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Abstract

Image-token compression must reduce computation with-
out hurting the semantics. We introduce Varest, guided
by semantic fungibility: tokens within a coherent seman-
tic region can be summarized coarsely, while object bound-
aries and literal text require finer distinctions. Object and
text localizers guide variable-resolution merging, preserv-
ing spatial coverage and finer detail at boundaries and text.
Learned [REL] registers then prune visual tokens after
early decoder processing. Training across budgets enables
one checkpoint per backbone. Across three backbones and
13 benchmarks, Varest outperforms 15 baselines in mean
performance retention at every evaluated budget, retaining
86.10-92.33% of full-token performance with only 5.56%
of the original layer-averaged image-token count.

1. Introduction

Image-token compression reduces the substantial language-
model decoder compute imposed by the hundreds or thou-
sands of image tokens in vision-language models (VLMs).
An image token may describe a small part of an object, a
boundary between objects, or a few characters in a sign.
Compressing these tokens requires different decisions.
Prior work has explored merging and pruning using var-
ious signals, including feature geometry [1, 4, 7, 10, 20],
attention scores [6, 29, 32, 34-36, 38], learned retention
utility [30], and object membership [15]. These are nat-
ural ways to approach compression, yet they do not re-
spect the semantics. Pruning poses a complementary prob-
lem: removing a token hurts semantic coverage, so selection

“Project lead with correspondence at tianhao.fu @mail.utoronto.ca.
Project website: https://varest.github.io.
Source code, model weights, and evaluation results are available at
https://github.com/Varest/varest.
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Figure 1. Per-benchmark performance of Varest across back-
bones and token budgets. General VQA benchmarks stay near or
above full-token under compression, while text-dense benchmarks
benefit most from larger budgets.

without sufficient reasoning ability through enough decoder
processing often discards principal information. Merging
across two neighbour objects creates an arbitrary token that
loses the semantics of each. Effective compression thus re-
quires deciding both where aggregation can preserve mean-
ingful distinctions and when further access to image tokens
can be reduced.

We frame this requirement through the property of a set
of tokens, semantic fungibility: the set of tokens that form
a person is semantically interchangeable with another per-
son’s set from another image because we can summarize
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Figure 2. Overview of Varest. Object boundaries and textness are passed through the Varest tokenizer with post-projector visual tokens,
which are then partitioned into K, semantic regions and each region is merged into one image token. At layer L/2, 4 learned [REL]
registers (the figure is not to scale) produce a score for each image token and keep the K, image tokens that are most relevant to LLM
reading. Optional adaptive halting removes all remaining image tokens once the information horizon has been detected.

them into the abstract concept of a person. We may increase
the granularity, if the token budget allows, by splitting the
person into head, body, arms, and legs. Each component
still has high fungibility. In contrast, a set of tokens that
mixes a person and a chair lacks a linked concept and there-
fore has low fungibility. Text has low fungibility for literal
reading, since neighbour characters can contribute different
meanings. In this semantic-frequency view, compatible in-
teriors permit heavy merging, while text and semantic tran-
sitions require finer distinctions. The principle is simple:
wisely partition the image such that the total fungibility of
each grouped region’s token set is maximized.

Varest implements this principle by combining pre-LLM
semantic-preserved variable-resolution tokenization and in-
LLM relevance pruning (Figure 2). Lightweight object and
text localizers guide the merging and ensure full coverage
through adjusting the semantic granularity. After early de-
coder layers process these tokens, learned [REL] registers
retain a subset for subsequent visual access. End-to-end
training across budgets enables one checkpoint per back-
bone; optional adaptive halting further reduces visual-token
propagation.

Our key contributions are as follows:

* We introduce Varest, a semantics-preserving variable-
resolution tokenizer guided by object boundaries and
textness. It allocates finer details to low-fungibility re-
gions while maintaining complete spatial coverage by
controlling the semantic granularity according to the to-
ken budget.

* We combine this tokenizer with learned decoder-stage se-
lection, preserving broader visual access during early pro-
cessing and retaining fewer tokens in subsequent layers.
Optional adaptive halting can save further compute by
dropping all image tokens after the estimated information
horizon.

e Across three VLM backbones (LLaVA-1.5-7B [18],
LLaVA-1.5-13B [18], and LLaVA-NeXT-8B [16]) and

13 benchmarks, Varest achieves the highest mean perfor-
mance retention among 15 baselines at every evaluated
budget with a similar or lower computational cost.

2. Method

Varest allocates visual resolution across the image and vi-
sual access across LLM decoder depth, as shown in Figure
2. In Section 2.1, given an image and user prompt, we first
partition the image-token grid into regions guided by the ob-
ject boundaries and textness. Merging within these regions
produces K, image tokens that have different resolutions
but preserve full spatial coverage. Early decoder layers pro-
cess this representation together with the prompt and four
[REL] tokens/registers discussed in Section 2.2. At the
decoder midpoint, the registers select K, image tokens for
the rest of the LLM. The budget splitting over depth follows
% = K and K,, = 4K, Optional adaptive halting in
Section 2.3, if triggered, can subsequently remove all image
tokens at any point after layer 8, even before the midpoint,
in which case [REL] pruning will be skipped.

2.1. Semantic Variable-Resolution Tokenization

To maximize semantic fungibility, we prefer merging within
semantic regions and preserve finer distinctions at tran-
sitions. Algorithm 1 provides a schematic. We use a
lightweight object localizer to determine the semantic tran-
sitions. The semantic granularity that decides whether we
further divide a car into fine-grained components like doors
is bounded by the token budget. Because the literal reading
of text is sensitive to any compression, we use a separate
text localizer to pin all text cells at native resolution, if bud-
get allows. The resulting partition ensures every raw token
contributes to a region.

Semantic localization. Let x; denote the projected image
token of grid cell i. The object localizer predicts a boundary



Algorithm 1 VARiable-RESolution Tokenization (Varest)

Require: Image I, projected features X, token budget K,
1: Predict object-boundary and textness fields from 1
2: Split cells into text and non-text groups with threshold 7 (7, )
3: Allocate quotas k + t = K,,, prioritizing text detail while
reserving non-text capacity
: for g € {text, nontext} do
Initialize one region per cell in group g
while the number of regions exceeds the group’s quota do
Select the region pair with the lowest mean shared-
boundary strength
Merge the pair into one region
: Update its boundary costs with neighbour regions
10: end while
11: end for
12: Order all regions by their first cell
13: return Mean-pooled region features with position tags

Nk

° ®

strength B;; between neighbour cells, and the text localizer
predicts a textness probability T; € [0, 1] for each cell. They
are distilled from the cosine distance form of DINOv3 [27]
features and EasyOCR [12] bounding boxes, respectively.
They are trained separately and remain frozen during VLM
adaptation and inference.

Since their outputs are continuous fields rather than
masks, the same evidence can support different granular-
ities. We augment object boundaries with text-border evi-
dence through B}; = i = 0.25.
This discourages merging across text transitions even within
an otherwise uniform object.

Allocating the token budget. We divide cells into text
and non-text regions using a textness threshold 7(r,,) =
1- fchp(rm() 1), where r,, is the merging-stage token
retention ratio. From B*, we estimate the minimum num-
ber of non-text regions ky,;,. Cells with T; > 7(r,,) re-
main uncompressed if the number of qualified text tokens ¢
is smaller than K, — k,,;,,; otherwise, we merge them into
text regions too to ensure the remaining tokens can then be
partitioned into k = K,, —t > ky,;n regions using con-
strained mean-boundary-linkage agglomeration [2]. Larger
budgets therefore preserve more local distinctions, whereas
smaller budgets summarize broader regions.

Partitioning. Within each region, we start from individ-
ual cells and repeatedly merge the neighbour regions with
the weakest mean shared boundary. For regions R and S,
the merge cost is

1 *
d(R,S) = [E(R,9)| Z By ;, (1)

(i,j)€E(R,S)

where E(R, S) contains the grid edges joining the two re-
gions. Averaging over their shared boundary reduces sen-

sitivity to isolated weak edges. Agglomeration stops when
each group reaches its allocated region count. This pro-
cedure favours coarse representations within weakly sepa-
rated content while retaining finer partitions around strong
boundaries.

Region representation.
token by

Each region becomes one image

R
Zp = |R|le+MLP<cz(R),cy(R), |N|> )

where N is the number of cells in the grid and (¢, ¢;) is the
normalized region centroid. The learned position tag sup-
plies the location and extent of the pooled content. Regions
are emitted in raster order of their first cell.

For LLaVA-NeXT, we partition the base view and the
stitched, unpadded high-resolution view separately, allocat-
ing tokens in proportion to their cell counts. The region rep-
resentation uses coordinates and extent normalized within
each view.

2.2. [REL] Relevance Pruning

Inspired by PyramidDrop [34], we expose more tokens to
the early decoder layers by pruning at the midpoint, keep-
ing the layer-averaged token budget the same. A region may
have already contributed information to contextual states
even if its token is later removed.

[REL] tokens learn which tokens are still relevant to the
LLM reading and prune the others. We place four learned
[REL] registers after the user prompt and before the assis-
tant turn. Their causal attention can access both the image
and the prompt without accessing the target answer. After
the first L/2 layers of an L-layer LLM, let h*' denote reg-
ister a’s hidden state and h; the state of image token j. A
bilinear head computes

4
1 W, LN(hy
Wq<4§ LN(hffl)> Js; = 2 k) - 1( i) )
a=1 re

where LN is non-affine LayerNorm, W, and W}, are learned
projections, and d,¢] = 256.

For inference, we retain the K, highest-scoring image
tokens using hard t op—k and remove the rest together with
the [REL] registers. The pruning operation is implemented
as attention masking during training, allowing gradients to
flow through. It learns to be prompt-blind (see Section
4.1) even though the end-to-end architecture allows prompt-
conditioned scoring.

2.3. Optional Adaptive Halting

Wang et al. [31] show that VLMs have an information hori-
zon: a layer beyond which image tokens contribute little to
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Figure 3. Visualized comparison of the baselines and Varest
on LLaVA-1.5-7B. HiDrop and LearnPruner retain text but lose
contextual information, while CORE’s coarse regions lose text.
Varest keeps text cells at native resolution and separates the two
people with object boundaries.

the output. HiDrop [32] exploits this horizon by remov-
ing all image tokens at a fixed layer, which is layer 25 for
LLaVA-1.5-7B. Yet the horizon varies across tasks. Our
withdrawal study shows that OCR has the latest horizon
near the end of the LLM (later than layer 25 on LLaVA-
1.5-7B); therefore, a fixed cutoff can retain image tokens
unnecessarily for some inputs while removing useful visual
evidence too early for others.

We thus introduce adaptive halting, an optional, training-
free mechanism that decides when to drop all remaining im-
age tokens for each input. During prefill, after each decoder
layer ¢, we apply a logit lens [24] to the hidden state hgg ) at
the last prompt position 7":

p¢ = softmax(Wy Norm(hgf))),

A 4
g = arg max pe(v), Hy= —ZP@(U)logPe(v), @

where Norm is the LLM’s final normalization, and Wy is

its frozen base vocabulary head, with any LoRA update by-

passed. The distribution py estimates the first answer token

from the intermediate hidden state. We use prediction sta-

bility and confidence as a heuristic. Halting occurs at the

first layer satisfying all three conditions:

1. Warm-up: ¢ > 8, excluding shallow readouts from trig-
gering premature withdrawal.

2. Stability: ¢,_> = 9y—1 = ¢, so the top-1 prediction
agrees across three consecutive layers.

3. Confidence: H; < 1 nat.

Once triggered, we remove all remaining image tokens and

[REL] registers before the next decoder layer.

) N N
g) LearnPruner Q ° VisionZip g’ Q;)U
CORE 3 ¥ [ICLR2026] @ [CVPR2025] = E
O cvereozs] 3 3 >
S| =
1 Varest (Ours) > * FastV ) 3
g‘- [ECCV2024] <Ll
@« ° OTPrune ('8
PyramidDrop [CVPR2026]
* [CVPR2025]
o HiDrop
[ICLR2026] * Niwa
% DUET-VLM [ICLR2026]
* SparseVLM [CVPR2026] ApPET
[ICML2025] * [CVPR2026]
I\ J
o VisionZip++
[CVPR2025] ° DivPrune
* VFlowOpt [CVPR2025]
° ToMe [ICCV2025]
[ICLR2023]
/
_/
M Training-free 0 Trained @ Pre-LLM * In-LLM * Multi-stage

Figure 4. Compression signals and stages. Arrows progress to-
ward explicit semantic priors. Varest preserves semantic structure
and text detail before pruning inside the LLM.

2.4. Training and Budget Control

Joint adaptation. We optimize the registers, scoring
head, multimodal projector, spatial tags, and LoRA [9]
adapters in the vision and language stacks and vocabu-
lary head using teacher-forced answer cross-entropy, on the
VLM’s own tuning dataset. The localizers remain frozen,
and no token-relevance labels are required. A straight-
through sigmoid surrogate supplies gradients to the selec-
tor [3]. We vary the merging budget during training and
sample the pruning count from zero through the realized
merging count. This allows one checkpoint per backbone to
serve all budgets.

Budget accounting. 'We measure the image-token budget
by the mean number of image tokens entering a decoder
layer: K = L0 K, = E2¥%e where the second
equality holds for midpoint pruning without adaptive halt-
ing. This count excludes text tokens and the four regis-
ters. For LLaVA-1.5, the retained ratio is » = K/576. For
LLaVA-NeXT, we apply the requested ratio to each image’s
native sequence length, so realized integer counts vary with
image resolution.

3. Related Work

Compression signals. We categorize visual-token com-
pression signals into semantic [15], saliency [1, 4, 7, 20, 35,
36], and query cues [6, 10, 29, 30, 32, 34, 38], as shown
in Figure 4. Saliency cues estimate importance or redun-
dancy from the image alone. ToMe [4] merges similar fea-
tures, while VisionZip [35] retains attention-ranked tokens
and aggregates the remaining context. These image-only
criteria permit compression before the prompt is processed,
but do not explicitly account for object boundaries or the
finer detail needed to read text. Query cues use language
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Figure 5. Visualization of tokenization and [REL] pruning across budgets on LLaVA-1.5-7B. For each K, the left panel shows the
tokenization (text tokens in orange) and the right panel shows the tokens kept by [REL]. Text remains identifiable at every budget, while

semantic granularity becomes finer as K increases.

context to prioritize content needed for a particular ques-
tion, as in Sparse VLM [38]. This directs the budget toward
task-relevant evidence. When derived from decoder atten-
tion, however, these cues depend on decoder processing,
and attention reliability can vary across layers [30]. Seman-
tic cues add explicit content structure to constrain group-
ing, helping specify which features can be summarized to-
gether. Varest combines semantic-guided token allocation
within an image with depth-wise budget allocation, using
variable-resolution tokenization and learned decoder-stage
selection.

Allocating the token budget according to semantics.
Within an image, semantic priors guide how a token bud-
get is distributed nonuniformly across regions. CORE [15]
guides pooling with object masks and orders the resulting
tokens by their centroids, preserving object membership
and spatial layout. A limitation of CORE’s object-based
pooling is that it does not explicitly allocate finer resolu-
tion to text within an object. Varest’s variable-resolution
tokenizer addresses this through semantic fungibility, us-
ing boundary and textness cues to allocate resolution. It
separates detected text from its surrounding object, allow-
ing coarse object summaries alongside finer text representa-
tions. Detected text remains at native patch-grid resolution
when the budget permits.

Allocating the token budget across decoder depth.
Across decoder depth, the complementary question is how

long visual tokens remain available. Multi-stage meth-
ods [29, 30, 34] use larger budgets early and fewer to-
kens later, allowing contextual processing before pruning.
DUET-VLM [29] and LearnPruner [30] combine this with
pre-LLM reduction. Varest follows this depth-wise alloca-
tion but differs in selection. LearnPruner learns early patch
selection but uses text-to-image attention to prune visual to-
kens in a middle decoder layer. However, attention does
not necessarily reflect a token’s influence on the predic-
tion. In NLP models, Jain and Wallace [13] find that atten-
tion weights can correlate poorly with gradient-based im-
portance and that different attention distributions can yield
similar predictions. Rather than using attention weights as
an importance proxy, Varest learns a relevance score for
each semantic region through [REL] registers and a scor-
ing head. This adapts the retention criterion to contextual-
ized, variable-resolution semantic region representations.

4. Experiments

We first visually inspect the tokenization and pruning
behaviours in Section 4.1.  Across three backbones,
Section 4.2 evaluates Varest against 15 baselines on
MMBench [19], AI2D [14], MMStar [5], POPE [17] (three
metrics), GQA [11], ChartQA [22], DocVQA [23],
TextVQA [28], RefCOCO/RefCOCO+ [37], Ref-
COCOg [21], CountBench [25], and V* [33]. Adaptive
halting is disabled except in Section 4.3, where we test
its performance. Section 4.4 analyzes the efficiency, and
Section 4.5 isolates the contributions of each component.
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Figure 6. Benchmark-averaged performance retention versus layer-averaged image-token budget. 100% denotes uncompressed-
backbone performance. Varest achieves the highest retention at every evaluated budget across all three backbones, preserving over 85%

performance at 7 = 5.56% on all three VLMs.
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Figure 7. [REL] pruning behaviour under different prompts
on LLaVA-1.5-7B. Varest keeps nearly the same tokens for two
unrelated questions, yet answers both correctly, even when the
named object is discarded.

4.1. Qualitative Analysis

As shown in Figures 3 and 5, Varest clearly identifies text
cells (highlighted in orange) during tokenization. Com-
bined with the context from merged object tokens, this al-
lows LLaVA-1.5-7B to reach the correct answer at very
small budgets (K = 32). Other methods such as
HiDrop [32] and LearnPruner [30] are prompt-sensitive and
correctly identify the needed text, but at low budgets they
lack the object localization to provide the surrounding con-
text.

In our analysis, we find that Varest allocates resolution
as needed across token budgets while preserving identifi-
able semantic information. As shown in Figure 5, even
low-resolution tokenizations remain interpretable, with dis-
tinct boundaries between objects and other regions. Fur-
thermore, Varest identifies text at every budget and con-
sistently retains the information needed for OCR and other
text-based tasks. Notably, Varest answers the bottom ques-
tion correctly even though the named tokens are not kept
by [REL]. Figure 7 confirms that this learned relevance
reflects LLM reading, not prompt sensitivity. This implies

their information has already been absorbed in the early lay-
ers, before pruning, and prompt sensitivity is not necessary.

4.2. Quantitative Analysis

We report mean performance retention by normalizing each
metric against the corresponding uncompressed backbone
and averaging over 15 metrics, with the three POPE vari-
ants counted separately. Comparisons use layer-averaged
image-token budgets; 100% retention means matching the
uncompressed model.

Compression performance. Figure 6 and Table | show
that Varest achieves the highest mean retention at every
evaluated budget across all three backbones. At the smallest
token ratio of 5.56%, it retains 86.10-92.33% of uncom-
pressed performance. More importantly, at an 11.11% to-
ken ratio, Varest outperforms every baseline evaluated at
22.22% on all three backbones. For example, on LLaVA-
1.5-7B, it achieves 97.08% retention at K = 64, exceeding
the strongest baseline’s 94.50% at K = 128. At K = 128,
both LLaVA-1.5 models reach approximately 100% reten-
tion, matching uncompressed performance with 22.22% of
the tokens.

Performance across visual tasks. Figure 1 shows that
the required budget varies across tasks. General VQA
performance remains relatively stable as the budget de-
creases, whereas document reading, chart understand-
ing, and referring-expression grounding benefit more from
larger budgets.



ToMe VisionZip  VisionZip++  DivPrune  VFlowOpt  OTPrune ApET FastV SparseVLM  PyramidDrop  Niiwa DUET-VLM  LeamPruner  HiDrop CORE Varest
[4] 35 35 1] 36] 7 20 161 [38] 341 1oy [29] 301 32] 15]
K | [ICLR2023] [CVPR2025] [CVPR2025] [CVPR2025] [ICCV2025] [CVPR2026] [CVPR2026] | [ECCV2024] [ICML2025] [CVPR2025] [ICLR2026] [CVPR2026] [ICLR2026] [ICLR2026] | [CVPR2026]  (Ours)
LLaVA-15-7B
224 78.50% 80.36% 89.86% 80.19% 81.60% 81.17% 83.05% 86.19% 79.99% 85.90% 96.58% 100.74% 88.51% 95.36% 68.58% 101.89%
128 75.34% 76.49% 83.44% 76.93% 76.80% 77.65% 76.72% 73.12% 77.42% 70.99% 92.04% 94.50% 79.31% 93.18% 66.27% 100.37%
64 72.03% 71.41% 76.49% 74.42% 71.16% 73.95% 73.14% 42.39% 69.25% 65.76% 84.11% 87.44% 75.91% 92.49% 62.35% 97.08%
32 67.40% 64.40% 69.87% 69.53% 63.64% 68.49% 67.63% 39.67% 58.11% 48.74% 71.41% 82.72% 72.98% 85.10% 57.22% 92.33%
LLaVA-15-13B
224 75.59% 77.79% 88.83% 77.88% 79.10% 78.80% 78.36% 89.65% 78.57% 92.94% 98.70% 98.53% 81.72% 96.88% 67.69% 10237%
128 73.75% 75.72% 85.70% 75.93% 73.19% 76.90% 75.32% 73.90% 77.31% 75.67% 94.19% 94.06% 77.68% 94.96% 65.72% 100.03%
64 70.93% 70.09% 79.86% 73.49% 65.21% 72.75% 71.96% 34.39% 69.36% 63.72% 86.28% 67.92% 75.66% 92.35% 61.24% 95.82%
32 64.90% 63.03% 72.89% 67.24% 64.11% 68.27% 67.57% 37.29% 65.05% 58.57% 66.70% 83.16% 71.90% 90.19% 56.29% 91.31%
LLaVA-NeXT-8B
1120 | 76.75% 76.13% 84.16% 78.44% 84.69% 78.06% 83.68% 91.50% 81.16% 80.50% 67.24% 91.67% 87.10% 95.62% 63.12% 98.18%
640 70.08% 72.00% 78.98% 74.13% 75.37% 75.13% 74.40% 76.53% 72.87% 42.24% 64.47% 85.86% 79.24% 91.07% 60.59% 96.04%
320 63.87% 66.43% 73.36% 69.71% 67.56% 69.08% 65.70% 48.34% 55.30% 49.56% 64.69% 80.36% 70.38% 85.27% 58.20% 91.85%
160 57.66% 59.46% 67.92% 65.82% 58.35% 63.41% 59.64% 33.65% 58.45% 49.78% 60.18% 74.39% 64.53% 77.63% 55.19% 86.10%

Table 1. Benchmark-averaged retention rates. We evaluate the average retention rate with respect to the

uncompressed model of

each method on 13 benchmarks across VQA, OCR, and grounding. Varest outperforms all 15 baselines at every budget across all three
backbones, retaining 86.10-92.33% of baseline performance at the lowest budgets.
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Figure 8. Performance retention versus measured computation. Each point averages both axes independently over four budgets; higher
and further left is better. Varest achieves higher retention with slightly less computation than HiDrop, the strongest baseline by mean
retention. Adaptive halting (AH) further reduces computation with a small retention loss.

Backbone A Score  Trigger Rate  Skips [REL]  Tokens Saved
LLaVA-1.5-7B —0.11 68.8% 1.3% 8.2%
LLaVA-1.5-13B —0.16 82.2% 20.3% 10.2%
LLaVA-NeXT-8B —0.24 84.9% 3.9% 6.9%

Table 2. Optional halting on three backbones, averaged across
benchmarks and budgets. The accuracy costs are relatively small
compared to the additional savings.

4.3. Adaptive Halting

We enable adaptive halting using the same checkpoints and
budgets, without additional training or backbone-specific
tuning. Table 2 reports the mean score changes, halting
rates, and image-token savings across 13 benchmarks and
four budgets. We observe an additional 6.9-10.2% re-
duction in visual-token propagation, measured by image-
token counts summed across decoder layers. Mean score
losses are 0.11-0.24 points on the benchmarks’ native 0—

100 scales, averaged equally over 13 benchmarks and four
budgets.

Halting predominantly follows [REL] pruning on
LLaVA-1.5-7B and LLaVA-NeXT-8B, withdrawing the re-
tained tokens from later layers. On LLaVA-1.5-13B, 20.3%
of inputs halt before selection runs, including halts at the
selection boundary. This earlier withdrawal contributes to
its larger savings. We examine the resulting FLOPs and la-
tency in Section 4.4.

4.4. Efficiency Analysis

Figure 8 compares performance retention and measured
computation, each averaged over four budgets. Across the
three backbones, Varest improves retention over HiDrop,
the strongest baseline, by 3.79-6.39 percentage points while
using 1.0-4.7% fewer FLOPs. Its accuracy advantage there-
fore persists when accounting for measured computation.
Latency heavily depends on the code implementation and is



LLaVA-1.5-7B

LLaVA-1.5-13B

LLaVA-NeXT-8B

K TextVQA DocVQA ChartQA  CountBench K

TextVQA  DocVQA

ChartQA  CountBench K TextVQA DocVQA  ChartQA  CountBench

224 —0.02 —0.23 —0.08 +0.20 224 +0.02 —0.18
128 —0.66 —0.78 +0.04 —1.22 128 —0.17 —0.41
64 —1.28 —0.72 —0.04 —2.03 64 —1.25 —0.99
32 —1.39 —0.67 —0.04 —0.40 32 —1.21 —0.69

+0.28 +0.00 1120 —0.26 —0.11 —0.76 —0.21
—0.04 —0.61 640 —1.07 +0.08 +0.96 —0.61
+0.04 +1.43 320 —1.38 +0.21 +0.04 —0.61
+0.56 -+0.00 160 —2.24 +0.81 +1.60 +0.41

Table 3. Effect of removing the text localizer on selected benchmarks. Entries are changes in native 0—100 scores relative to full Varest
at each token budget, with textness set to zero without retraining. The absence of the text localizer damages TextVQA most consistently on
all three backbones and DocVQA on LLaVA-1.5. CountBench is extremely damaged on LLaVA-1.5-7B and slightly on LLaVA-NeXT-8B.

K Varest -[REL] Random Selection’ ~ Oracle Selection’  -Object Localizer!  -Text Localizer! ~ No Localizer"

LLaVA-1.5-7B

224 101.89%  101.80% 98.83% 101.97% 101.36% 101.69% 101.35%
128 100.37%  99.61% 96.99% 100.72% 98.97% 100.13% 98.21%
64 97.08%  95.45% 94.36% 97.60% 93.31% 96.53% 92.67%
32 92.33% 89.18% 90.14% 92.81% 86.02% 91.77% 85.55%

LLaVA-1.5-13B
224 102.37%  100.65% 100.26% 101.98% 101.85% 101.88% 101.82%
128 100.03% 97.76% 98.59% 100.00% 99.40% 99.49% 98.91%
64 95.82% 94.07% 94.37% 95.86% 93.54% 95.50% 92.77%
32 91.31%  88.90% 90.45% 91.64% 85.55% 91.37% 85.32%
LLaVA-NeXT-8B
1120 98.18% 97.24% 93.90% 98.22% 98.03% 97.95% 97.70%
640 96.04%  94.28% 91.58% 95.89% 95.49% 95.68% 94.74%
320 91.85% 89.66% 87.85% 9231% 86.77% 91.55% 85.01%
160 86.10% 82.84% 82.73% 86.81% 74.11% 86.00% 71.82%

Table 4. Retention of Varest variants at matched budgets. '
denotes an inference-time ablation of the joint model Varest. Lo-
calization and [REL] pruning provide complementary benefits.

therefore not a reliable metric and not reported.

Adaptive halting further reduces FLOPs by 3.0-5.1%,
with retention losses of 0.30-0.48 percentage points. It
provides an additional tradeoff between compute and accu-
racy. Both settings use the same checkpoint, so this tradeoff
can be adjusted at inference without additional training or
model storage.

4.5. Ablation Studies

Table 4 compares variants at matched layer-averaged token
budgets. — [REL] is a separately trained arm with the tok-
enizer only, where K,, = K and r,,, = r. Random and Or-
acle Selections replace [REL] with random selection and
gold-answer attention, respectively, during inference, pre-
serving the joint model’s pruning layer and token counts.
—Object Localizer reorders the original boundary strengths
according to adjacent CLIP-feature [26] distances; —Text
Localizer sets all textness values to zero; and No Localizer
combines both interventions.

Semantic guidance. At the smallest budgets, —Object
Localizer falls 5.76-11.99 percentage points below the full-
model reference, and No Localizer falls 5.99-14.28 points
below it. These gaps narrow at larger budgets, supporting
the importance of semantic boundaries when compression
requires larger merged regions.

Text localization. The small aggregate gap for —Text
Localizer masks larger changes on individual benchmarks

(Table 3). At the smallest budgets, TextVQA drops by
1.21-2.24 native score points across the three backbones.
DocVQA also declines at every budget on both LLaVA-1.5
models, but effects on other benchmarks vary. For exam-
ple, at K = 160 on LLaVA-NeXT-8B, TextVQA loses 2.24
points while DocVQA and ChartQA gain 0.81 and 1.60
points. Averaging over 15 normalized metrics dilutes indi-
vidual losses and allows increases elsewhere to offset them.

Decoder-stage pruning. The joint model exceeds the
separately trained — [REL] variant at every budget, gain-
ing 2.41-3.26 retention points at the smallest budgets. This
comparison evaluates the joint design, including training
and token allocation across layers. At fixed pruning lay-
ers and retained token counts, learned selection also out-
performs random selection at every budget on all three
backbones. Oracle Selection remains within 0.71 reten-
tion points of the main-table Varest reference at every bud-
get, with budget-averaged differences of +0.36, —0.01,
and +0.27 points on LLaVA-1.5-7B, LLaVA-1.5-13B, and
LLaVA-NeXT-8B, respectively. These small aggregate dif-
ferences suggest limited headroom for greater prompt sensi-
tivity at the evaluated pruning layers and budgets, although
attention-based selection is not a formal upper bound.

5. Discussion

Varest uses semantic fungibility to allocate resolution, sum-
marizing compatible regions while reserving finer repre-
sentations for text and object boundaries. By maintaining
full spatial coverage before decoder-stage pruning, it allows
early decoder layers to integrate scene context before reduc-
ing subsequent visual access. The method remains com-
patible with FlashAttention [8], since token selection does
not require decoder attention weights, although translat-
ing computational savings into lower latency also requires
an efficient implementation. Adapting Varest to additional
VLM families, such as Qwen-VL and InternVL, remains
promising future work. More broadly, the same semantic
fungibility principle could extend beyond natural images.
For example, in medical images, healthy organs are like
objects and lesions are like text. Such extensions require
domain-specific validation, but have great potential.
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