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Abstract

Visual token pruning is a widely used strategy for efficient
inference in multimodal large language models (MLLMs), but
existing work mainly evaluates it with task accuracy. In this
paper, we study how visual token pruning affects model cali-
bration, that is, whether predicted confidence matches actual
correctness. Using LLaVA-1.5-7B on POPE and ScienceQA-
IMG, we evaluate Expected Calibration Error (ECE), Brier
score, and AURC under several pruning strategies, includ-
ing SCOPE with different saliency weights, saliency-only
pruning, FastV, and random pruning, across multiple token
budgets. Our results show that pruning does not simply trade
reliability for efficiency. On POPE, a pure-coverage setting
in SCOPE achieves substantially lower ECE than the full
unpruned model while maintaining similar accuracy. An in-
ternal a-sweep further shows a consistent trend: reducing
the saliency weight improves calibration at all tested token
budgets, while accuracy changes only slightly. In contrast,
saliency-based pruning leads to worse calibration, and real
FastV causes severe performance degradation in our setting.
On ScienceQA-IMG, pruning also reduces ECE, with accu-
racy remaining stable or slightly improving. We additionally
study the gap power exponent in coverage-based selection and
find that its default setting is not always optimal. Overall, our
results suggest that visual token pruning should be evaluated
not only by accuracy, but also by confidence quality, espe-
cially for multimodal systems that need reliable decisions.

1 Introduction

Multimodal Large Language Models (MLLMs) [10, 11] typ-
ically process hundreds of visual tokens for a single image,
which makes inference increasingly expensive as the input
length grows. Visual token pruning reduces this cost by se-
lecting a smaller subset of tokens before they are passed to the
language model. As a result, it has quickly become a standard
efficiency technique for MLLMs. Recent methods explore
different selection principles, including saliency [3], cover-
age [7], diversity [1, 16], and transport-based objectives [4].
Existing work on visual token pruning is evaluated almost
entirely by task accuracy. This evaluation protocol is useful,
but incomplete. In many deployment settings, especially those

involving multimodal decision-making, it is also important
to know whether model confidence is reliable. A system
can keep similar accuracy after pruning, yet become more
overconfident or less selective about its errors. From this
perspective, pruning should be evaluated not only by how
often the model is correct, but also by whether its confidence
remains aligned with correctness.

Calibration measures this alignment between confidence
and actual correctness. For multimodal systems, poor calibra-
tion is a practical problem rather than a purely descriptive one.
A model that gives a highly confident answer to a visually
grounded question may still be wrong, and this mismatch
directly affects downstream decisions such as whether to an-
swer, abstain, or request additional information. This issue is
particularly relevant when MLLMs are used as components
in larger reasoning systems or multimodal agents.

Prior work on compression and calibration in CNNs reports
mixed conclusions. Depending on the pruning strategy and
compression ratio, pruning may either hurt or improve cali-
bration [14, 15]. However, visual token pruning in MLLMs
differs from weight pruning in an important way. Weight
pruning removes parameters while keeping the input structure
unchanged, whereas token pruning removes image patches or
patch-level representations before language modeling. This
change can alter not only task performance but also how
much visual evidence the model retains for making confident
predictions.

In this paper, we study how visual token pruning affects
calibration in MLLMs. We use LLaVA-1.5-7B and evaluate
several pruning strategies on POPE and ScienceQA-IMG with
calibration-oriented metrics, including ECE, Brier score, and
AURC. Our results show that pruning does not simply intro-
duce a trade-off between efficiency and reliability. Under our
setting, moderate coverage-based pruning can reduce calibra-
tion error while keeping accuracy nearly unchanged, and in
some cases it performs better than the full unpruned model on
calibration. In contrast, saliency-based pruning gives worse
calibration, and real FastV causes severe degradation in our
experiments.

Our main contributions are as follows:

1. We provide, to our knowledge, the first empirical study of
how visual token pruning affects calibration in MLLMs,
moving the evaluation of pruning beyond accuracy alone.



2. On POPE, we find that moderate pruning can improve
calibration. In particular, a pure-coverage setting in
SCOPE at K=128 reduces ECE from 0.041 to 0.016
while maintaining similar accuracy.

3. Through an internal a-sweep within SCOPE, we observe
a consistent trend across K € {64, 128,192}: reducing
the saliency weight improves calibration, while accuracy
changes only slightly. Random pruning does not show
the same behavior, which suggests that the selection rule
matters, not only the compression ratio.

4. We further analyze the gap power exponent p in coverage-
based selection and find that its default setting is not
always optimal. Based on these results, we argue that fu-
ture visual token pruning work should report calibration
together with accuracy.

2 Related Work

Visual Token Pruning for MLLMs. Visual token pruning
has become a common way to reduce the inference cost of
MLLMs. Existing methods mainly differ in the selection sig-
nal they use. Coverage-based methods include SCOPE [7],
FLoC [6], and OTPrune [4]. Saliency-based methods include
FastV [3] and SparseVLM [18]. Diversity-based methods
include DivPrune [1] and CDPruner [16]. Some recent work
also explores adaptive or data-dependent pruning policies,
such as AgilePruner [2] and PruneSID [8]. Although these
methods differ substantially in design, evaluation is still domi-
nated by task accuracy and efficiency, and calibration is rarely
reported.

Calibration in MLLMs. Calibration has received increas-
ing attention in multimodal large language models, especially
in relation to overconfidence and hallucination. Chen et al. [5]
study calibration across multiple MLLMs and show that over-
confidence remains a persistent issue even after visual in-
struction tuning. Zhou et al. [19] improve calibration through
training-time objectives, introducing calibrated self-rewarding
for vision-language models. Zhang et al. [17] estimate un-
certainty through semantic-preserving perturbations on both
visual and textual inputs, with a focus on hallucination de-
tection. These studies show that confidence quality is an
important aspect of MLLM reliability. However, they mainly
examine training or inference-time uncertainty estimation,
rather than the effect of token compression itself. In con-
trast, our work focuses on a simple but practically important
question: how calibration changes when visual evidence is
explicitly reduced before language modeling.

Compression and Calibration. The interaction between
compression and calibration has been studied more exten-
sively in conventional vision models. Prior work reports

mixed findings. Misra et al. [14] show that sparsity can
worsen calibration in transfer learning settings, whereas Mi-
tra et al. [15] find that unstructured pruning may improve
calibration while structured pruning can hurt it. BRC [13]
further shows that reliability may degrade faster than accuracy
after compression, and proposes post-hoc recalibration for
compressed models. These results suggest that compression
should not be evaluated by accuracy alone. At the same time,
they do not directly answer the question studied here. Visual
token pruning in MLLMs differs from weight pruning in im-
age classifiers because it removes part of the input evidence
rather than model parameters. For this reason, its effect on
confidence can be qualitatively different. Our work provides
an empirical study of this issue in the setting of MLLM visual
token pruning.

3 Methodology

3.1 Model and Pruning Methods

We evaluate LLaVA-1.5-7B [10] with CLIP-ViT-L/14-336,
which produces 576 visual tokens for each image. Our main
goal is to compare pruning strategies that place different em-
phasis on coverage and saliency.

We use SCOPE [7] as the main framework because it allows
us to vary this trade-off within a unified formulation. In
SCOPE, each candidate token is scored by

score(v) = Acoy(v5S) - a(v)®,

where Aoy (v; S) denotes the facility-location coverage gain
of adding token v to the current selected set S, and a(v)
denotes its CLS attention score. The exponent o controls
how strongly saliency affects selection. When av=0, the score
reduces to pure coverage. When a=1, it recovers the default
SCOPE setting. Larger « places more weight on saliency.
This formulation is based on our reading of the open-source
SCOPE implementation.

We compare the following pruning strategies. SCOPE with
a=0 keeps tokens using only the coverage objective. SCOPE
with a=0.5 uses a softer saliency weighting. SCOPE with
a=1 is the default hybrid setting in the original method [7].
These three settings allow us to study the effect of changing
the saliency weight while keeping the rest of the pipeline
fixed.

We also include three additional baselines. Saliency-only
pruning selects the top-K tokens by CLS attention without
any coverage term. This provides a saliency-focused reference
outside the SCOPE interpolation. FastV (real, 2-pass) [3]
ranks tokens using attention from LLM layer 2 and drops
low-scoring tokens for the remaining layers. Random pruning
selects tokens uniformly at random. For random pruning, we
report the mean and standard deviation over three seeds.

The a-sweep serves as a controlled comparison within
the same code path, with the same attention source and the
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Figure 1. Study design. An image-question pair is encoded into V=576 visual tokens. We compare five token selection strategies: SCOPE
with a=1 (default hybrid), SCOPE with a=0.5, SCOPE with =0 (pure coverage), saliency-only pruning based on CLS attention, and
random pruning. The selected K tokens are then passed to the LLM. We extract first-token class probabilities and evaluate calibration with
ECE, Brier score, and AURC. The a-sweep provides a controlled comparison within the SCOPE framework, while FastV and random pruning

serve as external reference points.

same coverage objective. FastV and random pruning provide
additional reference points based on different selection rules.
We evaluate the a-sweep on POPE at K € {64,128,192},
and we evaluate the other pruning settings at the same token
budgets where applicable.

3.2 Calibration Metrics

Confidence extraction. All experiments use greedy de-
coding (do_sample=False) and the same prompt format
across different pruning settings. For each POPE example, we
callmodel.generate () with output_scores=True
and extract the logits at the first generated token position. We
then compute the probabilities of “yes” and “no” by summing
the softmax probabilities of the corresponding token IDs (in-
cluding both lowercase and uppercase forms), and normalize
them within this answer set:

max(Pyes, Pro)

confidence =
Pyes + Pno

For ScienceQA, we extract the probabilities of the answer
options A, B, C, and D from the first-token logits, normalize
them within the four candidates, and define confidence as
max, P(c). This first-token confidence is used as a simple
measure of the model’s initial categorical preference under
each pruning condition.

Expected Calibration Error (ECE). Our primary calibra-
tion metric is Expected Calibration Error (ECE), computed
with 15 equal-width bins:

B
B
ECE = Z % lacc(By) — conf(By)| .
b=1

ECE measures the average mismatch between confidence and
empirical accuracy across bins.

Additional metrics. To complement ECE, we also report
Brier score, negative log-likelihood (NLL), and Area Under
the Risk-Coverage curve (AURC). These metrics provide
additional views of confidence quality and selective prediction
behavior. All 95% confidence intervals are computed from
1,000 bootstrap samples.

3.3 Benchmarks

POPE [9] contains 9,000 yes/no object-existence questions
divided into three splits: random, popular, and adversarial.
Because each example has a binary answer with a clear cor-
rectness label, POPE provides a clean setting for calibration
analysis.

ScienceQA-IMG [12] contains 2,017 image-based multiple-
choice science questions. Each example has four answer



Table 1. Calibration under default SCOPE (a=1) on POPE (9K
samples). Moderate pruning improves calibration, with the best
ECE observed at K=128. We report 95% bootstrap confidence
intervals for ECE. Results from the ai-sweep are presented separately
in Sec. 4.2.

K | Acc ECE| Brier] NLL| AURC|] Ty

576 | 86.9  .041 .099 331 .047 1.30
192 | 87.3  .027 .093 307 .040 1.25
128 | 86.9  .024 095 311 042 1.10
64 | 855 .031 .104 337 .048 1.20
32 | 827  .045 123 391 .064 1.30

options (A/B/C/ D), which allows us to extend the analysis
from binary decisions to multi-class answer selection. For this
benchmark, confidence is defined as the maximum normalized
probability among the four answer options.

4 Results
4.1 Default SCOPE: U-Shaped Curve

Table 1 shows a clear U-shaped trend for calibration under
default SCOPE pruning on POPE. As the token budget de-
creases from the full setting to K =128, calibration improves
consistently across ECE, Brier score, NLL, and AURC. When
pruning becomes more aggressive, this trend reverses.

Moderate pruning gives the best trade-off in this setting.
At K=128, ECE decreases from 0.041 to 0.024 (p < 0.001,
bootstrap 95% CI: [0.018, 0.030] vs. [0.035, 0.048] for the
full model), while accuracy remains unchanged at 86.9%. The
corresponding optimal temperature is also closer to 1.0 than
in the full-token setting, which suggests that the pruned model
requires less post-hoc correction.

However, stronger pruning eventually hurts both confidence
quality and task performance. At K=32, ECE increases
to 0.045, which is slightly worse than the full model, and
accuracy drops to 82.7%. This result suggests that moderate
pruning can remove redundant visual information, but overly
aggressive pruning starts to discard evidence that is still useful
for prediction.

4.2 Alpha Sweep: Saliency vs. Coverage

Table 2 and Fig. 2 show how calibration changes as we vary
the saliency weight within the SCOPE formulation. This com-
parison is controlled in the sense that the code path, attention
source, and coverage objective remain the same, and only «
is changed.

A consistent trend appears across all three token budgets.
As « decreases from 1.0 to 0.0, ECE also decreases at K =64,
128, and 192. Compared with the default setting =1, pure
coverage (a=0) reduces ECE from 0.032 to 0.024 at K =64,

Table 2. a-sweep within SCOPE on POPE (9K). The exponent
« controls how strongly saliency weights the coverage gain in the
SCOPE score Aoy - a®, and a=0 corresponds to pure coverage.
Across all tested token budgets, lower « is associated with lower
ECE, while accuracy changes remain small. The best ECE in this
table is achieved at K=128, a=0.

K=64 K=128 K=192
« Acc ECE | Acc ECE | Acc ECE
0.0 | 852 .024 | 87.1 .016 | 87.6 .018

05| 8.0 .026 | 87.3 .017 | 87.5 .020
1.0 | 8.5 .032 | 869 .023 | 873 .027

from 0.023 to 0.016 at K=128, and from 0.027 to 0.018 at
K=192. This pattern suggests that, under our setting, placing
less weight on saliency leads to better calibration.

At the same time, the corresponding accuracy changes
are small. Across all values of o and K, the difference in
accuracy stays within 0.9%. This gap between calibration
and accuracy is important: changing the saliency weight has
a clear effect on confidence quality even when standard task
performance remains almost unchanged.

The best result in this sweep is obtained at K =128 and
a=0, where ECE reaches 0.016. This value is lower than
the ECE of the full unpruned model (0.041), while accuracy
remains comparable. Taken together, these results indicate
that moderate coverage-based pruning can improve calibra-
tion without requiring a noticeable accuracy trade-off in this
setting.

4.3 Comparison with External Baselines

Table 3 compares the best SCOPE setting from the a-sweep
with several external baselines that use different token selec-
tion rules.

At both K=128 and K=64, pure-coverage SCOPE
achieves lower ECE than the default SCOPE setting, saliency-
only pruning, and random pruning. The difference is es-
pecially clear at K=128, where SCOPE with =0 reaches
87.1% accuracy and 0.016 ECE, compared with 86.9% and
0.023 for default SCOPE, 84.4% and 0.051 for saliency-only
pruning, and 83.6% and 0.046 for random pruning. These
comparisons suggest that the improvement is related to how
tokens are selected, rather than to compression alone.

FastV behaves very differently from the other methods
in our evaluation. At K=128, its accuracy drops to 50.1%
and ECE increases to 0.326, indicating severe degradation
in both prediction quality and calibration. Since FastV uses
attention from early LLM layers as its pruning signal, this
result suggests that task-conditioned saliency may be much
less stable than coverage-based selection in our setting.

Taken together with the internal a-sweep, these external
comparisons support the same overall pattern: methods that



Table 3. Comparison with external baselines on POPE (9K), together with the best SCOPE configuration from the internal a-sweep. In our
experiments, pure-coverage SCOPE achieves the lowest ECE among the compared methods at both K =128 and K =64. FastV shows severe

degradation under this evaluation setting.

K Method ‘ Acc T ECE | Brier/  Overconf. (%)
576  Full (no prune) ‘ 86.9 0.041 0.099 +3.6
SCOPE a=0 (pure coverage) 87.1 0.016 0.094 +1.3
SCOPE a=1 (default hybrid) 86.9 0.023 0.095 +2.2
128  Saliency-only (CLS top-K) 84.4 0.051 0.113 +5.1
Random (3 seeds) 83.6+0.2  0.046+0.002 0.119 +4.5
FastV, real (LLM layer-2 attention) 50.1 0.326 0.360 +32.6
SCOPE a=0 (pure coverage) 85.2 0.024 0.105 +2.4
64 SCOPE a=1 (default hybrid) 85.5 0.032 0.104 +3.2
Saliency-only 80.5 0.090 0.147 +8.7
Random 79.5 0.069 0.144 +7.0

Table 4. Calibration on ScienceQA-IMG (multiple-choice, 2K sam-
ples). As the token budget decreases, ECE also decreases, while
accuracy remains stable or slightly improves.

K ‘ Acc  ECE| Conf Overconf
576 (full) | 639  .179 81.8 +17.9
192 634 177 81.2 +17.7
128 64.0 .170  81.0 +17.0
64 64.6 .164 81.0 +16.4
32 65.1 .162 81.3 +16.2

rely more heavily on saliency tend to show worse calibration
than coverage-based selection, while pure-coverage SCOPE
gives the most favorable calibration results among the meth-
ods we compare here.

4.4 Visualization and Analysis

Figure 3 summarizes the main results on POPE from sev-
eral complementary views. Panel (a) shows the U-shaped
calibration trend under default SCOPE: ECE decreases from
the full-token setting to K=128, and then increases again
when the token budget becomes smaller. Panel (b) compares
SCOPE with random pruning and shows that the two methods
behave differently even at the same compression ratio.
Panels (c) and (d) present reliability diagrams for the
full model and for SCOPE at K=128. The main differ-
ence appears in the high-confidence region (0.9—-1.0), where
most predictions are concentrated. After pruning to K =128,
the confidence-accuracy gap in this region becomes smaller,
which is consistent with the lower ECE reported in Table 1.

4.5 Cross-Benchmark: ScienceQA

Table 4 extends the analysis to a multiple-choice benchmark.
Compared with POPE, ScienceQA shows a different trend: as

the token budget decreases, ECE also decreases, and accuracy
remains stable or improves slightly. The best result in this
table is obtained at K =32, where accuracy increases from
63.9% to 65.1% and ECE decreases from 0.179 to 0.162.

This result suggests that, for ScienceQA under our setting,
pruning does not introduce the same calibration-accuracy
trade-off observed under aggressive pruning on POPE. One
possible explanation is that the visual information used by
this benchmark is more redundant with respect to the model’s
decision process, although verifying this more carefully would
require additional analysis.

It is also worth noting that the absolute ECE values on
ScienceQA are consistently higher than those on POPE. This
difference is expected because ScienceQA involves four an-
swer options rather than a binary decision, making calibration
more challenging overall.

4.6 Per-Split Analysis (POPE)

The calibration improvement at /=128 is consistent across
all three POPE splits. The ECE reduction is largest on the
adversarial split (0.037—0.018), followed by the popular split
(0.040—0.021) and the random split (0.045—0.031). This
result shows that the gain is not driven by a single subset of
the benchmark.

4.7 Temperature Scaling (Cross-Validated)

We further apply 5-fold cross-validated temperature scaling.
Post-hoc scaling reduces ECE for all token budgets, and
K =128 remains the best setting after scaling, reaching 0.012
ECE versus 0.017 for the full-token model. This result sug-
gests that the advantage of moderate pruning is preserved
after a standard post-hoc calibration step.
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Figure 2. (a) ECE heatmap across « and K on POPE. The lowest
ECE at each tested token budget is achieved at a=0, and the best
overall setting in this sweep is (a=0, K=128). (b) ECE decreases
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reference, we also show the random baseline, the saliency-only
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4.8 Selective Prediction

We also evaluate selective prediction by abstaining on low-
confidence samples. At 80% coverage, SCOPE K=128
reaches 94.2% accuracy on the covered subset, compared with
92.8% for the full model, and AURC decreases from 0.047
to 0.042. This indicates that the calibration gain at K =128 is
also reflected in a simple confidence-based abstention setting.

5 Gap Power Analysis

Beyond the calibration results above, we also examine one
design choice inside coverage-based selection: the gap power
exponent p in the SCOPE objective. This analysis is intended
as a complementary study of the coverage term itself. While
the main part of the paper focuses on calibration, the gap
power results help us better understand how the shape of the
coverage objective affects downstream performance.

Existing coverage-based methods typically use p=1
by default. Here we generalize the objective to p €
{1.0,1.2,1.5,2.0} and evaluate it across 7 benchmarks and 7
token budgets, for a total of 196 experiments.

Table 5. MME score under different gap power values p across token
budgets. Bold indicates the best result in each row.

K | p=1.0 p=12 p=15 p=2.0 | SCOPE

32 1640 1630 1629 1638 1648
48 1663 1659 1654 1668 1650
64 1698 1695 1719 1715 1698
96 1758 1762 1761 1748 1763
128 | 1773 1783 1775 1766 1776
192 | 1797 1801 1806 1794 1804
256 | 1791 1780 1782 1786 1769

[max(0, sim(u,v) — C(u,S))]"-AS (1)

v* = arg max E
vEVNS oy

The exponent p changes how strongly the selector empha-
sizes large uncovered regions. When p=1, the gain is linear in
the remaining coverage gap. When p>1, larger gaps receive
relatively more weight, so the selector becomes more sensitive
to under-covered regions. From an algorithmic perspective,
this parameter controls how evenly the selected tokens are
encouraged to cover the original feature set.

Table 5 and Fig. 4 show that the default setting p=1 is
not always the strongest choice. On MME, different token
budgets favor different values of p. The largest improvement
appears at K=64, where p=1.5 improves the score from
1698 to 1719. At K=192, p=1.5 also gives the best result,
though with a smaller margin. In contrast, at some other
budgets, such as K=32 or K=256, the gains are limited or
inconsistent. These results suggest that the effect of p is real,
but not uniform across compression regimes.

To test whether this pattern generalizes beyond MME, Ta-
ble 6 compares p=1.5 with the default SCOPE setting on
seven benchmarks at K =64 and K=192. The improvement
is most visible on MME, while the changes on other bench-
marks are generally small. For example, at K=64, p=1.5
improves MME by 21 points, but the differences on MMB,
SQA, TVQA, POPE, SEED, and GQA remain within a nar-
row range. A similar pattern appears at K=192, where p=1.5
matches or slightly improves upon the default setting on most
benchmarks without causing large regressions.

Overall, these results suggest that the gap power expo-
nent is a non-negligible design parameter in coverage-based
pruning. In particular, values around p=1.2 or p=1.5 can
be competitive with, and sometimes better than, the standard
linear choice. At the same time, this analysis is more modest
in scope than our main calibration results: it shows that the
default coverage objective is not always optimal, but it does
not by itself establish a universal best choice for all models,
tasks, or token budgets.
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Figure 3. Main results on POPE. (a) ECE under default SCOPE across token budgets, with accuracy shown for reference. The best calibration
is observed at K=128. (b) Comparison between SCOPE and random pruning at two token budgets. (c,d) Reliability diagrams for the full
model (K=576) and SCOPE pruning at K'=128. The high-confidence region shows a smaller confidence-accuracy gap after pruning.

Table 6. Comparison between p=1.5 and the default SCOPE setting
at K=64 and K=192 across seven benchmarks.

K=64 K=192

SCOPE p=1.5 A SCOPE p=1.5 A
MME 1698 1719 +21 1804 1806 +2
MMB 61.7 61.0 07 63.6 63.7 +0.1
SQA 68.8 68.8 0.0 68.8 68.8 0.0
TVQA 56.6 56.7 +0.1 57.7 57.8 +0.1
POPE 83.9 83.8 —0.1 86.4 86.5 +0.1
SEED 56.3 559 —-0.4 58.7 58.7 0.0
GQA 58.3 579 —-0.4 60.1 600 —0.1

6 Discussion

Why might coverage help while saliency hurts calibration?
Our results suggest that coverage-based and saliency-based
pruning behave differently with respect to confidence qual-
ity. A possible explanation is that coverage-based selection
tends to preserve a more representative subset of the visual
input, while saliency-based selection focuses more heavily on

a small set of highly scored regions. Under this view, cov-
erage may reduce redundancy without removing too much
supporting evidence, whereas a stronger saliency bias may
make the retained token set less balanced.

This interpretation is consistent with several observations
in our experiments. Within SCOPE, reducing the saliency
weight improves ECE at all tested token budgets, while the
changes in accuracy remain small. Random pruning does
not show the same behavior, which suggests that the effect
is related to the selection rule rather than to compression
alone. The reliability diagrams also show that, after moderate
pruning, the confidence-accuracy gap becomes smaller in the
highest-confidence range.

At the same time, we do not claim that saliency is always
harmful or that coverage is universally sufficient. Our results
are limited to the models, benchmarks, and pruning settings
studied here. A more cautious conclusion is that, in our ex-
periments, placing too much weight on saliency is associated
with worse calibration, while coverage-based selection gives
more favorable confidence behavior.
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Figure 4. Change in MME score relative to the default SCOPE
setting across gap power values and token budgets. Positive values
indicate improvement over the baseline configuration. The largest
gain is observed at K=64 with p=1.5.

Relation to the gap power exponent. The gap power analy-
sis provides a complementary view of the coverage objective.
Our results show that the default linear choice p=1 is not
always best, and values around p=1.2 or p=1.5 can improve
performance at some token budgets. This supports the broader
point that the design of the coverage term still leaves useful
room for optimization.

Implications for multimodal reasoning systems. For mul-
timodal systems that rely on confidence to decide whether
to answer, abstain, or defer, calibration matters in a practical
sense. Our selective prediction results show that the calibra-
tion improvement at K =128 is reflected not only in ECE, but
also in confidence-based abstention. This makes the result
relevant for downstream settings where a model’s confidence
is used as part of a decision rule.

More broadly, our results suggest that efficiency-oriented
modifications to MLLMs should not be evaluated only by task
accuracy. Two pruning methods may have similar accuracy,
yet differ meaningfully in how reliable their confidence scores
are. For multimodal reasoning systems, this difference can
matter even when the final accuracy change is small.

Practical recommendations. We recommend that future
pruning work report calibration together with accuracy, and
that hybrid selectors expose the saliency weight as a tunable
parameter. In our setting, moderate coverage-based pruning
provides the best trade-off between efficiency and confidence
quality.

Limitations and future work. This study has several limi-
tations. First, the main a-sweep is conducted only on POPE,
so the calibration trend should be tested more broadly on addi-
tional multiple-choice and open-ended benchmarks. Second,
we evaluate a single base model, LLaVA-1.5-7B. It remains

unclear how well the same pattern transfers to other MLLMs
with different visual encoders, projectors, or training data.
Third, our confidence definition is based on first-token an-
swer probabilities over a restricted verbalizer set. This choice
is simple and consistent across pruning settings, but other
confidence definitions may reveal additional details. Finally,
our findings concern visual token pruning in isolation. It
would be useful to study how calibration changes when token
pruning is combined with other efficiency techniques such as
quantization or KV-cache pruning.

7 Conclusion

In this paper, we study how visual token pruning affects cali-
bration in multimodal large language models. Using LLaVA-
1.5-7B on POPE and ScienceQA-IMG, we show that pruning
should be evaluated not only by task accuracy, but also by con-
fidence quality. Under our setting, moderate coverage-based
pruning can improve calibration while maintaining similar
accuracy, and on POPE the best configuration achieves lower
ECE than the full unpruned model.

Our internal a-sweep within SCOPE shows a consistent
trend across multiple token budgets: reducing the saliency
weight improves calibration, while the corresponding accu-
racy changes remain small. External comparisons with ran-
dom pruning, saliency-only pruning, and FastV further sup-
port the observation that token selection strategy matters for
confidence quality, not only the compression ratio. We also
find that the gap power exponent in the coverage objective is
not always best at its default value, which suggests additional
design space inside coverage-based pruning.

Overall, our results suggest that efficiency and reliability do
not necessarily conflict in visual token pruning. More broadly,
they indicate that confidence-aware evaluation should become
a standard part of pruning research for MLLMs, especially
in settings where model confidence may be used to decide
whether to answer, abstain, or defer.
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