a real token (pruning) over
averaging features within a voxel (merging) widens with
stronger compression: at the tightest budget, pruning im-
proves EM@1 by 7.7/18.1 on ScanQA/SQA3D, with the

Figure 5. CoVeR transfers across VLMs. CoVeR exhibits similar
performance on Qwen2.5-VL-7B and Qwen3-VL-8B. Perfor-
mance remains above 93% of the baseline even at 9% token reten-
tion for both (a) ScanQA and (b) SQA3D.

largest SQA3D gains on Can (+37) and Which (+29),
which need spatial grounding. Coarse voxels mix objects,
surfaces, and viewpoints, so averaging yields a synthetic
feature, whereas CoVeR keeps an encoder-native token with
a valid spatial identity. CoVeR also beats DTC [24] at every
budget, so the gain is not merely voxel-size selection.

Insight 2. Original encoder tokens are easier for LLM to
interpret than synthetic avg. of heterogeneous regions.

Figure 6. Coverage initialization analysis (α = 1). Pruning con-
sistently outperforms merging, with gap widening at tight budgets.

Stage 2: Geometric distance. Fig. 7 shows pure 3D dis-
tance is consistently strongest across budgets. At the tight-
est budget, it beats spatial+semantic FPS by 1.7/2.1 on
ScanQA/SQA3D and semantic-only FPS by 2.9/4.3, with the
largest SQA3D gains on How (+6.8) and What (+6.2), which
require counting or localizing multiple objects. Semantic
FPS suppresses distinct objects with similar embeddings,
while spatial distance keeps them when 3D locations dif-
fer. Without attention or features, it still matches or exceeds
SeGPruner [34].

Insight 3. Spatial distance preserves visually similar
instances at different locations, while semantic distance
can incorrectly suppress them.
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Figure 7. Coverage expansion analysis (α = 0). Spatial distance
outperforms combined and semantic alternatives, with gap widen-
ing at tight budgets.

CoVeR ablation. Table 8 ablates the expansion rule and its
initialization. Our iterative FPS updates the minimum dis-
tance after each pick; we compare it against Top-K selection
(selecting tokens farthest from the stage 1 tokens without
distance updates) and Random selection (uniform sampling).
Both are weaker: at 9% retention they lose 0.7 and 1.7 aver-
age ScanQA points, since only iterative updates keep placing
tokens in still-uncovered regions. For initialization, seeding
expansion from the stage 1 tokens rather than From scratch
adds 1.1, 0.2, and 0.5 points at 23%, 14%, and 9% retention,
because voxel seeding removes duplicates in parallel first, so
expansion extends into new regions instead of rediscovering
covered ones.
Coverage initialization is necessary. Table 8 isolates the
contribution of stage 1 by comparing CoVeR with FPS only
design. Without voxel initialization, FPS must build scene
coverage sequentially from scratch.

Table 8. Design ablations. Iterative FPS with stage 1 initialization
consistently performs best. Results on ScanQA, averaged over
EM@1, CIDEr, and ROUGE-L. Pruning time is reported in sec.

Component Setting Token Budget

23% 14% 9%

Expansion
w/o Iterative FPS (Top-K) 51.8 50.4 49.3
w/o Iterative FPS (Random) 51.8 50.6 48.3
w/ Iterative FPS 52.4 50.8 50.0

Initialization w/o Stage 1 seed (From scratch) 51.3 50.6 49.5
w/ Stage 1 seed 52.4 50.8 50.0

Pruning time w/o Stage 1 (FPS only) 0.126 0.078 0.049
w/ Stage 1 (CoVeR) 0.082 0.049 0.034

Seeding FPS with one representative per occupied voxel
instead provides a coarse coverage from the start, which
reduces pruning time by approximately 1.5×. Across all
variants above, higher coverage (NNI, NND95, NND100)
accompanies higher accuracy, with full CoVeR best on every
measure (Fig. 8). Weaker variants leave coherent regions un-
covered (top-K, random) or revisit initialized voxels (from-
scratch FPS). This consistent ranking supports coverage as
the mechanism behind the downstream gains.

Figure 8. Better coverage achieves higher performance. Correla-
tion between coverage and accuracy (on ScanQA at 9% retention).

Voxel ratio. Varying α from 0.1 to 0.9 changes accuracy
within a narrow band (Fig. 9a), so the split between the two
stages is not narrowly tuned; we use α = 0.4 throughout.
Scaling with views. CoVeR leads VisPruner and SeGPruner
at every view count and gains more from added views (Fig. 1
and Fig. 9b), because coverage reallocates the fixed budget to
newly visible regions rather than repeatedly observed regions
favored by attention.

(a) Voxel ratio. Avg. accuracy
across ScanQA, SQA3D, OpenEQA
remains stable across budgets.

(b) Effect of View count. CoVeR im-
proves with more views, while Vis-
Pruner and SeGPruner saturate.

Figure 9. Ablation for voxel ratio and scaling view count.

5. Conclusion

We propose CoVeR, a training-free, deterministic, geometry-
only framework for reducing the visual token count of multi-
view 2D VLMs. Our analysis identifies key limitations in
each prior family: voxelization-based methods cannot en-
force exact per-scene budgets and are capped by voxel satu-
ration, while learned importance-based methods concentrate
on prominent regions rather than scene coverage. CoVeR
addresses both: it searches per scene for the voxel size that
yields an initial selection, then extends beyond the saturation
plateau using spatial distance alone. It achieves SOTA on
three benchmarks while generalizing across four VLMs from
two model families without retraining.

Limitations. Like all prior methods, CoVeR requires depth
and camera, and is designed for indoor scenes. Its perfor-
mance may therefore depend on the quality of the estimated
geometry. Future work can combine coverage with reliable
depth/pose estimation, and hierarchical or streaming selec-
tion for outdoor scenes.
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CoVeR: Coverage-Based Token Pruning for Multi-View 3D Reasoning in VLMs

Supplementary Material

A. Implementation Details
A.1. Benchmarks
To demonstrate generalization across diverse 3D scene un-
derstanding tasks, we evaluate CoVeR on benchmarks cov-
ering spatial scene understanding (ScanQA [2]), situated
reasoning (SQA3D [40]), and embodied question answering
(OpenEQA [42]).

ScanQA [2] and SQA3D [40] are both based on the scenes
from the ScanNet [13] dataset. ScanQA requires models to
answer questions related to spatial understanding in a 3D
environment, while SQA3D requires models to have situated
reasoning awareness, in which agents must determine their
position and orientation in order to correctly answer the
questions. Following previous works [24, 34], we include
results on the validation set of ScanQA and the test set of
SQA3D.

We additionally show results on the OpenEQA bench-
mark. OpenEQA [42] is the first open-vocabulary bench-
mark for embodied question answering (EQA), built on Scan-
Net [13] and HM3D [46] datasets. The benchmark includes
seven test aspects: object recognition, attribute recognition,
object state recognition, object localization, spatial reason-
ing, functional reasoning, and world knowledge. Together,
these datasets demonstrate that CoVeR generalizes to 3D
spatial understanding. Additional details for these datasets
are included in Table A1 and A2.

Table A1. Number of questions and scenes in each benchmark.

Benchmark # of questions # of scenes
ScanQA [2] 4,306 71
OpenEQA [42] 1,636 152
SQA3D [40] 3,519 67

Table A2. Number of questions and scenes of ScanNet [13] and
HM3D [46] subsets in the OpenEQA [42] benchmark.

Subset # of questions # of scenes
ScanNet [13] 1,079 89
HM3D [46] 557 63
Total 1,636 152

A.2. Baselines
To ensure a fair comparison, we reproduce the results using
the official implementations of VisPruner [75] and SeG-
Pruner [34] in the same environment, with the default im-
portance ratio set to 0.5 (i.e., half of the selected tokens are
chosen by their attention-based importance scores, while the
remaining tokens are selected by the second stage of each
method).

A.3. Evaluation Metrics
EM@1 (Exact Match at top-1) is a binary string matching
metric. It gives a score of 1 when the prediction matches the
ground truth exactly, and 0 otherwise.
CIDEr [56] measures similarity between the prediction and
multiple reference answers for the same question using Term
Frequency Inverse Document Frequency (TF-IDF) weighted
n-gram matching, where higher scores indicate better align-
ment with ground truth. By default, n-gram is set to 4.
ROUGE-L [35] measures the overlap between the predic-
tion and the ground truth using Longest Common Subse-
quence (LCS), rewarding answers that preserve the word
order of the ground truth.
LLM-Match [42], is used to evaluate the open-ended an-
swers from VLMs:

LLM-Match =
1

N

N∑︂
i

σi − 1

4
× 100% (A1)

where, σi ∈ {1, . . . , 5} is the score assigned by an LLM
(GPT-4o [28] or GPT-4 [1] 3). A score of 1 indicates an
irrelevant answer, while 5 denotes a correct answer. We
follow the official prompt template released by OpenEQA,
as shown in Figure A1.
LLM TFLOPs measures the prefill computational cost of
the LLM decoder. For a prompt of length n (including text
tokens and retained visual tokens) processed by a L-layer
transformer decoder, the prefill FLOPs are calculated as:

FLOPs = L
(︂
4nd2 + 4nd dkv⏞ ⏟⏟ ⏞

attention (GQA)

+ 4n2d⏞⏟⏟⏞
attention

+ 6ndm⏞ ⏟⏟ ⏞
SwiGLU FFN

)︂
(A2)

where d is the hidden size, m is the feed-forward network
(FFN) dimension, and dkv = Hkv (d/Hq) denotes the
key/value width under grouped-query attention (GQA), with
Hq query heads and Hkv key/value heads.

A.4. Backbones
LLaVA-OneVision-7B [32] consists of a visual encoder
(SigLIP [72]), a projection layer (MLP), and a language
model (Qwen2 [64]). The number of tokens for one input
image is 729 with 384× 384 resolution, resulting in 8,748
visual tokens for a 12-view setting.
Qwen2.5-VL-7B [4] contains a native dynamic resolution
ViT [14] visual encoder, an MLP-based Vision-Language

3As GPT-4 is being deprecated: https://developers.openai.
com/api/docs/deprecations, we report both GPT-4 (Table A4)
and GPT-4o (Table 2 and Table A5).
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Prompt Template for LLM-Match Scores

You are an AI assistant who will help me to evaluate the
response given the question, the correct answer, and extra
answers that are also correct. To mark a response, you
should output a single integer between 1 and 5 (including
1, 5). 5 means that the response perfectly matches the
answer or any of the extra answers. 1 means that the
response is completely different from the answer and all
of the extra answers.

Example 1:
Question: Is it overcast?
Answer: no
Extra Answers: [’doesn’t look like it’, ’no’,’ it’s sunny’]
Response: yes
Your mark: 1

Example 2:
Question: Who is standing at the table?
Answer: woman
Extra Answers: [’a woman’, ’a lady’, ’woman’]
Response: Jessica
Your mark: 3

Example 3:
Question: Are there drapes to the right of the bed?
Answer: yes
Extra Answers: [’yes, there are drapes’, ’yeah’, ’the drapes
are to the right of the king bed’]
Response: yes
Your mark: 5

Your Turn:
Question: {question}
Answer: {answer}
Extra Answers: {extra answers}
Response: {prediction}

Figure A1. Prompt used for computing LLM-Match scores on the
OpenEQA [42] benchmark.

Merger projection layer, and a language model (Qwen2.5).
Processing the inputs yields 391 tokens per image, resulting
in 4,692 visual tokens for the 12-view setting.
Qwen3-VL-8B [3] contains a visual encoder (SigLIP2 [55]),
a projection layer similar to Qwen2.5-VL [4], and a language
model (Qwen3 [65]). Processing the inputs yields 300 tokens
per image, resulting in 3,600 visual tokens for a 12-view
setting.
Video-3D-LLM [82] extends LLaVA-Video [79] with si-
nusoidal 3D positional encoding added to the visual tokens
to inject 3D camera geometry. Each frame produces 196
tokens, resulting in 3,136 visual tokens for the 16-frame
setting.

A.5. Packages
To ensure the reproducibility of our results, we provide the
version of all packages in Table A3.

Table A3. Packages version in the Conda environment.

Name Version
python 3.10.20
torch 2.6.0+cu124
torchvision 0.21.0+cu124
numpy 2.2.6
pillow 12.1.1
transformers 5.8.0.dev0
tokenizers 0.22.2
accelerate 1.13.0
safetensors 0.7.0
huggingface-hub 1.13.0
flash-attn 2.8.3
qwen-vl-utils 0.0.14

A.6. Coverage Metrics
Coverage metrics. For a point t and a non-empty index set
A, let δ(t;A) = minj∈A ∥t − tj∥2 be the distance from t
to its nearest token in A. We quantify how well the selected
set C covers the full-token set X with two metrics.
1. Nearest Neighbor Index (NNI) is the ratio of the observed

mean nearest-neighbor distance among selected tokens
to that expected under complete spatial randomness. As
tokens lie in 3D, we use a 3D homogeneous Poisson
process as the baseline:

NNI =
rA
rE

, rA =
1

N

N∑︂
i=1

min
j ̸=i
∥ti − tj∥2,

rE = Γ

(︃
4

3

)︃(︃
4π

3
λ

)︃−1/3
(A3)

where rA is the observed mean nearest neighbor distance
among the selected tokens, rE is its expectation under
the Poisson process, and λ = N/V is the density of N
selected tokens in a scene of bounding-box volume V .
Γ(.) denotes the Gamma function.

2. Nearest Neighbor Distance (NND) measures scene cover-
age directly, since a spread-out set can still miss whole
regions. For each original token we take its distance to
the nearest selected token, and summarize by a percentile,
normalized by the scene diagonal:

NNDq = 1−
Qq

(︁
{δ(x; C)}x∈X

)︁
diag

,

where

{︄
q = 95 : 95th percentile
q = 100 : maxx∈X δ(x; C) = dH(X, C)

(A4)
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where Qq is the q-th percentile over X . We report
NND95, which clips the worst 5% for robustness, and
NND100, the worst case, whose unnormalized numera-
tor equals the directed Hausdorff distance dH(X, C) =
maxt∈X δ(t; C) that CoVeR minimizes. Higher is better
for both.

Directed distances. To verify that coverage gains do not
drop the salient regions chosen by learned importance, we
compare two selections C and S in both directions, normal-
ized by the scene diagonal.
1. Token Recovery (TR) checks whether C keeps the regions
S selects: for each token in S we take δ to the nearest
token in C, then average. A small TR means C has a token
near every region S selects.

TR =
1

|S|
∑︂
s∈S

δ(s; C)
diag

,

diag =

√︄ ∑︂
d∈{x,y,z}

(︁
cmax
d − cmin

d

)︁2 (A5)

where ‘diag’ is the diagonal of the scene’s axis-aligned
bounding box.

2. Token Expansion (TE) checks whether C reaches regions
S ignores: for each token in C we take δ to the nearest
token in S, then average. A large TE means C covers
regions S leaves out.

TE =
1

|C|
∑︂
c∈C

δ(c;S)
diag

(A6)

A.7. Ablation Study
Stage 1: Preserving encoder-native tokens. To isolate the
representation used in coverage initialization, we set α = 1
so stage 1 alone targets the full budget Binit = B; the highest
budget in this study (54%) stays within the saturation range
of all ScanNet scenes (Sec. 3.2). For a fair comparison, we
modify the search to ensure exactly B tokens for both strate-
gies: rather than allowing G(vs;X) < B near saturation,
we take the smallest voxel size with G(vs;X) ≥ B and, if
more than B voxels form, keep the B densest. This is used
only for this ablation. We define:
1. Pruning, which keeps the representative token of each

voxel (Eq. 3), so the voxel’s output feature is a real en-
coder feature:

fVk
= firep

k
(A7)

2. Merging, following VTC [24], which averages all token
features in the voxel into a pooled representation:

fVk
=

1

|Vk|
∑︂
i∈Vk

fi (A8)

Both yield one feature per occupied voxel on the same voxel
partition; they differ only in whether that feature is a real
token (pruning) or a synthetic average (merging).

Stage 2: Geometric distance. To isolate expansion from
stage 1, we set α = 0, so the stage 2 targets the full budget
Bexpan = B. For tokens i, j with coordinates ti, tj and
ℓ2-normalized features f̂i, f̂j , we define three distances:
1. Spatial: squared Euclidean distance between 3D coordi-

nates, Dspatial = ∥ti − tj∥22.
2. Semantic: cosine distance between features, Dsemantic =

1− f̂⊤i f̂j .
3. Combined, following SeGPruner [34], which fuses both.

As the terms differ in scale, we propose the normalization
for each term: the spatial term by the squared scene
diagonal and the semantic term by the cosine range:

Dcombined =
Dspatial

diag2
+
Dsemantic

2
(A9)

where cmax
d and cmin

d are the scene’s max/min coordinates
along d.

Figure A2. Empirical validation of the coverage bound. Even
at 9% token retention, the dH(X, C) is only 2.3% of the scene
diagonal, compared with the stage 1 bound of 9.6%.

B. Theoretical Analysis of CoVeR
Setup. Let X = {ti}Mi=1 be the valid back-projected coor-
dinates (Sec. 3.1), and A ⊆ {1, . . . ,M} a selection. Recall
δ(t;A) and dH(X,A) above. We have Cinit for the stage
1 selection at voxel size vs, m∗

1, . . . ,m
∗
Bexpan

for the stage
2 picks by FPS in order, Cj = Cinit ∪ {m∗

1, . . . ,m
∗
j} (so

C0 = Cinit), and C = CBexpan for the final selection. We as-
sume B < M and |Cinit| ≤ B (cases 1–2 of Sec. 3.3), while
case 3 is Remark 2.

Lemma 1 (Stage 1 bound). dH(X, Cinit) ≤
√
3 vs.

Proof. Each ti lies in one occupied voxel Vk, and stage 1
keeps one token irep

k ∈ Vk. Both ti and tirep
k

lie in a cube
of side vs, whose greatest internal distance is

√
3 vs, hence
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δ(ti; Cinit) ≤
√
3 vs for all i, and the maximum over X gives

the claim.

Lemma 2 (Stage 2 bound). dH(X, Cj+1) ≤ dH(X, Cj),
hence dH(X, C) ≤ dH(X, Cinit).

Proof. Since Cj+1 ⊇ Cj , the minimum in δ is over a su-
perset, so δ(t; Cj+1) ≤ δ(t; Cj) for all t; the max over X
preserves this, and iterating gives the second claim.

Theorem 1 (Exact budget and coverage). For any budget B
with B < M and |Cinit| ≤ B, CoVeR returns C with

|C| = B, dH(X, C) ≤ dH(X, Cinit) ≤
√
3 vs

Proof. Stage 2 runs Bexpan = B− |Cinit| ≥ 0 steps. Selected
indices are marked dmin = −1, and the update dmin(m)←
min(dmin(m), ∥ · ∥22) preserves the mark. Before step j,
|Cinit|+(j−1) ≤ B−1 < M , so an unselected index exists
and the argmax returns it. Each step adds a new token,
giving |C| = |Cinit|+Bexpan = B.
Coverage. Chain Lemma 1 and Lemma 2.

Lemma 3 (Greedy pick realizes dH ). δ(tm∗
j+1

; Cj) =

dH(X, Cj).

Proof. Stage 2 selects m∗
j+1 = argmaxm/∈Cj δ(tm; Cj)2

(i.e., Dspatial); as u ↦→ u2 is increasing on [0,∞), this equals
the argmax of δ. Since δ(t; Cj) = 0 for t ∈ Cj , the max-
imum of δ(·; Cj) over X equals its maximum over X \ Cj
whenever dH(X, Cj) > 0, and both equal 0 otherwise.

Proposition 1 (2-approximation at the expansion budget).
Let OPTk(X) = min|A|=k dH(X,A) and r = dH(X, C).
If Bexpan ≥ 1, then dH(X, C) ≤ 2 ·OPTBexpan(X).

Proof. Let Rj = dH(X, Cj); by Lemma 2, R0 ≥ · · · ≥
RBexpan = r. If r = 0, the claim is immediate, so assume
r > 0. For 1 ≤ i < j ≤ Bexpan, m∗

i ∈ Cj−1, so by Lemma 3,
∥tm∗

j
− tm∗

i
∥2 ≥ δ(tm∗

j
; Cj−1) = Rj−1 ≥ r. Pick x∗ ∈ X

with δ(x∗; C) = r (unselected, since r > 0); it is ≥ r
from every selected token, so P = {tm∗

1
, . . . , tm∗

Bexpan
,x∗}

is a set of Bexpan + 1 points pairwise ≥ r apart. Let A
be any index set with |A| = Bexpan and ρ = dH(X,A).
Since |P | > |A|, two points p,q ∈ P share a nearest index
a ∈ A, so by the triangle inequality r ≤ ∥p − q∥2 ≤
∥p − ta∥2 + ∥ta − q∥2 ≤ 2ρ. Thus, minimizing over A
gives r ≤ 2 ·OPTBexpan(X).

Remark 1 (coverage interpretation). Proposition 1 bounds
the final selection C, but against OPTBexpan rather than
OPTB , since the Binit voxel seeds need not be mutually
separated and the pairwise argument uses the Bexpan FPS
picks together with the worst-covered point. Combined with
Theorem 1, CoVeR attains:

dH(X, C) ≤ min
(︁√

3 vs, 2 ·OPTBexpan(X)
)︁

Table A4. Category-level performance on OpenEQA. We com-
pare CoVeR with VTC [24] and DTC [24] based on their published
scores, computed by GPT-4 [1]. LLM-Match. is the overall score
across seven categories and Rel. is average percentage of perfor-
mance maintained. Categories: (a) object recognition, (b) object
localization, (c) attribute recognition, (d) spatial understanding, (e)
object state recognition, (f) functional reasoning, and (g) world
knowledge. *LLaVA-OV-7B

Methods
EQA Category

LLM
Match. Rel.(a) (b) (c) (d) (e) (f) (g)

Retain 100% Tokens

LLaVA* 48.6 43.0 74.4 43.6 74.5 53.1 55.0 56.2 100

Retain 43% Tokens

VTC – – – – – – – 54.2 96.4
DTC – – – – – – – 54.3 96.6
CoVeR 49.9 40.3 74.6 45.2 71.6 54.0 54.6 55.9 99.5

Retain 26% Tokens

VTC 40.3 35.7 62.9 40.3 71.5 52.5 49.5 50.5 89.9
DTC 44.6 39.4 72.7 43.9 71.3 53.0 53.2 54.1 96.3
CoVeR 47.9 40.0 72.8 45.1 73.0 54.2 54.6 55.5 98.8

Retain 17% Tokens

VTC 37.2 33.1 59.9 38.4 65.9 51.0 45.9 47.4 84.3
DTC 41.2 38.1 68.3 42.3 70.5 55.3 50.7 52.5 93.4
CoVeR 46.7 40.1 68.4 45.1 69.9 54.3 53.3 54.0 96.1

Retain 8% Tokens

VTC – – – – – – – 43.6 77.6
DTC – – – – – – – 49.3 87.7
CoVeR 43.1 34.7 61.9 41.7 65.9 52.0 51.4 50.1 89.1

These bounds provide complementary guarantees on the final
coverage without solving the NP-hard k-center objective.
Remark 2 (case 3). If |Cinit| > B, CoVeR keeps the repre-
sentatives of the B most populated voxels (Sec. 3.3). The
budget is still exact, but this subset drops some voxel repre-
sentatives, so Lemma 1 need not hold. This case does not
arise at any budget or split we evaluate.
Summary. The analysis gives (1) an exact per-scene budget
|C| = B; (2) under the inactive-safeguard condition, every
token within

√
3 vs of a retained token after stage 1, pre-

served through stage 2; and (3) a 2-approximation to the
k-center optimum at the expansion budget. Stage 1 thus con-
tributes the absolute

√
3 vs bound at low cost, while stage 2

fills the rest with a 2-approximation.
Fig. A2 validates the bound: dH(X, C) rises gradually as

the budget shrinks but stays well below
√
3 vs, showing the

bound is conservative.

C. Results on Token Recovery and Expansion

Figure A3 shows the cumulative distributions on Token Re-
covery (TR) and Token Expansion (TE) at all budget levels.
At every budget, the TR curve reaches one, so for every
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Figure A3. Cumulative distributions of directed nearest-neighbor distances on ScanQA across multiple token budgets. At all budgets,
the Token Recovery (TR) reaches one, which indicates CoVeR keeps a token near every region SeGPruner selects, within 1.1%, 1.4%, 1.8%,
and 2.4% of the scene diagonal, respectively. The Token Expansion (TE) also shows that CoVeR additionally covers regions SeGPruner
leaves unrepresented.

Table A5. Category-level performance on OpenEQA. We com-
pare CoVeR with VisPruner [75] and SeGPruner [34], computed
by GPT-4o [28]. LLM-Match. is the overall score across seven
categories and Rel. is the average percentage of performance main-
tained. Categories: (a) object recognition, (b) object localization,
(c) attribute recognition, (d) spatial understanding, (e) object state
recognition, (f) functional reasoning, and (g) world knowledge.
*LLaVA-OV-7B

Methods
EQA Category

LLM
Match. Rel.(a) (b) (c) (d) (e) (f) (g)

Retain 100% Tokens

LLaVA* 53.9 43.4 77.6 49.1 73.1 58.9 57.0 59.1 100

Retain 43% Tokens

VisPruner 52.3 41.9 76.0 49.0 74.0 58.2 57.2 58.4 98.8
SeGPruner 52.5 43.2 74.3 50.2 73.0 56.2 56.3 58.0 98.1
CoVeR 52.5 41.2 77.1 51.3 71.9 58.9 57.2 58.6 99.2

Retain 26% Tokens

VisPruner 51.0 39.2 75.5 51.4 70.8 56.8 55.4 57.1 96.6
SeGPruner 49.9 39.8 76.2 50.1 72.6 57.4 56.7 57.5 97.3
CoVeR 51.0 40.9 75.1 49.9 73.2 57.8 56.0 57.7 97.6

Retain 17% Tokens

VisPruner 50.4 38.6 70.9 50.1 69.1 57.6 54.8 55.9 94.6
SeGPruner 48.3 38.7 72.4 50.6 69.1 57.3 56.6 56.0 94.8
CoVeR 49.7 41.4 72.0 50.5 70.3 58.3 55.4 56.8 96.1

Retain 8% Tokens

VisPruner 40.5 36.9 65.5 45.5 64.6 56.7 51.4 51.5 87.1
SeGPruner 44.6 38.6 63.4 46.6 65.8 55.0 53.5 52.5 88.8
CoVeR 47.3 36.3 65.6 46.3 66.2 55.5 54.0 53.0 89.7

region SeGPruner selects, CoVeR retains a token nearby,
within 2.4% of the scene diagonal at the tightest budget.
The TE further shows that CoVeR also places tokens in re-
gions SeGPruner leaves uncovered. By prioritizing coverage,
CoVeR still retains the informative regions that learned im-
portance methods select, while additionally covering other
regions in the scene. This shows our advantage over learned
importance, which spends its budget on near-duplicate to-

kens from a few prominent regions and thus leaves the scene
unrepresented.

D. Additional Quantitative Results

OpenEQA Category Analysis. CoVeR is particularly
strong on spatial understanding (Tables A4-A5). At 17%
retention, its spatial score exceeds the full model when
evaluated via GPT-4 LLM Match (45.1 vs. 43.6) and
GPT-4o (50.5 vs. 49.1). At 8%, it also gives the best
object-recognition score (47.3 vs. 44.6 for SeGPruner and
40.5 for VisPruner), with 89.1-89.7% overall retention across
both judges.

Other 3D Reasoning Models. Tables A6 and A7 provide
a broader context across task-specific 3D models, video
LMMs, and general VLMs. CoVeR reaches 50.1 OpenEQA
LLM-Match with 8% of tokens and loses only 0.7 points
at 26% while outperforming prior models. On ScanQA,
23% retention yields 28.5 EM@1, exceeding the listed task-
specific and open VLM systems. Thus, the pruned model
remains competitive in absolute terms, not only relative to
its full-token LLaVA-OV-7B baseline.

E. Additional Qualitative Results

Figures A4, A5, A6, A7, and A8 provide additional qualita-
tive results from ScanQA, SQA3D, and OpenEQA datasets.
Across different token budgets and 3D reasoning tasks,
CoVeR preserves sufficient visual evidence to support object
understanding, spatial and situated reasoning, and embod-
ied question answering despite significant token pruning.
These visualizations complement our quantitative findings
by demonstrating that coverage-based token pruning main-
tains diverse scene information to perform 3D multi-view
reasoning.
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Table A6. OpenEQA comparison. CoVeR remains competitive,
relative to both commercial and open VLMs, after removing up
to 92% of visual tokens. (·) denote change from the base model.
LLM-Match uses GPT-4 [1].

Models LLM-Match↑

Blind Text-only LLM baseline
GPT4 [1] 33.5
LLaMA-2 70B [54] 28.3

Closed VLM models
Claude-3 Opus 36.3
Gemini 1.0 Pro Vision [52] 44.9
Claude-3.5 Sonnet 48.7
GPT4-V (15 frames) [1] 54.6
GPT4-V (50 frames) [1] 55.3

Open VLM models
Video-LLaMA [73] [EMNLP 2023] 20.0
LLaMA-2 w/ Concept Graph [42] [CVPR 2024] 28.7
AuroraCap [6] [ICLR 2025] 28.9
Video-ChatGPT [41] [ACL 2024] 32.1
LLaMA-2 w/ Sparse Voxel Map [42] [CVPR 24] 34.3
LLaMA-2 w/ LLaVA-1.5 Caption [42] [CVPR 24] 36.8
Chat-UniVi [30] [CVPR 2024] 42.3
Video-LLaMA2 [10] [arXiv 2024] 49.2
InternVL2.5 (16 frames) [9] [arXiv 2024] 54.4
MovieChat (w/ LLaVA-OV-7B) [49] [CVPR 2024] 54.9
LLaVA-3D (32 frames) [83] [ICCV 2025] 53.2
Qwen2.5-VL (16 frames) [4] [arXiv 2025] 50.8
Magma (16 frames) [66] [CVPR 2025] 49.1
NVILA (16 frames) [38] [CVPR 2025] 54.0
InternVL3 (16 frames) [84] [arXiv 2025] 55.5
ThinkAct (16 frames) [22] [NeurIPS 2026] 56.2

Ours (12 frames)
LLaVA-OV-7B (100%) 56.2
w/ CoVeR ↓44% tok 56.0 (-0.2)

w/ CoVeR ↓57% tok 55.9 (-0.3)

w/ CoVeR ↓74% tok 55.5 (-0.7)

w/ CoVeR ↓83% tok 54.0 (-2.2)

w/ CoVeR ↓92% tok 50.1 (-6.1)

Table A7. ScanQA (val) comparison. CoVeR remains competitive
with task-specific 3D models, video-LMMs, and fine-tuned 3D-LMMs,
after removing up to 91% of visual tokens, without 3D-specific training
or learned pruning.

Models EM@1↑
Task-specific models
VoteNet+MCAN [70] [CVPR 2019] 17.3
ScanRefer+MCAN [70] [CVPR 2019] 18.6
ScanQA [2] [CVPR 2022] 21.1
Jin et al. [31] [CVPR 2023] 21.7
3D-VisTA [85] [ICCV 2023] 22.4
3DVLP [77] [AAAI 2024] 24.0
DSPNet (20 frames) [39] [CVPR 2025] 23.5

Video-LMMs
Agent3D-Zero [76] [ECCV 2024] 17.5
LLaVA-NeXT-Video [37] [arXiv 2024] 18.7
MovieChat (w/ LLaVA-OV-7B) [49] [CVPR 24] 26.0
AuroraCap [6] [ICLR 2025] 17.2

Task-specific fine-tuned image/video LMMs
NaviLLM [81] [CVPR 2024] 23.0
Spatial-MLLM-4B [59] [NeurIPS 2025] 26.3
SPAR-mix [74] [NeurIPS 2025] 27.7
SplatTalk-ScanQA-FT (100 frames) [53] [ICCV 2025] 22.3
Proxy3D (32 frames) [29] [CVPR 2026] 25.2

Task-specific fine-tuned 3D-LMMs
3D-LLM [21] [NeurIPS 2023] 20.5
FE-3DGQA [80] [TCSVT 2022] 22.3
ChatScene [23] [NeurIPS 2024] 21.6
LEO [25] [ICML 2024] 24.5
Scene-LLM [17] [WACV 2025] 27.2
Yuan et al. [71] [CVPR 2025] 22.9
Inst3D-LMM [69] [CVPR 2025] 24.6

Ours (12 frames)
LLaVA-OV-7B (100%) 28.2
w/ CoVeR ↓46% tok 28.7 (+0.5)

w/ CoVeR ↓60% tok 28.9 (+0.7)

w/ CoVeR ↓77% tok 28.5 (+0.3)

w/ CoVeR ↓86% tok 27.9 (-0.3)

w/ CoVeR ↓91% tok 27.1 (-1.1)

F. Broader Impact

Positive impact. CoVeR significantly reduces inference
computation and memory, while maintaining the perfor-
mance of baseline VLMs, making multi-view 3D reason-
ing more accessible to users with limited computational
resources. It also provides precise token reduction control in
VLMs. CoVeR also potentially lowers deployment energy
costs in robotic and embodied AI applications.
Potential negative impact. Real-world visual reasoning can
raise important privacy concerns. In addition, aggressive
pruning may discard important cues, potentially leading
to incorrect VLM answers in safety-critical systems like

healthcare or autonomous driving. Besides, since CoVeR is
a general-purpose method, it may inherit the societal risks,
biases, and failure modes of its underlying VLMs and data.
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Figure A4. Visual Results on ScanQA [2] at 23% token retention.

Figure A5. Visual Results on ScanQA [2] at 23% token retention.
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Figure A6. Visual Results on SQA3D [40] at 43% token retention.

Figure A7. Visual Results on SQA3D [40] at 26% token retention.

20



Figure A8. Visual Results on OpenEQA [42] at 40% token retention.

21


	Introduction
	Related Works
	Methodology
	Problem Formulation
	Why Voxelization Is Insufficient
	Overview
	Coverage Initialization
	Coverage Expansion
	Coverage Objective

	Experiments and Results
	Main Results
	Geometric Coverage Analysis
	Efficiency and Generalization
	Design Ablations

	Conclusion
	Implementation Details
	Benchmarks
	Baselines
	Evaluation Metrics
	Backbones
	Packages
	Coverage Metrics
	Ablation Study

	Theoretical Analysis of CoVeR
	Results on Token Recovery and Expansion
	Additional Quantitative Results
	Additional Qualitative Results
	Broader Impact

