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Abstract

Modern Vision-Language Models (VLMs) benefit from chain-of-thought prompt-
ing and test-time scaling, but these gains often come with prohibitive inference cost
due to large visual contexts and long decoding chains. We view this cost through
two coupled axes: Visual Context Scaling (VCS), which controls how much visual
evidence is passed to the language model, and Visual Reasoning Scaling (VRS),
which controls how much inference-time reasoning search is performed. Exist-
ing methods typically optimize one axis at a time, leaving the joint allocation of
compute across these axes underexplored. We introduce Adaptive Visual Inference
Scaling (AVIS), a lightweight policy that adapts both VCS and VRS per query.
AVIS realizes VCS through Key Diversity Visual (KDV) pruning, a training-free
O(N) key-based rule for removing redundant visual tokens before prefilling, and
realizes VRS through adaptive self-consistency, using a learned difficulty predic-
tor to select the number of reasoning rollouts. AVIS is deployment-friendly and
compatible with shared-prefill inference, where all rollouts reuse a single prefilling
pass and KV cache. Across diverse image and video reasoning benchmarks, AVIS
improves the accuracy—compute trade-off relative to VCS-only and VRS-only
baselines, and remains effective on top of RL post-trained VLMs while keeping
compute and latency low.

1 Introduction

Vision-Language Models (VLMs) are rapidly evolving from captioning systems into strong visual
reasoners [1, 2} [3]. A key driver has been chain-of-thought (CoT) prompting and reasoning-oriented
post-training, which encourage step-by-step rationales instead of single-shot answers [4, 15} |6]]. While
effective on complex tasks, these advances substantially increase inference cost: high-resolution
images or videos induce large visual contexts, and CoT-based inference often requires long generations
or repeated rollouts, such as Best-of-/V [[7, (8] and self-consistency [9]. As VLMs are increasingly
deployed, a central challenge is adaptive visual reasoning: adaptively allocating inference compute,
spending little on easy instances and more on challenging ones, without sacrificing accuracy.

For a given input pair (I, @), where [ is an image or video and @ is a query, inference compute
is primarily spent along two coupled axes: seeing and thinking. The seeing compute controls how
much visual evidence is passed to the language model as context, such as how many visual tokens are
retained after compression or pruning. We refer to this as Visual Context Scaling (VCS). Increasing
VCS preserves richer evidence, but raises prefilling cost and KV-cache memory. In contrast, the
thinking compute controls inference-time reasoning search, either sequentially through longer or
iterative CoT traces, or in parallel through sampling multiple trajectories and aggregating them with
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Best-of-N or self-consistency. We refer to this as Visual Reasoning Scaling (VRS). Increasing VRS
expands the search over reasoning paths, but increases decoding compute.

Existing inference methods typically optimize
one axis at a time, independently. Visual token
pruning and compression [10, [11] reduce VCS
for efficiency, often under single-pass decoding,
while test-time scaling increases VRS through
longer CoT traces or multiple rollouts [[12], typi-
cally treating the visual context as fixed. This
leaves a key gap: how should a VLM adap-
tively allocate resources between VCS and VRS
for each (I,Q)? We cast this as a compute-
allocation problem. Given a multimodal query
workload and a configuration 6 that controls both
visual context size and reasoning search, we char-
acterize the resulting trade-off surface and show
how to exploit it to improve accuracy while min-
imizing compute.

We present Adaptive Visual Inference Scaling
(AVIS), a lightweight, sample-dependent pol-
icy for test-time compute allocation in VLMsf.
Given a target workload, AVIS predicts a per-
sample inference configuration over both VCS
and VRS. Intuitively, it decides how much visual
evidence to retain and how much inference-time
reasoning search to perform to improve accuracy
without unnecessary computation. We formalize
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Figure 1: Accuracy—compute trade-off on

Qwen2.5-VL-7B. We report average score over
12 image benchmarks (blue) and 6 video bench-
marks (red), with inference FLOPs normalized to
Vanilla (p=0, K=1). The plot compares Vanilla,
VRS with fixed rollout budgets, KDV with vi-
sual pruning, and AVIS with adaptive compute
allocation. AVIS improves over Vanilla while
substantially reducing FLOPs, achieving a better
accuracy—compute trade-off by reallocating com-
pute from redundant visual context to additional
rollouts only when needed.

this as a compute-allocation problem over the two
inference axes introduced above. In AVIS, VCS is implemented through visual token pruning before
prefilling, while VRS is implemented through selfconsistency over K chain-of-thought rollouts.

Based on this instantiation, AVIS adopts a two-stage policy for adaptive compute allocation. To reduce
VCS, we introduce Key Diversity Visual (KDV) pruning, a training-free visual token selection rule
applied before prefilling that uses diversity in attention-key representations as a redundancy signal.
KDV runs in O(N) time and requires no additional training. For VRS, AVIS uses self-consistency
with majority voting and a difficulty predictor. The predictor allocates the largest rollout counts to an
intermediate hard-but-solvable questions, while assigning fewer rollouts to samples at either easy
and hard extreme. These choices interact naturally with shared-prefill inference: pruning lowers the
one-time prefilling cost, and the resulting KV cache can be reused across all K rollouts, making
additional reasoning search substantially cheaper. In this way, AVIS reallocates compute from
redundant visual context to useful reasoning search while keeping inference cost low.

We evaluate AVIS across a wide range of visual reasoning tasks, spanning mathematical, visual
reasoning, and general VQA benchmarks on both images and videos. We compare against VCS-
only and VRS-only baselines, reporting accuracy alongside inference compute measured in FLOPs.
shows how our method improves the model performance while also reducing its compute.
We further show that shared-prefill makes parallel search efficient: on modern inference engines,
AVIS scales reasoning and improves performance while keeping both FLOPs and latency below the
corresponding baseline. We also conduct extensive ablations to characterize the VCS—VRS trade-off
surface and analyze how AVIS interacts with RL-post-trained models. For consistency, we use
Qwen2.5-VL [1]] as our primary backbone due to its popularity and strong open-source ecosystem.
Across settings, AVIS’s sample-dependent allocation consistently improves accuracy at fixed or
reduced compute, capturing much of the benefit of test-time scaling without its full cost.

Our main contributions are as follows:

— We introduce a unified view of VLM inference along two coupled axes, Visual Context Scaling
(VCS) and Visual Reasoning Scaling (VRS), and characterize their interaction and trade-offs.

— We propose AVIS, a lightweight policy that adaptively prunes redundant visual context and scales
reasoning search, enabling sample-dependent compute allocation.
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Figure 2: Adaptive Visual Inference Scaling (AVIS). Given a query z = (I, Q), we first apply an
adaptive, training-free key-diversity pruning rule to remove redundant visual tokens and produce a
compact visual prefix. We then run self-consistency with K shared-prefill rollouts and aggregate
answers by majority vote. A lightweight difficulty predictor estimates per-sample difficulty and maps
it to an appropriate rollout count K, enabling adaptive compute allocation across the workload.

— We introduce KDV, a training-free O(NN) visual token pruning rule for VCS, together with a
lightweight difficulty predictor for VRS.

2 Related Work

Reasoning VLMs. VLMs have improved dramatically, delivering strong results across a broad set
of visual and multimodal tasks [13} [14} [15} 2| (1} 3]]. These gains have been enabled by larger and
better-aligned LLM backbones, stronger vision encoders with improved resolution/temporal handling,
higher-quality data, and reasoning-focused post-training [3} [16} (17, [18} [19] 20} 21} 22]. Despite rapid
progress in VLM training, fest-time compute allocation for visual reasoning remains underexplored,
especially how to trade off compute spent on visual context versus reasoning-time search.

Visual Reasoning Scaling (VRS). VRS improves reasoning by allocating additional inference-time
compute to search, either through parallel sampling and aggregation, such as Best-of-N, self-
consistency, and majority voting [l 23| 24} 23], or through sequential refinement, such as iterative
revision, resampling, and reflection [26] [28]]. This direction has been extensively studied for
LLMs, including compute-aware sampling and aggregation policies [29] [30} 31} 32, [33]]. For VLMs,
recent work has explored RL-based tuning to enable models to allocate CoT length more adaptively
based on task difficulty [351 36} [37]. Other studies report consistent Best-of-IN and majority-vote
gains on multimodal benchmarks across model families and post-training recipes [12] 39, [40].
However, these approaches typically treat the visual context as fixed, rather than jointly optimizing
seeing through visual context allocation and thinking through reasoning-time search.

Visual Context Scaling (VCS). A key efficiency bottleneck in VLM inference is visual context length:
high-resolution images, multi-crop inputs, and video frames produce long visual token sequences
that inflate prefilling FLOPs and KV-cache memory. Accordingly, many methods reduce visual
tokens/frames before or during prefilling, varying by where pruning occurs (ViT-only, early-to-
late LLM layers, or hybrid) and by what signal is used: (i) importance/attention-based heuristics
or (ii) redundancy/similarity-based grouping [46)], [50, 5T1]]. Pruning
signals interact with deployment constraints: optimized kernels (e.g., FlashAttention [52]) do not
materialize full attention matrices, so attention-based methods that reconstruct attention at selected
layers [44] [53] can add substantial overhead and may trigger out-of-memory for long contexts (e.g.,
videos). Similarity/graph-based approaches can also be costly due to iterative O(N?) time and
memory [47, 41]]. While any of these methods could plug into our pipeline, we opt for a simpler key-
diversity proxy inspired by KeyDiff [54], which links lower pairwise cosine similarity among keys to
higher attention scores and proposes an O(N) eviction rule; we adapt and improve this technique for
visual token pruning. Finally, VCS is often studied under single-pass decoding with heuristic prune
rates; we extend it to joint, sample-dependent search over both VCS and reasoning-time search.

3 Problem Setup

We consider a multimodal query 2 = (I, @), where I is an image or video and ) is a textual prompt.
A VLM encodes I into visual embeddings £, € R™*? and tokenizes () into text embeddings



E, € R"*4_ Conditioned on this multimodal prefix, the language model generates y ~ Py (- | I,Q),
which may include reasoning tokens and a final answer a(y).

At test time, inference compute is spent in three places: (i) the vision encoder forward pass, (ii) a
prefill pass over the multimodal prefix that builds the KV cache, and (iii) autoregressive decoding.
We focus on two sample-dependent inference levers that govern this cost: VCS, which controls how
much visual evidence is passed to the language model, and VRS, which controls how much inference-
time reasoning search is performed. For each query x, we represent an inference configuration by
0 = (p, K), where p € (0,1] denotes the pruned fraction of visual tokens and K the number of
reasoning trajectories sampled at decoding time. In general, increasing p lowers prefilling cost and
KV-cache usage, while increasing K raises decoding cost.

3.1 Adaptive Compute Objective

Given a target workload Dyyeer = {(z4,y7)}2,, where z; = (I;, Q;), let By denote the total
inference compute of a baseline VLM evaluated with no visual pruning and K = 1. Our goal is to
improve accuracy by reallocating compute across examples through VCS and VRS, while keeping
the total expected compute below this baseline.

For a query x;, let a(x;; 6;) denote the prediction under inference configuration 6; = (p;, K;), and
let F'(x;; 6;) denote the corresponding inference compute. We seek a sample-dependent allocation
policy 7 that maps each query to a configuration (§; = m(z;)) to maximize accuracy while having
lower compute than that of the baseline:

D D
max S E(a(esw(zi) =) st Y E[F(wi7(x:))] < Brase. (1)
i=1

i=1

Under mild assumptions on the scaling of prefilling and decoding cost in the shared-prefill regime,
the per-example inference compute under configuration 6; = (p;, K;) can be approximated aﬁ

F(z3;0;) = Fy(L;) + Ca(pine,i + ngi + KiT5), )

where C'y¢ is an LLM-dependent constant denoting the average FLOPs incurred by the language
model stack per processed token, and 7; is the number of decoded tokens under the vanilla baseline
with no pruning and K = 1. Since F,(I;) is fixed across all inference configurations, Eq. (2) suggests
that the total compute allocated to a query can be linearly estimated and controlled through two
quantities: the retained prefill tokens and the total decoded tokens.

3.2 Visual Context Scaling

VCS refers to how much visual evidence is provided to the language model. In general, VCS could
be controlled through token compression, pooling, or pruning. In AVIS, we instantiate VCS through
visual token pruning before prefilling, i.e., by selecting a subset of visual tokens from E,, and passing
only those retained tokens to the language model. This choice directly reduces multimodal prefix
length, lowering prefilling FLOPs and KV-cache memory.

To implement this efficiently, we introduce Key Diversity Visual (KDV) pruning, a training-free
key-based scoring rule inspired by KeyDiff [54], originally proposed for KV-cache eviction in LLMs.
KDV scores each visual token using diversity in its attention-key representation, favoring tokens
whose keys are less aligned with the average key direction and thus less redundant. To better capture
multi-head structure, we compute a head-aware score

H
ry = f% > CosSim (u(Kn). fni) 3)
h=1

where kj, ; is the normalized key of token 7 at head h, and p(K7},) is the mean normalized key
for that head. We then retain the top-ranked tokens according to r;, yielding a retained fraction
p. KDV is training-free, runs in O(n,) time up to the top-k selection step, and is compatible
with optimized attention kernels. KDV prunes visual tokens before the language-model. This

2The derivation and empirical validation are deferred to the appendix.



placement is particularly well suited to AVIS: the shared prefill can be reused across all reasoning
rollouts. Moreover, recent work suggests that pruning before the LLM can outperform in-LLM
pruning [49 48], which is consistent with our empirical findings. Together, these choices make KDV
a lightweight, practical, and effective VCS mechanism for adaptive multimodal inference.

3.3 Visual Reasoning Scaling

VRS refers to the amount of inference-time reasoning search performed for a query. In principle,
this can be increased in several ways, such as longer chain-of-thought traces, iterative refinement,
or multiple sampled rollouts. In AVIS, we instantiate VRS through self-consistency with majority
voting over K independently sampled chain-of-thought trajectories. Larger K expands the search
over reasoning paths, but also increases decoding compute.

A key practical advantage of this choice is its compatibility with shared-prefill inference: all K
rollouts reuse the same visual features and prefilling KV cache, so increasing K mainly adds decoding-
side cost rather than repeating the full multimodal forward pass. In the next section, AVIS uses a
lightweight difficulty-aware predictor to choose K adaptively for each query.

Given our adaptive compute allocation objective and the two concrete algorithms that control VCS
and VRS, we now introduce AVIS, a lightweight policy that approximately optimizes this objective.

4 Adaptive Visual Inference Scaling (AVIS)

AVIS employs a two-stage approach to solve (I)): (i) an adaptive visual-token selection rule that
reduces redundant visual context, and (ii) a difficulty-aware rule that allocates reasoning rollouts via
self-consistency. The overall architecture is shown in

4.1 Adaptive Visual Context Scaling

Adaptive KDV. Recall the KDV retention score 7; (3, which is the (negative) mean cosine alignment
of token ¢ to the per-head anchor directions. Instead of selecting a fixed top-N set, we obtain an
adaptive retained set by thresholding key—anchor angular separation. For a hyperparameter 7 € [0, 7],
we retain tokens whose average angle from the anchor exceeds T, i.e.,

Sr(z) = {ief{l,...;ny} : 1y > —cos(r)}. “4)

This yields a sample-dependent retained fraction p(z) = |S-(x)|/n, at essentially the same cost as
KDV scoring (linear in n,,, up to thresholding).

4.2 Adaptive Visual Reasoning Scaling

Self-consistency draws K i.i.d. reasoning trajectories and aggregates their extracted answers via
majority voting. Let p(z) denote the probability that a single trajectory produces the correct answer.
Under the standard i.i.d. modelE]the probability that self-consistency is correct is

K K\ . ,
Psc(p,K) = Y ()pﬂ(l—p)“ﬂ. (5)
J=[(K+1)/2]

This highlights two regimes: when p(x) is already close to 1, additional trajectories yield diminishing
returns; when p(2)<0.5, more trajectories may even degrade accuracy. Our policy, therefore, allocates
a larger K for queries that are likely solvable but not trivial.

Learned difficulty predictor. We train a lightweight head that predicts, for each query =z, a solvability
score p(zx) € [0,1] from the visual embeddings E,. The predictor and the rollout-selection rule play
distinct roles: the predictor learns an input-dependent signal for whether additional reasoning is likely
to help, while the subsequent binning rule is a calibrated decision layer that converts this signal into a
discrete rollout budget. This distinction is important because the benefit of self-consistency is not
monotonic in difficulty. From [Equation 3] increasing K has little marginal value when p(z) is already

3For multi-class answers, self-consistency returns the plurality winner (largest vote count), not necessarily a strict majority.
Eq. () corresponds to the binary/“correct vs. incorrect” view and serves as a useful approximation for understanding how
accuracy scales with K.



high (very easy), since a single trajectory is likely correct, and can also be ineffective when p(z) is
very low (very unlikely to be solvable), since majority voting is unlikely to recover the correct answer.
The largest expected gain, therefore, occurs for intermediate, hard-but-solvable examples. AVIS uses
this observation to allocate additional rollouts only to inputs with high predicted marginal utility,
rather than simply assigning more compute to all difficult examples.

To obtain supervision, we construct a representative calibration set and run the base VLM with
Kmax = 10 rollouts for each example. We estimate its empirical solvability as p(x;) =

ﬁ Zfz““f" 1[5® (z;) = yj*] , and binarize this value with threshold 0.5 to indicate whether
the example is solvable under strong self-consistency. The predictor takes the visual embeddings
as input, applies a short stack of 1D Conv—GroupNorm—SiL.U layers along the token dimension,
followed by global average pooling and a shallow MLP, and outputs logits s(z;) € R?. At test
time, we interpret p(z;) = softmax(s(z;))1 as the predicted solvability score. Finally, because
the deployment action space is discrete, K € {1,3,5,7}, we map p(x) to a rollout count using a
calibrated piecewise-constant budget policy:

p(x) [ [0,01) [b1,b2) [b2,b3) [b3,bs) [ba,b5) [bs, 1]
K| 1 5 7 5 3 1

The bin boundaries {b,}>_, are selected once on the calibration set to satisfy the global compute
budget and are then fixed for all evaluations. Thus, the binning rule is not intended as a learned
model by itself; it is a deployment-friendly action-selection layer over a learned solvability predictor,
designed to concentrate reasoning compute on the examples where self-consistency is expected to
provide the highest return. The non-monotonic shape follows the inverted-U marginal utility of
majority voting[Equation 3} rollouts help most for intermediate p(x) and are wasted at either extreme.

Calibration set. We construct a calibration set D, = {(z;,y})}}Z, representative of the deploy-

ment workload. Each example z; = (I;,Q;) is a multi-choice query with a ground-truth answer
y7r. Following S1 guidelines [29]], we curate D.,; using three principles: Quality, Diversity, and
Difficulty. Starting with a set of 73,139 images and videos we arrive at 5000 multi-choice questions
(4000 images, 1000 videos) to train the policy. Details of the curation process are provided in

§Appendix B| Next, for each (x, y;), we run the base VLM with K., =10 rollouts, p(z;) is then
calculated as =— Y"1 1(5*) (x;) = y}). We then binarize this signal using a fixed threshold

0.5 to obtain a supervision label y; = 1(p; > 0.5), which indicates whether z; is “solvable” under
strong self-consistency.

During the training, the predictor takes as input the sequence of visual token embeddings, processes
them with a short stack of 1D Conv—GroupNorm-SiLU layers along the token dimension, followed
by global average pooling, and feeds the resulting vector into a shallow MLP producing logits
s(z;) € R2 At test time, we interpret f(z;) = softmax(s(z;)), as the predicted solvability
probability and deterministically map it to a rollout count K € {1, 3,5, 7} via the binning rule.

S Experiments

5.1 Experimental Setup

We evaluate the effectiveness and efficiency of our adaptive visual reasoning policy, AVIS, on image
and video benchmarks. We use Qwen2.5-VL-7B [1]] as the backbone and run all methods in CoT
mode using the <think> </think> and <answer> </answer> format [4]. For AVIS, we use the
pruning threshold 7 = 7 /4, which yields an average pruning ratio of ~ 75%; our analysis (
shows this choice preserves key visual evidence while providing substantial compute savings. When
K=1 we use greedy decoding; when K >1 we sample with temperature 0.7 and top-p 0.9 and
aggregate by majority vote. We evaluate image and video benchmarks using VLMEvalKit [S5].

Baselines. We compare against a Vanilla baseline (){=1, no pruning) and fixed VRS-VCS setups.
For pruning baselines, we choose a fixed pruning ratio p=0.75 which is motivated by our finding in
that this pruning level offers a favorable accuracy—efficiency trade-off.

Image benchmarks. We evaluate on a diverse set of multimodal benchmarks. For images
our benchmarks span math reasoning (MathVista [56], MathVerse [S7], MathVision [58]), OCR
(DOCVQA [59]), multi-discipline reasoning (MMMU-Pro [60]), and general VQA (MME [61]],
MMStar [62]], MMBench [63], CVBench-2D [64], POPE [65]], BLINK [66], TreeBench [67]).



Table 1: Performance across inference strategies. We compare VRS-only scaling, KDV-based
VCS pruning, fixed joint VCS—VRS configurations, and AVIS, which adaptively selects both p and
K at test time. AVIS achieves the best overall compute—performance trade-off across 12 image and 6
video benchmarks. #F denotes FLOPs relative to Vanilla (p=0, K=1); lower #F is better.

| Vanilla | VRS-Only | KDV-Prune | AVIS

| p=0, K=1]|p=0, K=3 p=0, K=5 p=0, K=7|p=75%, K=1 p=75%, K=5| Adaptive
|Score #F |Score #F Score #F Score #F |Score #F  Score  #F | Score #F

Category Benchmark

MathVista 675 10 | 687 123 705 145 702 1.67| 666 038 689 0.83 68.1 0.46
Math MathVerse [57] 575 1.0 ]59.1 121 629 142 639 167|557 039 595 0.82 589 045
MathVision 224 1.0 (299 135 270 171 31.6 2.04|223 045 254 1.04 25.0 0.78
DocVQA 81.43 1.0 |88.44 1.03 89.71 1.06 90.73 1.09|76.79 027 8397 036 |87.71 032
MMMU-Pro 42.62 1.0 |43.66 1.18 45.68 1.30 46.23 1.46|40.54 032 4395 088 |43.10 0.68
MME 2263 1.0 | 2396 1.13 2386 1.26 2397 1392227 033 2373 0.58 | 2364 0.42
MMStar 620 1.0 |63.6 120 658 140 664 161|590 038 615 0.79 61.6 0.52
Image VQA MMBench 814 1.0 | 878 1.16 883 132 886 148|792 036 868 0.68 864 0.44
CVBench 706 1.0 | 739 1.11 749 122 755 142|705 033 743 0.55 73.1 043
POPE 843 1.0 | 8.6 1.10 849 1.19 848 128|839 032 847 050 845 0.38
BLINK 568 1.0 | 569 1.15 582 128 574 142|519 034 551 0.58 56.7 0.42
TreeBench 373 1.0 | 41.0 1.21 405 135 410 142|383 038 365 0.64 37.5 042
Video-MME 652 1.0 | 664 108 700 1.12 702 124|628 028 660 0.36 65.8 0.32
TempCompass 73.6 1.0 | 778 1.02 790 104 786 106|724 026 756 0.30 762 0.28
Video VQA Video-TT 352 10 |376 1.02 368 1.04 386 105|364 027 384 030 37.6 029
MVBench [71] 562 1.0 | 57.6 1.09 59.8 1.17 600 127|545 031 574 049 57.8 0.46
Q-Bench-Video [72] | 60.5 1.0 | 59.9 1.06 60.5 1.12 622 1.18| 584 029 613 042 60.9 0.38
Video-MMMU [73] | 464 1.0 | 482 1.05 47.8 1.08 481 1.12|429 028 464 033 46.8 0.30

Video benchmarks. For video understanding and reasoning, we evaluate on VideoMME [68]],
TempCompass [69], Video-TT [70], MVBench [71], Q-Bench-Video [[72], and Video-MMMU [73].

Compute measurement. We compare efficiency using FLOPs normalized by the Vanilla setting.
Since all configurations share the same vision encoder, differences are mainly driven by language-
model prefill and decoding. We also report wall-clock latency in §5.3]

o Table 2: Matched-FLOPs comparison. We
compare AVIS against fixed configurations cho-
sen to approximate its average compute budget
(~45% of Vanilla FLOPs). Under comparable
FLOPs, AVIS consistently outperforms fixed
VCS-VRS policies, showing the benefit of input-
adaptive allocation. #F denotes FLOPs relative
to Vanilla (p=0, K=1).
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5.2 Main Results

compares AVIS against a broad set of inference policies, including the Vanilla baseline,
VRS-only and VCS-only variants, and fixed joint VCS—VRS configurations. [Figure I|summarizes
the corresponding Pareto trade-off between performance and compute, while [Table 2| provides an
iso-compute comparison across policies.

Findings. Tables[1]and 2| highlight three main trends:

— As expected, increasing VRS improves accuracy at the cost of higher compute, whereas aggressive
VCS reduction degrades performance when applied in isolation. Coupling visual pruning with
reasoning scaling yields a better operating point: even fixed joint configurations can outperform
the base model while using fewer FLOPs than the baseline.



Table 4: AVIS on RL post-trained VLMs. We compare each checkpoint under Vanilla, fixed joint
scaling (p=75%, K=5), and AVIS with adaptive p and K. Across 6 image benchmarks, AVIS
preserves or improves accuracy with substantially lower FLOPs, showing that adaptive VCS—VRS
allocation transfers to RL post-trained VLMs.

Setting MathVista ~ MathVision MME MMStar CVBench POPE

Checkpoint Method‘ K Score #F Score #F Score #F Score #F Score #F Score #F
1
5

Baseline‘ 0% ‘675 1.0 224 10 2263 10 620 1.0 706 10 843 1.0

Qwen 2.5 VL [1] Fixed | 75% | 689 0.83 254 104 2373 058 61.5 079 743 055 847 0350
AVIS Adaptive | 68.1 046 250 078 2364 042 61.6 052 731 043 845 038
Baseline | 0% 1 [ 722 1.0 332 10 2328 10 646 1.0 769 10 829 10
VL-Rethinker [18] Fixed | 75% 5 ] 699 088 365 125 2402 0.61 592 084 73.6 0.64 82.0 052
AVIS Adaptive | 71.8 043 373 082 2463 046 61.3 054 761 042 847 040
Baseline | 0% 1 | 685 1.0 395 1.0 2408 10 634 10 727 10 85 10
Vision-R1 [5] Fixed | 75% 5 ] 693 081 408 120 2436 0.63 615 075 734 056 889 057
AVIS Adaptive | 69.6 039 41.1 078 2469 043 651 049 744 043 89.1 040
Baseline | 0% 1 | 687 1.0 279 1.0 2291 10 650 1.0 729 10 826 10
OpenVLThinker [75] Fixed | 75% 5 698 079 286 105 2435 055 634 072 742 050 832 048
AVIS Adaptive | 706 041 284 077 2437 039 642 048 748 039 845 034

— AVIS consistently provides a stronger compute—performance trade-off. Compared to the Vanilla
baseline, it improves mean accuracy on image and video benchmarks by 3% and 2.4%, respectively,
while reducing compute by 52% and 66%. Compared to the closest fixed baseline (p=0.75, K'=5),
AVIS achieves higher accuracy with 40% lower compute.

— Under approximately matched FLOPs, AVIS outperforms the closest competing policy by 3.7%.

5.3 Latency

We also measure wall-clock latency to validate the ben- Table 3: Latency Comparison. Decod-
efits of combining visual context reduction with self- ing latency for 100 image-question pairs
consistency. Table [3]reports decoding time for 100 image— with shared prefilling. Measurements
question pairs under shared prefilling. The Vanilla baseline are obtained on a single NVIDIA L40
(p=0, K=1) takes 795s. Among fixed configurations, in- (48 GB) GPU using vLLM v0.10.0 [74].
creasing rollouts (p=0%, K'=5) slightly exceeds the base-
line at 810's, while KDV pruning (p=75%, K=1) reduces  Method |

Setting | Total time | Reduction

(sec.) ratio

latency to 558 s. Combining both axes (p=75%, K=5) | p K| |
brings latency back near baseline at 789 s, while achieving ~ Vamilla | 0 1 | 795 | 1.0
higher accuracy with fewer visual tokens. AVIS achieves 0% 5 310 0.98
757 s, confirming that adaptive VCS—VRS yields tangible  Fixed | 75% 1 558 1.42
latency benefits in shared-prefill setups. % 3 789 Lol
AVIS | Adaptive | 757 | 1.05

5.4 RL Post-trained VLMs

Recent VLM work improves multimodal reasoning through GRPO-style RL post-training [4} 5, [18],
reporting gains across image and video reasoning benchmarks. In[Table 4] we evaluate three well-
regarded RL post-trained models under a fixed VCS—VRS setting of (p=75%, K=5) as well as AVIS,
and include the baseline Qwen2.5-VL results for reference. Across models and benchmarks, AVIS
preserves or improves accuracy while substantially reducing FLOPs. Overall, these results show that
the benefits from our approach extend well to RL post-trained VLMs.

5.5 Ablation Studies

Ablating KDV. KDV adapts the retained visual context to each input, preserving tokens around
salient regions while removing large, low-information background areas. This behavior supports the
premise that substantial visual pruning is possible without discarding evidence needed for downstream
reasoning. Quantitatively, KDV also compares favorably against other training-free pruning baselines
at a fixed 75% pruning rate, achieving the best average performance and retaining 97.99% of the
Vanilla accuracy across eight benchmarks. We provide qualitative visualizations of adaptive pruning

in[Figure 5]and the full pruning comparison in Appendix



Table 5: Adaptive vs. fixed allocation per axis. We compare one-axis adaptive policies against
AVIS, which jointly adapts visual context p and reasoning budget K. Joint adaptation achieves the
strongest compute—performance trade-off, showing that VCS and VRS are complementary.

| Vanilla | Fixed | One-Axis Adaptive | AVIS
Benchmark | p=0, K=1 | p=75%, K=5 | Adapt-p, K=5 p=75%, Adapt-K | Adaptive

| Score #F | Score #F | Score #F Score #F | Score #F
MathVision 22.4 1.0 22.3 1.04 249 1.05 25.3 0.83 25.0 0.78
MME 2263 1.0 2373 0.58 2347 0.52 2280 0.41 2364 0.42
DocVQA 81.4 1.0 83.97 0.36 84.7 0.35 86.2 0.31 87.7 0.32
CVBench 70.6 1.0 74.3 0.55 73.8 0.53 73.2 0.49 73.1 0.43
POPE 84.3 1.0 84.7 0.50 84.8 0.49 84.1 0.41 84.5 0.38

Ablating the difficulty predictor. We analyze the learned VRS controller to verify that AVIS does
not simply increase reasoning compute uniformly. As shown in[Figure 4]in the appendix, the selected
rollout distribution is strongly dataset-dependent, with average rollout counts of 2.12 on MMBench,
2.53 on MME, and 3.79 on Video-TT. This suggests that the predictor learns non-trivial allocation
patterns, assigning K = 1 to many easy or low-gain examples while reserving larger budgets where
self-consistency is more likely to help. We also compare alternative difficulty predictor architectures
in[Table 7] Compared with Perceiver [76] and Transformer-style predictors, our predictor achieves the
highest held-out accuracy (79.2%) and uses fewer rollouts at comparable downstream accuracy. For
example, on MMBench, it reduces the average rollout count from 3.25 to 2.12 relative to the Perceiver
predictor, lowering FLOPs from 0.59% to 0.44 x while maintaining similar accuracy. These results
support the difficulty predictor as an effective compute-allocation mechanism: sharper solvability
estimates let AVIS avoid unnecessary rollouts while preserving most self-consistency gains. Full
rollout-allocation and predictor-architecture results are provided in Appendix [C.1|and[C.2]

Adaptive vs. fixed allocation per axis. We also evaluate mixed policies that adapt only one axis
while keeping the other fixed, as shown in[Table 5] These ablations isolate the effects of adaptive
visual context allocation and adaptive reasoning allocation. Adaptive p improves over fixed KDV
pruning on several benchmarks, showing that input-dependent pruning retains more useful visual
evidence than a global pruning ratio. Adaptive K similarly improves the compute—performance
trade-off by concentrating rollouts on examples where self-consistency is most beneficial. Combining
the two yields the strongest overall policy: on DocVQA, AVIS reaches 87.7, exceeding both Adapt-p,
K=5 (84.7) and p=75%, Adapt-K (86.2), with comparable or lower compute. These results show
that visual context and reasoning budget are best adapted jointly rather than independently.

VCS-VRS trade-off. In we sweep the pruning ratio p from 0 to 0.9 and the rollout count
K from 1 to 9 (except K = 2) on the calibration set and plot the resulting accuracy. Along each
row (fixed p), accuracy generally increases as K grows. Along each column (fixed K), moderate
pruning (p ~ 0.2-0.7) keeps the model competitive with, or slightly better than the no-pruning case,
indicating the high redundancy and the effectiveness of our KDV. Only in the extreme regime (p>0.8)
do we observe clear accuracy degradation, showing that KDV can safely remove a large fraction of
visual tokens before performance begins to drop.

6 Conclusion and discussion

We studied adaptive visual reasoning in VLM inference through the joint allocation of visual context
and reasoning compute. We introduced AVIS, a deployment-friendly policy that prunes visual context
with lightweight KDV and reallocates the saved compute to parallel self-consistency via a difficulty-
aware rollout selector. Across image and video benchmarks, AVIS improves the accuracy—compute
trade-off over fixed configurations, showing that visual context and reasoning effort should be treated
as coupled inference-time resources rather than independent design choices.

AVIS is a first instantiation of adaptive VCS—VRS allocation. Predicting per-sample difficulty is
itself a challenging problem, which we do not claim to solve fully. Instead, following recent adaptive-
compute work for LLMs [32) [33]], we approximate difficulty using a coarse binary solvability
signal and a lightweight head over visual embeddings. Although deliberately simple, this design
already learns a meaningful allocation signal, as shown in our ablation studies. Two approximations
are particularly worth revisiting. First, the predictor uses only visual embeddings: incorporating
the question text could sharpen difficulty estimates, but using later LLM representations would
require running part of the LM prefill before deciding K, eroding the compute savings that motivate



our pre-prefill design. Second, AVIS treats visual pruning and reasoning allocation as largely
decoupled decisions, even though the retained visual context can directly affect both sample difficulty
and the marginal value of additional reasoning. Future work can explore unified, text-aware, and
budget-aware policies that jointly select visual context and reasoning effort, directly optimize the
compute-constrained objective, and adapt to distribution shifts in deployment workloads.
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A Proofs

A.1 Token-linearity of Language Model FLOPs

Proposition A.1 (Token-linearity of LM FLOPs). Let ncix = n, + ng denote the multimodal prefix
length (visual + text tokens) and let T be the number of decoded tokens. For a given model M,
define C'yq as the average FLOPs incurred by the LM stack per processed token (summed over all
transformer layers, excluding the vision encoder). Then the total inference FLOPs for one completion
satisfy

F(I,Q,T) = F,(I) + Cp (Neax + T). (6)

Proof. We separate the vision encoder from the LM stack:
F(I,Q,T) = Fy(I) + Fin(new. 7). %)
It suffices to show that Fy,n(netx, T') is well-approximated by a constant times (nc, + 7).
We use the per-layer FLOPs model
Cyre(n) = 4dn® + Bon, Citep(n) = 4dn + By, 8)
where token-linear terms (projections + MLP) are grouped into By:
By := 4d*® + 4ddy, + ~dm, )

In (@), n is the sequence length (tokens), Cpye (1) is per-layer prefill FLOPs (KV-cache build), and
Cstep(n) is per-layer FLOPs for one KV-cached decode step at cache length n. In (@), d is the
LLM hidden size, dy. is the KV projection width, m is the FFN/MLP intermediate size, By groups
token-linear terms (projections + FFN), and +y is the FFN constant (v = 6 for SwiGLU).

Let the LM have L layers. Under KV-cached decoding:
* Prefill: build the KV cache on the prefix of length ncex, costing L Cpre (Ncix)-

* Decode: atstept € {1,...,T}, the cache length is ngix + (¢t — 1), costing L Cypep (Tctx +
t—1).

Therefore,

T
FLM (nctxv T) =1L Cpre (nctx) + Z L Cstep (nctx +1t— ]-) (10)

t=1

Substitute (8) into (10):

Finm(negs, T) = L(4d nZ + BOnctx)

T
+ ZL(4d (Metx +1 — 1) + Bo)

t=1
= LBy(netx +T)
T
+4Ld<n§tx+2(nctx+t— 1)). (11)
t=1
Compute the sum:
T T T
(T -1
S e+t 1) = D nee + 30— 1) = mT + 10,
t=1 t=1 t=1
Plugging in gives the exact expression
FLM (nct)u T) = LBO (nctx + T)
T(T -1 12
+ 4Ld (ngtx + 'I’Lcth + (2)> . ( )
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Binding nonlinear term by linear function of (n.x + 7'). Assume an operating regime with

0 S Tetx S Mmax; O S T S Tmax-
Define T )
K = Nmax + % (13)

We bound the three nonlinear terms one-by-one:

T(T—1) _ Tamax — 1

n?;tx < NmaxMetxs Netxd < Mmax 1 5 < : T
Adding these inequalities gives
N2 + neexT + w < MmaxMetx + Nmax T + % T
= NmaxNctx + (nmax + %)T
= NmaxNectx + KT (14)

Since kK > Nmax and N > 0, we have NpaxNetx < KNetx, hence

T(T-1)

ngtx + Neex T + 2

< Knetx + KT = £ (Netx + 7). (15)

Linear sandwich and token-linearity. Start from (I2). The bracketed term is nonnegative, so
Fim(neex, T) = LBo(neex +T). (16)
Using (T3)) in (T2) gives

Fini(nesx, T) < LBo(neix + T) +4Ld k (nex + T)

Thus

LBy(neex +T) < Frm(newx, T) < L(Bo + 4dk) (neex +T). (18)
We therefore use the token-linear surrogate Frz(netx, I') = Caq(netx + T'), where C'a is measured
once for M, and substituting into (7)) yields (6). O

A.2 FLOPs Scaling With K Trajectories Under Shared-prefill

Theorem A.2 (FLOPs scaling with K trajectories under shared-prefill). Under shared-prefill exe-
cution, all K trajectories reuse the same vision features and prefill KV cache. If the k-th trajectory
decodes T}, tokens, then

K

FK(Iu Qa TliK) = FU(I) + Fpre(nv7n¢Z) + Z FdCC(nU7 nquk)v (19)
k=1

where Fy is the inference FLOPs for generating Yi, or K trajectories. If Ty, R T, then
ElFx(I,Q)]) = Fy(I) + Fpre(nw, ng) + K E[Fgec(ny, ng, T)).

Proof. The vision encoder depends only on I and is computed once, incurring F,(I) FLOPs; its
output is reused across samples. Given the vision features and prompt text s, the prefill pass that
constructs the KV cache depends only on (I, s) and is likewise computed once, incurring Fj,,. (I, s)
FLOPs. For each sample k, autoregressive generation produces 7} tokens; by definition, decoding T},
tokens given the cached states costs Fyec (I, s, T ) FLOPs. Decoding computations across different
samples cannot be shared beyond the cached states because they depend on distinct sampled token
sequences, hence the total FLOPs equal the shared vision and prefill costs plus the sum of per-

sample decoding costs, yielding Taking expectations over i.i.d. lengths 7T}, gives
O
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Table 6: Token counts and scaling behavior as a function of K. The table shows that increasing K
induces an approximately linear growth in total decoded tokens, with an 8.7% increase at K = 9
relative to K = 1, confirming that inference scaling is dominated by token accumulation across
self-consistency passes.

K >iep Tin Sien Sorey Tik Token ratio (%)
1 155,038 1.00
3 459,114 2.96
5 155,038 753,010 4.86
7 1,055,468 6.81
9 1,352,350 8.72

A.2.1 Empirical example of the FLOPs model

Theorem [A.2] shows that under shared-prefill, increasing K affects only the decoding term,
which sums over trajectories. If rollouts are sampled i.i.d. under a fixed decoding policy, the
total number of generated tokens over a curated dataset scales approximately linearly with K:
Y ieD Zszl Tix =K cpTin( . Combined with Proposition , which models decod-
ing FLOPs as approximately linear in decoded tokens, this yields near-linear scaling of decoding
compute with K, while F’, and F},;. remain one-time costs.

B Data Curation for Training the Difficulty Predictor

We curate a calibration set for training the difficulty predictor by downselecting from an initial pool
of multimodal samples (62,430 images and 10,709 videos) collected from open-source benchmarks,
including LLaVA-Video-178K [77], AOKVQA [78], AI2D [79], TQA [80], SEEDBench [&1],
ScienceQA [82], ChartQA [83]], and MMMU [84]. Our filtering follows three principles, inspired by
S1 [29]: Quality, Difficulty, and Diversity.

B.1 Quality Filtering

We use Qwen2.5-VL-32B as an automatic judge to remove low-quality or ill-posed items, including:
(i) vague or underspecified questions, (ii) poor formatting or ambiguous answer options, (iii) cases
where the image/video is not required to solve the question, and (iv) corrupt or low-quality visual
inputs. We also retain only multiple-choice questions with explicit answer options. After this stage,
we retain 45,000 samples.

B.2 Difficulty Estimation and Validity Checks

We estimate difficulty using Qwen2.5-VL-7B with CoT prompting. For each candidate, we run 5
stochastic passes (temperature sampling) and record the empirical success rate. Since all questions
are multiple-choice, we apply a lightweight answer extractor and use a Qwen-7B judge to verify that
each output (i) conforms to the expected choice format and (ii) matches the ground-truth answer. We
discard samples for which any of the 5 passes yields an invalidly formatted output. After this stage,
31,423 samples remain.

B.3 Diversity

To encourage broad coverage across visual domains and question types, we use Qwen2.5-VL-32B to
assign each candidate to one of 36 coarse subject categories (e.g., documents/graphics, indoor scenes,
outdoor scenes, people, sports, tools, STEM, diagrams, charts). We then construct a subject-stratified
subset by sampling approximately uniformly across categories while preserving a balanced spread
over the difficulty spectrum. This yields 8,000 samples.
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B.4 Balancing and De-duplication

To avoid over-representing particular difficulty bands, we further subsample approximately uniformly
over the success-rate spectrum. Finally, because several benchmarks share overlapping visuals, we
remove near-duplicates between the training pool and evaluation benchmarks. Specifically, we embed
all images using CLIP and discard any training example whose visual embedding has cosine similarity
greater than 0.95 with an evaluation image. For videos, we apply the same criterion using uniformly
sampled frames and remove a video if any sampled frame exceeds this threshold. This conservative
threshold is intended to remove exact or near-exact visual overlap while avoiding the removal of
merely semantically similar examples. The final dataset contains 4,000 images and 1,000 videos.

C Ablation Studies

C.1 Adaptive Rollout Allocation

Figure 4] shows the empirical distribution of rollout counts selected by the learned VRS controller,
where K € {1,3,5,7}. The allocation is highly dataset-dependent, indicating that the controller
learns non-trivial compute profiles rather than collapsing to a fixed decoding budget. The average
selected rollout count is 2.12 on MMBench, 2.53 on MME, and 3.79 on Video-TT, reflecting
increasing use of reasoning-time search on benchmarks where additional rollouts are more likely to
be beneficial.

In addition, shows that AVIS preserves low-cost inference for many queries while selectively
increasing compute for a targeted subset. On MMBench, the controller is relatively conservative,
but still assigns larger budgets to non-negligible fractions of the data: 14.2% of samples receive
K =5 and 7.6% receive K = 7. On MME, more than one-third of samples are assigned K > 1,
suggesting that the predictor identifies a substantial set of examples where self-consistency may
improve reliability. The effect is strongest on Video-TT, where /' = 5 is the most frequent assignment,
covering 51.4% of samples, consistent with the greater reasoning and temporal grounding demands
of video understanding.

These results confirm that the learned rollout selector performs input-adaptive reasoning allocation.
It does not simply increase test-time compute uniformly, nor does it degenerate to greedy decoding.
Instead, it amortizes the inference budget across the workload: easy or low-gain examples are handled
with a small K, while additional rollouts are concentrated on examples predicted to benefit from
reasoning-time search. This behavior explains how AVIS can capture part of the accuracy gain of
self-consistency while maintaining a substantially lower average compute cost.

C.2 Ablating the Learned Difficulty Predictor

Effect of calibration set size. We first study how the size of the calibration pool affects predictor
quality. Using a fixed held-out split of 250 samples, predictor accuracy improves monotonically as
the amount of training data increases. Training with 20%, 50%, 75%, and 100% of the remaining
calibration pool yields predictor accuracies of 64.4%, 73.8%, 77.4%, and 79.2%, respectively. This
trend indicates that the solvability signal is learnable from a moderate number of calibration examples,
and that the full 5000 calibration pool provides a stable operating point for adaptive rollout selection.

Architecture and end-to-end impact. We compare our AVIS predictor against alternative lightweight
designs. On the held-out calibration split, a two-layer Transformer and a Perceiver-style predictor
achieve 72.0% and 69.6% predictor accuracy, respectively, while our final predictor achieves the
highest held-out accuracy, 79.2%. We then evaluate these variants end-to-end on MathVista and
MMBench, as shown in|lable 7

The end-to-end results show that predictor quality primarily improves compute allocation rather
than simply increasing downstream accuracy. The Perceiver and Transformer variants select larger
rollout counts, leading to higher FLOPs with little or no accuracy gain. On MathVista, our predictor
matches the Perceiver score of 68.1 while reducing average K from 3.57 to 2.33 and FLOPs from
0.64x to 0.46x. The Transformer obtains a slightly higher MathVista score of 68.6, but requires
2.93 average rollouts and 0.53x FLOPs. On MMBench, our predictor achieves comparable accuracy
to the Perceiver, 86.4 versus 86.6, while reducing average K from 3.25 to 2.12 and FLOPs from
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Table 7: Ablation of difficulty predictor architectures. We keep the pruning policy, decoding
settings, and budget calibration fixed, and change only the predictor architecture. Avg. K denotes
the average number of selected reasoning rollouts, and #F denotes normalized FLOPs relative to the

vanilla K = 1 baseline.

Predictor Pred. Acc. MathVista MMBench

Score Avg. K #F Score Avg. K #F
Perceiver 69.6 68.1 3.57 0.64 86.6 3.25 0.59
Transformer 72.0 68.6 2.93 0.53 86.3 2.57 0.51
AVIS (Ours) 79.2 68.1 2.33 0.46 86.4 2.12 0.44
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Figure 4: Distribution of predicted rollout counts /. Histogram of the learned difficulty-aware
policy’s K assignments on representative image and video benchmarks. Because the binning rule
reflects the inverted-U marginal utility of majority voting, K =1 is assigned at both the easy and
very-hard extremes, while K'=5 and K=7 are reserved for intermediate hard-but-solvable examples.
The resulting distribution is dataset-dependent, shifting from K=1-dominated on MMBench to
K =5-dominated on Video-TT.

0.59% to 0.44x. Compared with the Transformer, our predictor also uses fewer rollouts and lower
FLOPs on both benchmarks, with comparable downstream accuracy.

These results suggest that higher predictor accuracy translates into a better accuracy—FLOPs trade-off.
Less accurate predictors produce less reliable solvability estimates, which causes the binning rule to
assign larger K more often. This increases compute without consistent downstream gains. In contrast,
our AVIS predictor produces sharper and more useful solvability estimates, avoiding unnecessary
rollouts while preserving accuracy.

Predictor overhead. The learned difficulty predictor itself adds negligible inference overhead. It
consists of a stack of 1D Conv—GroupNorm-SiLU layers followed by global average pooling and a
two-layer MLP. Since it operates on the visual token embeddings already computed by the vision
encoder, it is executed only once per input and does not require any additional VLM forward pass.
Its average cost is approximately 6 GFLOPs per example, corresponding to less than 0.1% of total
inference FLOPs. This overhead is far smaller than the compute saved by visual token pruning or by
avoiding unnecessary reasoning rollouts.

C.3 Ablations on KDV

In this section, we evaluate KDV as a standalone visual token pruning method. We use Qwen2.5-VL-
7B-Instruct and report single-pass inference results (K =1), without enforcing the explicit <think>
format used in our main experimentsﬂ All experiments follow the VLMEvalKit default image
resolution (1280) and use a fixed pruning configuration that retains 320 out of 1280 visual tokens
(approximately 75% pruning).

summarizes performance on GQA, MMBench-DEV-EN, MME (perception+reasoning
sum), POPE, ScienceQA-Image, CV-Bench-2D, SeedBench-Image, and MMStar. Compared to the
full-token Vanilla baseline, all training-free pruning methods incur only modest degradation when

4The model may still generate chain-of-thought text even without enforcing the format.
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Table 8: KDV pruning on Qwen-2.5-VL-Instruct. We report absolute scores and percentages
relative to the full-token (Vanilla) baseline. For this ablation, we do not enforce the <think>
prompting format. Results are shown on GQA [85]], MMBench-DEV-EN [63]], MME [61] (percep-
tion+reasoning sum), POPE [65] (overall accuracy), ScienceQA-Image [82]], CV-Bench-2D [64],
SeedBench-Image [81]], and MMStar [62]. We compare against Vanilla and representative training-
free pruning baselines: FastV [10] (K=2), VisionZip [44]] (dominant tokens = 22%, context = 3%),
PDrop [42] (L=]8, 16, 24], R=0.5), and KeyDiff [54].

Method | GQA' MMB MME POPE SQA  CVBench SEED MMStar | Avg.
Upper Bound, 1280 Tokens (100%)

Vanill 60.26 78.69 2299 87.87 72.83 74.83 76.91 60.33 100%

antia 100% 100% 100% 100% 100% 100% 100% 100% ¢

Retain 320 Tokens (| 75%)
56.74 77.66 2300 85.71 71.54 70.04 70.04 54.6

Fasty 94.16% 98.69% 100.04% 97.54% 98.23%  93.60% 91.07% 90.50% | 2>-8%

Visionzi 5007 7792 2300 8706  73.07 B33 7396 558 | oo
SonZip | 9g03%  99.02% 100.04% 99.08% 10033% 97.96% 9590% 92.49% | °1-80%

PDro S691 7741 2284 8757 7233 7402 7448 5593 | o0 oo
P 0444% 9837% 9935% 99.66% 9931%  98.92%  96.84% 92.71% | O %
‘ 5803 7721 2309 8687  73.08 733 7378 558

KeyDiff 9630% 98.12% 100.43% 98.86% 100.34%  97.96%  95.93% 92.49% | O1%

KDV (Ours) | 5876 7853 2325 8687 7338 7314 7344 5587 | 97.99%

97.51% 99.80% 101.13% 98.86% 100.76%  97.74%  95.49%  92.61%

retaining 25% of visual tokens. FastV achieves on average 95.48% of the baseline score, VisionZip
97.86%, PDrop 97.45%, and KeyDiff 97.55%. KDV attains the best average retention at 97.99 %,
with small gains on token-heavy benchmarks such as MME (101.13% of Vanilla) and competitive
performance elsewhere. These results indicate that the key-diversity-based criterion used by KDV is
a strong drop-in alternative to existing training-free pruning strategies when operating under tight
visual token budgets.

D Limitations and Future Work

AVIS is intentionally a lightweight, deployment-friendly instantiation of adaptive VCS—VRS alloca-
tion, and several of its design choices open natural directions for future work.

Joint VCS-VRS policies. AVIS factorizes the inference policy into a vision-side pruning step (KDV)
and a difficulty-aware rollout selector. This factorization is what makes both decisions runnable
before LM prefill and is central to the compute savings we report. A natural extension is a single
policy that selects p and K jointly under an explicit per-query compute constraint; in principle, such
a policy could exploit interactions between visual context and reasoning effort that our staged design
does not model. Our preliminary explorations suggest, however, that effective joint policies are
non-trivial to design: naive instantiations we tried did not outperform AVIS, indicating that this
direction likely requires richer training signals or differentiable surrogates for the discrete pruning
and rollout decisions. We view this as an important and open problem rather than a straightforward
extension.

Text-aware difficulty prediction. Our difficulty predictor uses only the visual embeddings produced
by the vision encoder. This choice is what allows K to be selected before any LM forward pass and
is the reason adaptive rollout selection composes cleanly with shared-prefill inference. Incorporating
the question text could in principle sharpen difficulty estimates, but the most natural way to do so,
via later LM representations [33]], would require running part of the LM prefill before K is decided,
partially eroding these savings. Lightweight text-aware predictors that operate before the main LM
prefill (e.g., over a small auxiliary text encoder, or over very early LM layers) are a promising
direction that preserves the pre-prefill property AVIS relies on.

Composition with other test-time scaling axes. We instantiate VRS through self-consistency with
majority voting because it composes naturally with shared-prefill inference and is well-supported
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p =075

p =092

Figure 5: Adaptive KDV pruning. Qualitative examples of our adaptive KDV policy selecting
different pruning ratios p per image. In each pair, the left panel shows the original image and the
right panel shows the retained visual tokens after pruning. Images are from "Are We on the Right Way
for Evaluating Large Vision-Language Models?" by Chen et al., published in NeurIPS 2024.

across model families. Other test-time scaling axes, sequential refinement, longer chain-of-thought,
tree search, and Best-of-N with learned verifiers or process reward models, are orthogonal to our
allocation framework rather than competing with it, and combining adaptive parallel rollouts with
adaptive sequential reasoning is a natural next step.

E Societal Impact

AVIS is a test-time inference policy for existing vision-language models; it does not introduce new
model capabilities, training data, or model weights. Its primary effect is to reduce the compute,
latency, and energy required for VLM inference at comparable or improved accuracy, which can
lower the cost and carbon footprint of multimodal model deployment. The qualitative capabilities
and failure modes of the underlying VLMs, including hallucination, biased outputs, and potential for
misuse such as automated surveillance or multimodal disinformation, are inherited from the base
model and should be addressed with the same safeguards as for the underlying VLM.
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1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and Section 1 clearly outline our core contributions: characterizing
the trade-offs of Visual Context Scaling (VCS) and Visual Reasoning Scaling (VRS), and
introducing the AVIS policy and Key Diversity Visual (KDV) pruning rule.

Guidelines:

e The answer [N/A | means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: We discuss the limitations of our decoupled policy design for visual pruning
and reasoning scaling in Section 6 (Conclusion) and suggest directions for future unified
approaches.

Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate ‘“Limitations” section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
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Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justification: We present our FLOPs model and theoretical estimations in Section 3, with
complete derivations, formal proofs, and assumptions fully detailed in Appendix A.

Guidelines:

* The answer [N/A] means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We thoroughly describe our baseline configurations, dataset curation process,
hyperparameter settings (e.g., pruning threshold 7 = 7/4), and evaluation frameworks in
Section 5.1 and Appendix B.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.
* If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
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some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:

Justification: The code and full calibration dataset are not included in the current anonymous
submission to preserve double-blind review, but will be open-sourced upon acceptance.

Guidelines:

* The answer [N/A] means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not

be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

 The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: We detail the evaluation frameworks, baseline settings, temperature and top-p
sampling hyper-parameters in Section 5.1, as well as the calibration dataset generation
process in Appendix B.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: Error bars are not reported due to the prohibitively high computational cost of
running multiple random seeds for large vision-language models evaluated across dozens of
extensive image and video benchmarks.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.
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* The authors should answer [Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

e If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Hardware details (a single NVIDIA L40 48GB GPU) and specific execution
frameworks (VLLM v0.10.0) are documented alongside exact wall-clock latency measure-
ments in Section 5.3.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research utilizes open-source models and benchmark datasets for algorith-
mic efficiency analysis, conforming to the Code of Ethics.

Guidelines:

e The answer [N/A| means that the authors have not reviewed the NeurIPS Code of
Ethics.

o If the authors answer , they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

28


https://neurips.cc/public/EthicsGuidelines

11.

12.

Answer:

Justification: This paper focuses on foundational algorithm design (inference efficiency).
The societal impacts of our method align entirely with those of general VLM development,
thus we do not include a dedicated broader impact section.

Guidelines:

* The answer [N/A] means that there is no societal impact of the work performed.

o If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]

Justification: Our work proposes an inference-time acceleration technique and does not
release any new high-risk pre-trained models or scraped datasets.

Guidelines:

* The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: Existing models (Qwen2.5-VL series) and standard evaluation benchmarks are
accurately referenced throughout Section 5 and Appendix B.

Guidelines:
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* The answer [N/A] means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [N/A]

Justification: We do not introduce newly collected datasets or foundational model architec-
tures; our work evaluates an inference strategy over existing open-source benchmarks.

Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A]
Justification: The research does not involve crowdsourcing or human subjects.
Guidelines:

* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A]
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Justification: The research does not involve human subjects, rendering IRB approval inappli-
cable.

Guidelines:

* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [Yes]

Justification: We explicitly document our use of VLM/LLM models (e.g., Qwen2.5-VL-32B
and Qwen2.5-VL-7B) as automatic judges to filter data and estimate difficulty during the
curation of our calibration dataset, as outlined in Appendix B.

Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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