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Abstract
Large Vision-Language Models (LVLMs)
demonstrate strong performance on multiple-
choice question answering (MCQA), yet their
reliability under biased conditions remains un-
derexplored. We investigate length bias, the
systematic preference for longer answer op-
tions, through controlled benchmarks spanning
fine-grained visual domains. LVLMs consis-
tently favor longer options even when visually
inconsistent, with accuracy dropping 2–38%
when correct answers are shorter and increasing
1–70% when longer. This bias persists across
model scales. Through layer-wise mechanistic
analysis, we reveal that length bias emerges
from late-layer suppression of visual evidence
in favor of language-side length priors. Blurry-
image experiments show that bias intensifies
when visual evidence weakens, while absten-
tion tests reveal that LVLMs struggle to refuse
incorrect predictions. We propose and evaluate
multiple inference-time mitigation strategies;
while these provide partial improvements, none
achieves deployable bias mitigation without re-
lying on oracle information unavailable at in-
ference time. These results underscore that
inference-time interventions are insufficient,
pointing to the need for architectural solutions
and bias-aware training.1

1 Introduction

Large Vision-Language Models (LVLMs) (Liu
et al., 2024, 2023; Li et al., 2023; Dai et al.,
2023; Deitke et al., 2025; Bai et al., 2025b; Chen
et al., 2025b; OpenAI, 2024; Chen et al., 2025a)
have achieved impressive results across multimodal
tasks including visual question answering (VQA),
captioning, and fine-grained visual understanding
(Kim and Ji, 2024; Atabuzzaman et al., 2025b).
However, recent evidence suggests these models
exhibit systematic biases that compromise their re-
liability in structured decision-making tasks. In

1Code and Dataset: https://github.com/
Atabuzzaman/Length_bias_robustness
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Figure 1: Overview of our framework for investigat-
ing length bias in LVLMs. We create length-controlled
MCQA variants to systematically expose length bias,
conduct layer-wise analysis revealing late-layer suppres-
sion of visual evidence, perform diagnostic experiments
using abstention and blurry images to localize bias
sources, and evaluate mitigation strategies like ELED,
caption-guided MCQA and Yes/No QA.

large language models (LLMs), biases in multiple-
choice settings include preferences for specific an-
swer positions, verbose options, and particular for-
matting patterns (Pezeshkpour and Hruschka, 2024;
Zheng et al., 2023; Zhao et al., 2025). While early
work suggests LVLMs may inherit or amplify such
tendencies (Adila et al., 2024; Zong et al., 2024;
Atabuzzaman et al., 2025a), the extent and mecha-
nisms of these biases remain underexplored.

MCQA provides an ideal testbed for investigat-
ing these biases. By constraining outputs to a fixed
set of options, MCQA enables controlled analy-
sis of whether models base predictions on genuine
visual-semantic understanding or rely on superfi-
cial heuristics. Recent work has identified arbi-
trary token and position biases in LVLM responses
(Adila et al., 2024; Atabuzzaman et al., 2025a),
suggesting reliance on textual patterns rather than
grounded reasoning. However, a comprehensive
understanding of systematic preferences in LVLMs,
particularly length bias and its interaction with vi-
sual reasoning, remains limited.

In this work, we conduct a systematic investi-
gation of length bias in LVLMs: the tendency to
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prefer longer answer options regardless of visual
evidence or correctness. Through carefully con-
trolled benchmarks across five fine-grained visual
domains, we demonstrate that LVLMs exhibit se-
vere length bias, with accuracy dropping 2–38%
when correct answers are shorter and increasing 1–
70% when longer. We further conduct layer-wise
probing analysis, revealing that while early layers
encode sufficient visual evidence for correct an-
swers, late decoder layers systematically suppress
this evidence when longer options are present. This
demonstrates that bias operates through late-layer
override of visual evidence by language-side priors
rather than initial visual encoding failures. This
bias persists across model scales from 3B to 32B
parameters and affects even state-of-the-art propri-
etary models, indicating deeply entrenched priors
that extend beyond simple capacity limitations.

Beyond identifying length bias, we probe LVLM
robustness under challenging conditions. To in-
vestigate whether bias originates primarily from
visual processing or language-side reasoning, we
conduct blurry-image experiments and find that
length bias intensifies under degraded visual input.
This reveals that language-side heuristics become
the dominant fallback when visual evidence is weak
or ambiguous. Abstention tests using "None of
the Above" options reveal poor abstention capabil-
ity, with performance collapsing to 3–33.5% when
models should refuse to answer.

We propose and evaluate multiple mitigation
strategies inspired by human reasoning, includ-
ing (1) Early-Layer Ensemble Decoding (ELED),
which combines predictions from early and late lay-
ers through adaptive decoding, (2) caption-guided
answering with explicit visual grounding, (3) inde-
pendent Yes/No evaluation of each option, and (4)
selection by rejection, where models identify and
discard incorrect options. While these approaches
provide partial improvements, none achieves de-
ployable bias mitigation in practice, revealing that
inference-time interventions are insufficient as a
practical solution. This suggests that architectural-
level changes and bias-aware training are needed
to fully address this bias.
We make the following contributions:

• We introduce controlled MCQA benchmarks
across five fine-grained visual domains that
systematically expose length bias in LVLMs.

• We localize length bias to late decoder layers,
demonstrating systematic override of visual
evidence by language-side priors.

• We conduct diagnostic analyses showing that
bias intensifies under degraded visual input
and LVLMs exhibit poor abstention capability.

• We propose and evaluate multiple mitiga-
tion strategies (ELED, caption-guided MCQA,
Yes/No Question-Answering, selection-by-
rejection), revealing that inference-time meth-
ods are insufficient in practice.

2 Related Work

Recent research has identified systematic biases in
LLMs that affect their reliability in MCQA tasks,
showing that models consistently favor certain to-
kens, positions, or options presented early in the
sequence (Zheng et al., 2023; Pezeshkpour and
Hruschka, 2024; Wang et al., 2025). Robinson
and Wingate (2023) showed that multiple-choice
question (MCQ) presentation format influences
model behavior, with performance varying sig-
nificantly between prompts with explicit option
identifiers versus cloze-style formats. Research
suggests models struggle to effectively map op-
tion identifiers to their corresponding content (Xue
et al., 2024) or exhibit positional sensitivity com-
bined with model uncertainty (Pezeshkpour and
Hruschka, 2024), with bias manifesting particu-
larly strongly in knowledge-intensive scenarios (Li
et al., 2024). Mitigation strategies include neuron
pruning (Yang et al., 2024), elimination of biased
feed-forward network (FFN) components and at-
tention heads (Zhou et al., 2024), probability cal-
ibration (Wei et al., 2024), majority voting (Guda
et al., 2025), and causal debiasing (Yang et al.,
2025). Ma and Du (2023) proposed a process-of-
elimination approach that discards low-probability
incorrect options before masking them to derive
final predictions. Similarly, Fu et al. (2025) intro-
duced an exclusion-of-thought method combined
with chain-of-thought prompting to reduce cogni-
tive load through systematic option elimination in
MCQA tasks. Zhao et al. (2025) showed that LLMs
are biased toward verbose options and that fine-
tuning fails to mitigate this length bias in MCQA.

Recent work has explored bias mitigation in
LVLMs through various approaches, including data
augmentation (Gokhale et al., 2020), model edit-
ing (Cheng et al., 2023; Wang et al., 2024), and
output post-processing (Wang et al., 2021; Zhang
et al., 2025). Approaches to address language pri-
ors include output probability calibration for classi-
fication tasks (Zhang et al., 2025) and causal graph-
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based interventions on both visual and textual in-
puts for VQA (Chen et al., 2024). Researchers have
explored activation-level interventions to reduce
bias (Adila et al., 2024) and developed logit-based
correction methods to address selection bias across
varying task difficulty (Atabuzzaman et al., 2025a).
However, no prior work has systematically exam-
ined length bias in LVLM-based MCQA through
controlled experiments that isolate option length
while maintaining visual accuracy. We address this
gap through layer-wise mechanistic analysis, diag-
nostic experiments with degraded visual inputs and
abstention tests, and evaluation of multiple mitiga-
tion strategies.

3 Benchmark Construction

Base Dataset Collection. We build our length-
controlled MCQA benchmark using hard-difficulty
questions from the fine-grained visual MCQA
benchmarks of Atabuzzaman et al. (2025a). This
dataset covers five fine-grained visual domains:
CUB-200-2011 (200 bird species) (Wah et al.,
2011), Stanford Dogs (120 dog breeds) (Khosla
et al., 2011), FGVC Aircraft (102 aircraft vari-
ants) (Maji et al., 2013), Stanford Cars (196 car
models) (Krause et al., 2013), and Food-101 (101
food categories) (Bossard et al., 2014). Each base
MCQ includes a question, four answer options rep-
resenting different fine-grained classes within the
same domain (e.g., different bird species or car
models), and a single correct answer correspond-
ing to the class depicted in the image.

Length-Controlled Variant Generation. To
systematically investigate LVLMs’ length bias,
we use GPT-4o (OpenAI, 2024) to generate four
length-controlled variants for each base MCQ
while preserving semantic content and class struc-
ture. The base datasets already include two ver-
sions of each MCQ: one with class names explic-
itly mentioned (e.g., "This image shows a Yellow-
headed Blackbird which has...") and one with-
out class names that provides only visual descrip-
tions (e.g., "This image shows a bird which has a
black body, bright yellow head..."). We maintain
both versions across all variants to analyze how
bias changes with explicit class information. The
with class name version examines whether domain
knowledge can mitigate length bias, while the with-
out class name version forces reliance on visual
grounding, potentially increasing susceptibility to
bias. We use carefully designed prompts to ensure

consistency and validity across generated samples.
We create the following four variants:

Equal Long: All four options have approxi-
mately the same length and contain detailed de-
scriptions of the image class. This serves as a bal-
anced baseline without length bias.

Equal Short: All options are short with approx-
imately the same length (roughly half of Equal
Long) and contain 2-3 visually identifiable at-
tributes. This tests model performance with mini-
mal descriptive content.

Shorter Correct: The correct answer is short
(matching the Equal Short length) and includes 2-
3 visually identifiable attributes that distinguish it
from other options, while all three incorrect op-
tions are long (matching the Equal Long length).
This configuration tests whether models exhibit
bias against selecting shorter options.

Longer Correct: The correct answer is long
(matching the Equal Long length) and includes
multiple visually identifiable attributes that distin-
guish it from other options, while all three incor-
rect options are short (matching the Equal Short
length). This configuration tests whether models
exhibit bias toward selecting longer options.

To ensure high-quality variants that accurately
test for length bias without introducing confound-
ing factors, we manually inspect a sample of gen-
erated variants and enforce strict prompting con-
straints for semantic preservation, visual consis-
tency, and structural uniformity (detailed in Ap-
pendix A.1). Additionally, for the Dogs dataset,
we include samples from easy and hard difficulty
categories to provide broader coverage of task com-
plexity. Our final datasets consist of 5,976 MCQs
across five domains with four length-controlled
variants and two class-name settings per question.

4 Experimental Setup

We evaluate length bias, robustness, and mit-
igation strategies using both open-source and
proprietary LVLMs. Open-source models in-
clude Qwen3-VL-30B-A3B-Instruct (Bai et al.,
2025a), Qwen2.5-VL-3B-Instruct, 7B-Instruct,
and 32B-Instruct (referred to as Qwen3-VL-30B,
Qwen2.5-VL-3B, Qwen2.5-VL-7B, and Qwen2.5-
VL-32B) (Bai et al., 2025b), InternVL_2.5-
8B (Chen et al., 2025b), LLaVA-v1.5-7B, and
LLaVA-v1.5-13B (Liu et al., 2023). Proprietary
models include OpenAI’s GPT-4o, o4-mini (with
reasoning) (OpenAI, 2024), and Claude Sonnet-
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Figure 2: Accuracy (%) of LVLMs across five datasets under different option-length conditions, with and
without class names. The vertical line at "Equal Long" indicates baseline performance for each LVLM-dataset pair.

4.5 (used as C-Sonnet-4.5) (with reasoning) (An-
thropic, 2025). For each MCQ, we use 5 images
per class for open-source models and 3 images per
class for proprietary models due to API cost con-
straints. For example, in the CUB dataset (200
classes) with class names, we evaluate 1,000 im-
ages (200 × 5) per variant for open-source models
and 600 images (200 × 3) for proprietary models.
We apply this protocol across all experiments.

Dataset Model Equal
Long

Equal
Short

Shorter
Correct

Longer
Correct

CUB (W/o)
GPT-4o 71.17 62.83 45.17 92.83
o4-mini 71.67 66.00 44.33 91.00
C-Sonnet-4.5 65.33 54.50 54.50 80.00

Dogs (W/o)
GPT-4o 86.11 75.56 55.83 97.78
o4-mini 86.11 73.61 46.94 96.67
C-Sonnet-4.5 68.06 69.17 57.50 86.94

CUB (W.)
GPT-4o 89.50 86.33 80.33 95.83
o4-mini 81.67 81.33 73.33 89.83
C-Sonnet-4.5 72.17 72.00 72.67 85.17

Dogs (W.) GPT-4o 85.28 85.28 78.06 94.72
o4-mini 80.56 80.00 70.28 90.56
C-Sonnet-4.5 68.06 70.83 65.83 85.83

Table 1: Accuracy (%) of advanced proprietary
LVLMs on CUB and Dogs datasets with (W.) and with-
out (W/o) class names in the answer options.

5 Length Bias in LVLMs

To investigate the presence of systematic response
preferences in LVLMs, we analyze how answer
selection varies with the relative length of candidate
options in MCQA settings. As shown in Figure 2
(detailed results in Table 8, Appendix A.8), all
evaluated LVLMs exhibit measurable length bias,
though its magnitude varies by model scale, dataset,
and presence of class names within the options.
LVLMs Overwhelmingly Prefer Longer Op-
tions, Even When Incorrect. Across all LVLMs
and datasets, models overwhelmingly prefer longer
options, even when incorrect. This is most appar-

ent in the Shorter Correct condition, where accu-
racy drops sharply. For example, LLaVA-v1.5-13B
drops by 24.10 percentage points (pp) on CUB
(without class names) and 10.83% on Dogs (with
class names), while Qwen2.5-VL-7B suffers losses
of 38.30% on CUB and 15.10% on Cars. Con-
versely, in the Longer Correct setting, accuracy
improves dramatically, often by 40–70%, indicat-
ing reliance on textual length rather than visual
evidence.
Class Names Reduce but Do Not Eliminate
Length Bias. Including class names in candidate
options reduces length bias for all LVLMs. On
CUB, the performance drop in "Shorter Correct" re-
duces from 38.30% to 25.40% for Qwen2.5-VL-7B
and from 24.10% to 9.20% for LLaVA-v1.5-13B
when class names are included. However, length
bias persists across all datasets even with class
names, indicating that when visual distinctions are
subtle, models rely on surface-level textual patterns
rather than visual evidence.
Scaling Models Improves Accuracy but Does
Not Reduce Length Bias. Comparing model fami-
lies across parameter scales reveals that increasing
model size consistently improves accuracy, partic-
ularly in Equal Long settings. On Cars (without
class names), Qwen2.5-VL improves from 64.80%
(3B) to 73.16% (32B) under "Equal Long" options.
However, even the strongest models experience
substantial drops when the correct option is shorter,
and both LLaVA variants show 50–70% perfor-
mance boosts in "Longer Correct" conditions. This
indicates scaling primarily enhances discrimina-
tive ability under balanced conditions but does not
address reliance on option length as a heuristic.
Proprietary and Advanced Models Demonstrate
Reduced but Persistent Length Bias. Tables 1
and 8 show that advanced models (GPT-4o, o4-
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mini, Claude Sonnet-4.5, Qwen3-VL-30B) sub-
stantially outperform smaller open-source mod-
els while exhibiting reduced length bias. With
class names, GPT-4o achieves 89.50% on CUB
"Equal Long" compared to 76.10% for Qwen2.5-
VL-7B and maintains higher "Shorter Correct" ac-
curacy (80.33% vs 50.70%). The gap between
"Shorter Correct" and "Longer Correct" narrows
significantly: GPT-4o shows 15.50 points on CUB
and Claude Sonnet-4.5 shows 12.50 points, com-
pared to 43.20 points for Qwen2.5-VL-7B. How-
ever, even these advanced models exhibit persistent
length preference, with "Longer Correct" consis-
tently outperforming "Shorter Correct," indicating
that scaling and advanced training reduce but do
not eliminate length bias.
Length Bias Reflects a Learned Statistical Prior.
The persistence of length bias across models,
datasets, and scaling indicates it reflects a learned
statistical prior rather than a decoding artifact. Op-
tion length functions as an implicit confidence cue
that often outweighs visual evidence when dis-
tinctions are subtle, revealing that models rely on
surface-level heuristics under uncertainty.
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Figure 3: Layer-wise preference for long dis-
tractors in the Shorter Correct setting using
QWEN2.5-VL-7B-INSTRUCT. Mean preference
∆ℓ = P (long incorrect)− P (short correct) across 200
CUB examples via logit-lens decoding of hidden states
(95% CI shaded). Early layers show near-zero system-
atic preference for long options; mid layers exhibit a
positive shift, indicating emergence of length bias in
internal representations prior to decoding. Dashed line:
stable inversion layer (L = 14), the first layer at which
the mean ∆ℓ exceeds zero for three consecutive layers.
Dotted line: median commitment layer (L = 24), be-
yond which the predicted answer remains unchanged.

6 Where Length Bias Emerges in LVLM
Computation

To understand where length bias arises inside
LVLMs, we perform layer-wise analysis using

logit-lens decoding: at each layer, we apply the lan-
guage model head (lm_head) to the hidden state,
restricted to the option-identifier tokens, to obtain
a probability distribution over answer options in
QWEN2.5-VL-7B. At each layer, we compute the
model’s probability assigned to a fixed long distrac-
tor (the longest of the three incorrect options) and
to the short correct answer, tracking their difference
∆ℓ = P (long incorrect)− P (short correct).

As shown in Figure 3, early layers exhibit near-
zero or slightly negative values of ∆ℓ, indicating
that initial representations do not favor longer op-
tions. Beginning around the stable inversion layer
(L = 14), the mean ∆ℓ becomes consistently posi-
tive, revealing a semantic inversion where long dis-
tractors overtake the short correct option within the
model’s internal computation on average.This tran-
sition occurs well before final decoding, demon-
strating that length bias is introduced at the repre-
sentation level rather than at final generation.

A representative individual example illustrates
this progression at the single-example level: early
layers favor the short correct option, but at layer
7, predictions first switch to a long distractor. By
layer 11, the long distractor dominates consistently,
and after layer 25, the model reaches a commit-
ment point where the predicted answer no longer
changes. The final layer assigns substantially
higher probability to the long distractor (P = 0.65)
than to the short correct option (P = 0.31), demon-
strating clear length-biased failure despite early
evidence favoring the correct answer. Notably, ∆ℓ
decreases after the commitment layer, reflecting a
shift to probability sharpening rather than option
re-evaluation. Section 7 analyzes this late-layer
conflict resolution process in detail, demonstrating
systematic override of visual evidence.

7 Vision–Language Conflict Resolution in
Late Layers

To understand the mechanism underlying late-layer
override of visual evidence, we analyze how com-
peting signals evolve across all decoder layers. We
use prediction correctness as an operational proxy
for alignment with visual evidence. For 200 ex-
amples from the Shorter Correct split, we extract
probabilities at each layer by applying the language
model head to hidden states, tracking the short cor-
rect answer versus the average probability of each
long distractor (mean of three long options). Both
signals begin near the unbiased baseline of 0.25,

58161



0 5 10 15 20 25
Layer Index

0.0

0.1

0.2

0.3

0.4

0.5

Pr
ob

ab
ili

ty
Each long distractor
3.1× more likely
than correct

(a) Length Bias Errors (N=144, 72.0%)

Short Correct
Average Long Distractor
Unbiased baseline (0.25)

0 5 10 15 20 25
Layer Index

0.0

0.2

0.4

0.6

0.8

1.0

Pr
ob

ab
ili

ty

Correct answer
8.0× more likely
than each long distractor

(b) Visual Wins (N=56, 28.0%)

Short Correct
Average Long Distractor
Unbiased baseline (0.25)

Figure 4: Vision–language conflict resolution in late layers. Layer-wise probabilities for the short correct answer
(green) versus average probability of each long distractor (red), both starting at unbiased baseline 0.25 (dotted
line). (a) In length-biased errors (N=144, 72%), late layers (20–28, shaded) amplify long distractors to 0.31 while
suppressing the correct answer to 0.10—each long option becomes 3.1× more likely than correct. (b) When
predictions align with ground truth (visual wins) (N=56, 28%), the correct answer amplifies to 0.73 while each long
distractor suppresses to 0.06 (8.0× preference ratio). Shaded regions: 95% confidence intervals. Despite stronger
amplification capacity for correct answers (+0.48 vs +0.06), the model utilizes this in only 28% of cases.

enabling direct comparison of their evolution.
Figure 4 reveals distinct conflict resolution pat-

terns based on prediction outcomes. In length-
biased errors (72%, N=144), late layers (20–28)
amplify each long distractor to 0.31 while suppress-
ing the correct answer to 0.10—each long option
becomes 3.1× more likely than correct. When pre-
dictions align with ground truth (28%, N=56), the
pattern reverses dramatically: the correct answer
amplifies to 0.73 while each long distractor sup-
presses to 0.06, yielding an 8.0× preference ratio.
Critically, the correct answer demonstrates stronger
amplification capacity (+0.48 above baseline) than
length bias (+0.06), yet this capacity is utilized in
only 28% of cases. This demonstrates that late lay-
ers perform winner-take-all conflict resolution but
systematically fail to privilege signals aligned with
visual evidence, revealing a failure mode where
the same architectural components inconsistently
resolve vision-language conflicts.

8 Vision vs. Language Contributions to
Length Bias

To causally test whether the conflict resolution fail-
ure in Section 7 stems from insufficient visual infor-
mation versus language-side heuristics, we degrade
input images using Gaussian blur (σ = 12), re-
ducing fine-grained details while preserving coarse
structure. We test whether degraded visual input
(1) intensifies length bias in standard MCQA, and
(2) triggers appropriate abstention when a "None
of the Above" option is available.
Blurry Images Degrade Performance with

Dataset Setting Model Equal
Long

Equal
Short

Shorter
Correct

Longer
Correct

CUB (W/o)
w/o NoA Qwen2.5-VL-7B 35.70 34.80 11.70 83.70

InternVL_2.5-8B 32.10 31.90 21.90 74.30

NoA w/C Qwen2.5-VL-7B 25.20 18.60 11.60 66.40
InternVL_2.5-8B 2.30 4.40 1.80 10.80

Dogs (W/o)
w/o NoA Qwen2.5-VL-7B 34.83 36.83 14.50 82.67

InternVL_2.5-8B 32.50 40.00 26.17 76.67

NoA w/C Qwen2.5-VL-7B 24.00 18.50 11.33 62.67
InternVL_2.5-8B 2.83 5.50 2.00 11.83

CUB (W.)
w/o NoA Qwen2.5-VL-7B 39.30 41.50 16.00 85.70

InternVL_2.5-8B 30.90 34.60 18.20 80.10

NoA w/C Qwen2.5-VL-7B 20.50 17.00 10.00 60.80
InternVL_2.5-8B 0.70 2.70 0.90 10.20

Dogs (W.)
w/o NoA Qwen2.5-VL-7B 35.83 36.83 16.50 80.50

InternVL_2.5-8B 34.33 39.67 18.00 76.67

NoA w/C Qwen2.5-VL-7B 22.00 15.50 8.83 57.17
InternVL_2.5-8B 3.00 4.67 1.67 12.67

Table 2: Accuracy (%) of LVLMs on blurry image
evaluation across CUB and Dogs datasets with (W.)
and without (W/o) class names in options. "w/o NoA"
denotes standard MCQ format without "None of the
Above" options. "NoA w/C" includes "E. None of the
above" while the correct answer remains present among
A–D, testing over-abstention. For each setting, bold
marks the lowest accuracy between the two models.

Mixed Abstention Behavior. Table 2 shows that
blurred images substantially reduce accuracy and
intensify length bias. For Qwen2.5-VL-7B on
CUB without class names, performance drops from
64.90% to 35.70% in "Equal Long," and the gap
between "Shorter Correct" (11.70%) and "Longer
Correct" (83.70%) widens to 72 points versus 66.80
under clear images. Models show divergent absten-
tion behavior: InternVL_2.5-8B appropriately se-
lects NoA at high rates (85–97%), while Qwen2.5-
VL-7B severely under-abstains (5–10%), continu-
ing to rely on length heuristics despite degraded
visual evidence.
Visual Degradation Accelerates Length Bias
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Emergence. Layer-wise analysis under visual
degradation (Appendix A.2) reveals that the me-
dian override layer (Figure 8) shifts from L = 19
(clear images) to L = 11 (blurred images), demon-
strating that stronger visual evidence delays—but
does not prevent—bias emergence. Attention anal-
ysis (Appendix A.3) further shows that long incor-
rect options query visual features more than short
correct answers, a difference partly attributable to
their greater token length. Despite this increased
visual attention, models still select options with
visually inconsistent attributes, revealing system-
atic override of visual evidence. Blur accelerates
this override by weakening visual evidence that
contradicts incorrect attributes.
Length Bias Is Language-Driven with
Architecture-Dependent Robustness. The
intensification of length bias under degraded
visual input reveals that language-side heuristics
dominate when visual evidence weakens. While
length bias is fundamentally language-driven,
abstention capability varies by architecture
(InternVL: 85–97% NoA; Qwen: 5–10%), with
implications for safe deployment where input
quality cannot be guaranteed.

9 Mitigation Methods

Having localized length bias to late decoder layers,
we evaluate whether it can be mitigated at inference
time, considering the following approaches.

9.1 Output-Level Calibration Baselines
We adapt two widely used calibration techniques
from the LLM MCQA literature as baselines, and
are the first to systematically evaluate them for
length bias in LVLM-based MCQA. Both operate
on the model’s output distribution over options,
without accessing intermediate representations.
Pointwise Mutual Information (PMI)-based
scoring. Following Holtzman et al. (2021), we
reweight each option by its unconditional likeli-
hood to counter surface-form competition. For an
option ok, we score

PMI(ok) = logP (ok | I,Q)− logP (ok), (1)

where P (ok | I,Q) is the conditional probabil-
ity given image I and question Q, and P (ok) is
the option’s prior probability estimated without
visual grounding. This penalizes options that are
intrinsically likely regardless of the image, partially
offsetting the advantage of longer, more elaborate
options.

Dataset Method Shorter Longer Avg.
Correct Correct Gain

CUB (W/o)

Baseline 26.6 93.4 –
PMI 46.5 74.5 0.5
Len. Norm (α=1.0) 41.9 85.8 3.85
Len. Norm (α=0.1) 30.5 92.2 1.35

Dogs (W/o)

Baseline 33.2 90.8 –
PMI 48.5 73.5 -1.0
Len. Norm (α=1.0) 48.5 82.3 3.4
Len. Norm (α=0.1) 36.3 90.0 1.15

CUB (W.)

Baseline 50.7 93.9 –
PMI 69.1 75.7 0.1
Len. Norm (α=1.0) 64.7 89.2 4.65
Len. Norm (α=0.1) 53.5 93.3 1.1

Dogs (W.)

Baseline 58.8 93.3 –
PMI 69.7 78.5 -1.95
Len. Norm (α=1.0) 67.0 86.7 0.8
Len. Norm (α=0.1) 58.7 92.3 -0.55

Table 3: Comparison of output-level calibration base-
lines on Qwen2.5-VL-7B across CUB and Dogs, with
(W.) and without (W/o) class names. Avg. Gain is the
mean change over the Baseline across the Shorter Cor-
rect and Longer Correct splits. Both PMI and length
normalization improve Shorter Correct at the cost of
degrading Longer Correct, yielding small or negative
average gains.

Length normalization. We adjust conditional
scores for token length by normalizing the log-
probability of each option by its length raised to a
power α:

score(ok) =
logP (ok | I,Q)

|ok|α
, (2)

where |ok| is the token length of option ok and
α controls the strength of the correction. We re-
port two settings, α = 1.0 (full normalization) and
α = 0.1 (mild normalization), to characterize the
method’s sensitivity to this hyperparameter.

9.2 Early-Layer Ensemble Decoding (ELED)
Our layer-wise analysis reveals that length bias
emerges progressively through the network rather
than being encoded initially. For Qwen2.5-VL-7B,
the mean ∆ℓ trajectory reaches its stable inversion
layer at L = 14, with a median commitment layer
of L = 24 (Section 6). For InternVL_2.5-8B, bias
remains near-zero through layer 16 before explo-
sive growth from layers 17–28. This temporal sep-
aration suggests a natural mitigation: decode from
earlier layers before bias dominates.

We first test whether decoding from pre-
inversion layers can counteract length bias using a
single fixed rule applied uniformly, with no infor-
mation about which option length is correct. This
rule averages logits over early layers (5–12 for
Qwen2.5-VL-7B) and defers to the early-layer pre-
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Algorithm 1 Split-Aware ELED
Require: Hidden states {hℓ}Lmax

ℓ=0 , option texts
{o1, . . . , oK} with corresponding option-identifier to-
ken ids {t1, . . . , tK}, language model head lm_head(·),
early layers Learly, threshold τ = 1.2, oracle split label
s ∈ {shorter correct, longer correct, equal}
Ensure: Prediction ŷ

1: zearly ← lm_head
(

1
|Learly|

∑
ℓ∈Learly

hℓ

)

2: zfinal ← lm_head(hLmax)
3: pearly ← softmax

(
[zearly]t1 , . . . , [zearly]tK

)

4: pfinal ← softmax
(
[zfinal]t1 , . . . , [zfinal]tK

)
5: ŷearly ← argmax pearly, ŷfinal ← argmax pfinal
6: if ŷearly = ŷfinal then
7: return ŷfinal ▷ High confidence, no intervention
8: end if
9: ℓearly ← length(oŷearly), ℓfinal ← length(oŷfinal)

10: if s = shorter correct and ℓfinal > τ · ℓearly then
11: return ŷearly ▷ Length bias detected; correct toward

short
12: else if s = longer correct and ℓearly > τ · ℓfinal then
13: return ŷearly ▷ Anti-length bias detected; correct

toward long
14: else
15: return ŷfinal ▷ Default to mature representations
16: end if

diction whenever it disagrees with the final layer
in a length-correlated way. Applied uniformly, this
rule improves accuracy on Shorter Correct from
26.6% to 45.5% but substantially degrades Longer
Correct from 93.4% to 24.7%: the same rule that
overrides spuriously long distractors also overrides
genuinely long correct answers, since early layers
cannot distinguish the two without additional infor-
mation. This mirrors the one-directional trade-off
shown by the output-level calibration baselines (Ta-
ble 3), motivating a split-aware gating mechanism
that applies the correction selectively.
Method. Split-aware ELED averages logits across
early layers and applies gating conditioned on an
oracle split label s indicating whether the correct
answer is expected to be shorter or longer than the
distractors (Algorithm 1). For Qwen2.5-VL-7B, we
use layers 5–12 (before the stable inversion layer
at L = 14); for InternVL_2.5-8B, we use layers
5–16 (before explosive onset at L = 17). Con-
ditioning on s allows the gate to apply the early-
layer correction only in the direction indicated by
the split, avoiding the one-directional trade-off ob-
served above. Since s is not available at inference
time in deployment, we report these results as an or-
acle upper bound characterizing the ceiling achiev-
able if the gating direction were known.
Results. Table 4 presents split-aware ELED re-
sults on CUB and Stanford Dogs with and with-
out class names. On Shorter Correct, split-aware

Dataset Model Shorter
Correct

Longer
Correct ∆

CUB (W/o) Qwen2.5-VL-7B 48.40 (+21.80) 95.00 (+1.60) 46.60 (-20.20)
InternVL_2.5-8B 52.10 (+14.30) 90.40 (+2.10) 38.30 (-12.20)

Dogs (W/o) Qwen2.5-VL-7B 46.49 (+13.32) 91.47 (+0.64) 44.98 (-12.68)
InternVL_2.5-8B 61.17 (+23.00) 81.67 (+2.00) 20.50 (-21.00)

CUB (W.) Qwen2.5-VL-7B 61.50 (+10.80) 94.70 (+0.80) 33.20 (-10.00)
InternVL_2.5-8B 52.20 (+13.00) 90.40 (+2.10) 38.20 (-10.90)

Dogs (W.) Qwen2.5-VL-7B 64.05 (+5.22) 94.31 (+0.98) 30.26 (-4.24)
InternVL_2.5-8B 57.83 (+14.16) 81.83 (+2.50) 24.00 (-11.66)

Table 4: Split-aware ELED performance for length
bias mitigation, using oracle split information s (Algo-
rithm 1; see Section 9.2 for details). Values in parenthe-
ses show changes over baseline.

ELED achieves substantial improvements: +21.8%
(Qwen/CUB W/o), +14.3% (InternVL/CUB W/o),
+13.3% (Qwen/Dogs W/o), and +23.0% (Intern-
VL/Dogs W/o). Critically, Longer Correct perfor-
mance also improves (+0.6–2.5%): conditioning
the gate on the oracle split label s allows early lay-
ers to correct in the appropriate direction for each
split, rather than applying a single rule uniformly
(cf. the motivation analysis above). The overall
bias gap (∆ = Longer − Shorter) reduces substan-
tially: from 66.8% to 46.6% on Qwen/CUB (30.2%
relative reduction) and from 50.5% to 38.3% on In-
ternVL/CUB (24.2% relative reduction). For Equal-
length conditions (Equal Long, Equal Short), the
gating rarely triggers since all options have similar
lengths, maintaining baseline performance. As Ta-
ble 4 reflects an oracle upper bound, these results
characterize the best achievable outcome given ac-
curate gating direction, rather than a deployable
inference-time method.
Validation of mechanistic insights. Split-aware
ELED’s effectiveness validates our layer-wise anal-
ysis findings. First, substantial improvements on
Shorter Correct confirm that early layers (5–12
for Qwen, 5–16 for InternVL) encode less biased
representations, directly validating our logit-lens
measurements showing near-zero ∆ℓ in these lay-
ers. Second, improvements emerging specifically
when gating detects length-correlated disagree-
ments demonstrate that the observed bias corre-
sponds to functionally relevant decision changes,
not measurement artifacts. Third, consistent gains
across architectures indicate this is a general prop-
erty of current LVLM training, not model-specific.
Comparison with other mitigation strategies.
Beyond ELED, we evaluate three additional strate-
gies inspired by human reasoning: caption-guided
MCQA (Appendix A.5), Yes/No question answer-
ing (Appendix A.6), and MCQA with selection by
rejection (Appendix A.7).
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Figure 5: Accuracy (%) of LVLMs on "None of the
Above" (NoA) evaluation settings across CUB datasets,
reported both with and without class names. "w/o NoA"
denotes the original MCQ format without a NoA option.
"NoA w/C" appends a fifth option, "E. None of the
above", while keeping the correct answer present among
A–D (over-abstention test). "NoA wo/C" removes the
correct answer and uses "D. None of the above." as the
only valid choice (forced-abstention test).

10 Evaluating Abstention: When LVLMs
Should Refuse to Answer

To probe LVLM robustness beyond length bias, we
introduce a "None of the Above" (NoA) evaluation
setting that tests models’ ability to abstain when
no valid option is present. This is essential for
safe decision-making in high-stakes applications
where overconfident guessing can be harmful. We
design two complementary NoA configurations to
distinguish between false abstention (unnecessarily
choosing NoA) and failure to abstain (guessing
when abstention is appropriate):

Appended-NoA (Over-Abstention Test): We
keep the original four options (A–D) unchanged
and add a fifth option, "E. None of the above."
The correct answer remains present among A–D.
This evaluates whether models unnecessarily ab-
stain when a valid answer is available, revealing
tendencies toward excessive caution or uncertainty.

Removed-Correct (Forced-Abstention Test):
We remove the correct answer from the candidate
set and shuffle the remaining incorrect options
into positions A–C, while "D. None of the above"
becomes the only valid response. This assesses
whether models can correctly abstain when appro-
priate rather than guessing incorrectly.
Results. We evaluate LVLM abstention capability
under three settings. Figure 5 presents representa-
tive results; comprehensive results are provided in
Appendix A.9 (Figure 11 and Table 9).
Models Exhibit Over-Abstention When NoA Is
Added to Valid Options. When we append a
NoA option while the correct answer remains avail-

able (NoA w/C), models show measurable over-
abstention. For example, InternVL_2.5-8B drops
from 61.4% to 55.7% on CUB, indicating inappro-
priate selection of the abstention option.
Models Struggle to Abstain When No Correct
Answer Exists. When the correct answer is re-
moved (NoA wo/C), performance collapses. With-
out class names, Qwen2.5-VL-7B falls to 3.2% on
CUB and 3.83% on Dogs, indicating a near-total
failure to select the abstention option even when
it is the only valid answer, while InternVL_2.5-
8B achieves 17.7% and 33.5%, respectively. With
class names, performance improves to 20.0% and
11.33% but remains far below acceptable levels,
indicating models default to guessing even when
semantic grounding cues are available.
Models Handle Abstention Reliably Only in
Trivial Cases. In Dogs (Easy), where distractors
come from unrelated domains, both models achieve
near-perfect abstention (100%). This demonstrates
that abstention failures are tied to fine-grained am-
biguity rather than fundamental incapacity, reveal-
ing a critical robustness gap for safe deployment in
challenging scenarios.

11 Conclusion

We present a systematic analysis of length bias
and robustness in LVLMs for MCQA across five
fine-grained visual domains. LVLMs consistently
prefer longer answer options, with accuracy drop-
ping substantially when correct answers are shorter
and increasing dramatically when longer. This bias
persists across model scales and state-of-the-art
proprietary models. Through layer-wise mecha-
nistic analysis, we reveal that length bias emerges
from late-layer suppression of visual evidence in
favor of language-side priors, where models sys-
tematically fail to privilege visual signals despite
stronger amplification capacity for correct answers.
Blurry-image experiments show that degraded vi-
sual input accelerates this override, confirming that
bias stems from language-side heuristics dominat-
ing when visual evidence weakens. Abstention
tests reveal poor capability, with performance col-
lapsing when models should refuse to answer. We
propose and evaluate multiple inference-time mit-
igation strategies; while these provide partial im-
provements, none achieves deployable mitigation
without relying on oracle information. This un-
derscores the need for architectural solutions and
bias-aware training.
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Limitations

Our work focuses specifically on length bias and
robustness in MCQA settings, not addressing other
biases such as positional bias, modality imbalance,
or cultural bias in LVLMs. Our benchmark is
constructed from fine-grained visual classification
MCQA across five domains; while this setting en-
ables controlled isolation of length effects, direct
empirical validation on broader VQA task families
(e.g., open-ended VQA, compositional reasoning,
or non-classification visual question answering) re-
mains important future work, and the extent to
which our findings generalize to these settings is an
open question. The mitigation approaches we ex-
plore are inference-time strategies that do not mod-
ify model parameters. More effective solutions
may require training-time methods such as bias-
aware fine-tuning, including parameter-efficient
approaches like Low-Rank Adaptation (LoRA),
adapters, and prefix tuning, or architectural modifi-
cations that explicitly address length-based heuris-
tics. Finally, our study examines a broad set of
LVLM architectures spanning open-source mod-
els from 3B to 32B parameters, a mixture-of-
experts model (Qwen3-VL-30B-A3B), and propri-
etary frontier models (GPT-4o, o4-mini, Claude
Sonnet-4.5); continuous evaluation remains impor-
tant as newer architectures continue to emerge.
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A Appendix

This section contains the details of the following
topics.

• Dataset and Dataset Generation Constraints
(Appendix A.1)

• Effect of Visual Degradation on Conflict Res-
olution (Appendix A.2)

• Architectural Localization via Attention Anal-
ysis (Appendix A.3)

• Caption-Guided MCQA Prompt (Appendix
A.4)

• Caption-Guided MCQA (Appendix A.5)
• Yes/No Question Answering (Appendix A.6)
• MCQA with Selection by Rejection (Ap-

pendix A.7)
• LVLMs Performance Under Different Option-

Length Conditions (Appendix A.8)
• Results for the Abstention (NoA) Settings

(Appendix A.9)
• Position Bias and Answer Distribution Analy-

sis (Appendix A.10)

A.1 Dataset and Dataset Generation
Constraints

Normal Image
German Shepherd

Blurred Image
German Shepherd

Figure 6: Example of normal and blurred image of
German Shepherd.

We enforced the following generation con-
straints to ensure semantic and visual fidelity of
the length-controlled variants.

Semantic preservation: We rephrase options
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only to adjust length; the factual meaning and fine-
grained class identity remain unchanged.

Visual consistency: We ground all modifica-
tions in visual attributes present in the image. We
introduce no information absent from the base ques-
tion or image.

Structural consistency: We ensure all options
within a variant share the same fixed prefix (e.g.,
"This image shows..." or "This is..."), with length
variations applied only to the descriptive content
following the prefix.

Natural phrasing: We use natural, grammati-
cally correct language to avoid awkward construc-
tions that might signal correctness independent of
content.

Class structure preservation: Each option con-
tinues to represent a distinct fine-grained class,
maintaining the original task difficulty.

Verification of Dataset Fidelity. To verify that
GPT-4o rewrites preserved semantic correctness
and visual fidelity, we conducted structured manual
inspection of stratified samples from every dataset.
For each rewritten option, we verified that: (1) all
class-defining visual attributes were preserved, (2)
no contradictory or hallucinated attributes were
introduced, and (3) the class identity remained un-
ambiguous relative to distractors. All examined
samples satisfied these criteria.

We further validated fidelity through two indi-
rect measures. First, the Equal Long and Equal
Short variants yield broadly comparable accura-
cies for most models and domains (see Table 8),
with a mean absolute difference of approximately
5 points; notable exceptions include LLaVA-v1.5
variants on Food, where gaps reach up to 28 points,
likely reflecting model-specific sensitivity to phras-
ing length rather than dataset construction artifacts.
Critically, even these largest baseline gaps remain
substantially smaller than the length bias effect it-
self: for example, GPT-4o’s Equal Long–Equal
Short gap on CUB is 8.34 points, compared to
a 47.66-point gap between Shorter Correct and
Longer Correct (Table 1). This indicates that resid-
ual variation from the rewriting process is minor
relative to the systematic bias our benchmark is
designed to measure. Second, if GPT-4o had intro-
duced systematic bias during rewriting, GPT-4o’s
evaluation performance would differ noticeably
from models uninvolved in dataset creation. In-
stead, GPT-4o exhibits length bias patterns closely
matching o4-mini and Claude Sonnet-4.5 (Table 1),

confirming that the rewritten dataset is semantically
faithful and unbiased.

Figure 7 illustrates an example from our length-
controlled MCQA benchmark. Each variant ma-
nipulates the relative length of the correct answer
and distractors while preserving semantic content
and visual accuracy. In Equal Long and Equal
Short, all options have approximately the same
length, serving as balanced baselines. In Shorter
Correct, the correct answer (D) is concise while
distractors (A, B, C) are verbose, testing whether
models exhibit bias against selecting shorter op-
tions. Conversely, in Longer Correct, the correct
answer is detailed while distractors are brief, test-
ing preference for longer options. These controlled
manipulations enable direct measurement of how
answer length influences LVLM selection indepen-
dent of visual or semantic factors.

Figure 6 illustrates two German Shepherd exam-
ples from the Dogs dataset: one original and one
blurred version used for robustness evaluation.

A.2 Effect of Visual Degradation on Conflict
Resolution

To causally probe the role of visual evidence in
length-biased decision making, we repeat our layer-
wise analysis under controlled visual degradation.
Specifically, we apply Gaussian blur (σ = 12) to
the input images while keeping the question, an-
swer options, and decoding procedure unchanged.
This manipulation weakens fine-grained visual
cues without altering linguistic content, allowing
us to isolate the effect of visual signal strength on
internal conflict resolution dynamics. We define
the override layer as the first layer where the av-
erage long distractor probability exceeds the short
correct answer probability for three consecutive
layers, indicating stable dominance of length bias
over visual evidence. This statistic is distinct from
the stable inversion layer (L = 14) reported in
Section 6: the override layer is computed only on
length-biased error cases using the averaged proba-
bility across all three long distractors, whereas the
stable inversion layer is computed across the full
Shorter Correct split using a single fixed (longest)
distractor.

Figure 8 compares layer-wise probability trajec-
tories for clear versus blurred images on the same
set of length-biased error cases. Under clear im-
ages, visual evidence delays the dominance of long
distractors until late layers (median override layer
L = 19). When visual inputs are blurred, this

58169



      A:  This is a Pomeranian dog with a fluffy double coat, a ruff around the neck, small pointed ears, a foxlike face, and a curled tail blending into its body fur.
      B:  This is a Labrador Retriever dog with a short, dense coat in black, yellow, or chocolate, a broad head, pendant ears, and a friendly demeanor seen in various settings.
      C:  This is a Silky Terrier dog with a long, silky coat in brown and black, small erect ears, almond-shaped eyes, and a compact body with short legs, often adorned with bows.
      D:  This is a German Shepherd dog with a dense double coat, black and tan color pattern, erect ears, a strong build, and a bushy tail, often seen in fields, homes, and pools.

      A:  This is a Pomeranian dog with a fluffy coat and curled tail.
      B:  This is a Labrador Retriever dog with a short coat and broad head.
      C:  This is a Silky Terrier dog with a silky coat and small ears.
      D:  This is a German Shepherd dog with a double coat and erect ears.

      A:  This is a Pomeranian dog with a fluffy double coat, a ruff around the neck, small pointed ears, a foxlike face, and a curled tail blending into its body fur.
      B:  This is a Labrador Retriever dog with a short, dense coat in black, yellow, or chocolate, a broad head, pendant ears, and a friendly demeanor seen in various settings.
      C:  This is a Silky Terrier dog with a long, silky coat in brown and black, small erect ears, almond-shaped eyes, and a compact body with short legs, often adorned with bows.
      D:  This is a German shepherd dog with a double coat and erect ears.     

      A:  This is a Pomeranian dog with a fluffy coat and curled tail.
      B:  This is a Labrador Retriever dog with a short coat and broad head.
      C:  This is a Silky Terrier dog with a silky coat and small ears.
      D:  This is a German Shepherd dog with a dense double coat, black and tan color pattern, erect ears, a strong build, and a bushy tail, often seen in fields, homes, and pools.

Equal Long

Equal Short

Shorter Correct

Longer Correct

Correct Answer: DWhich description matches best with the image?

Figure 7: Example multiple-choice questions from the Dogs dataset illustrating four length-controlled variants:
Equal Long, Equal Short, Shorter Correct, and Longer Correct. The correct answer (D: German Shepherd)
remains constant while option lengths vary systematically to isolate the effect of textual length on model predictions.
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Figure 8: Effect of visual degradation on length-bias conflict resolution. Layer-wise probabilities for the short
correct answer (green) and the average long distractor (red) under clear images (left) and Gaussian blur (σ = 12,
right), evaluated on the same set of length-biased error cases. Dashed lines mark the median override layer under
each condition. Clear images exhibit greater dispersion in probability trajectories due to heterogeneity in visual
evidence strength across examples, while blurring homogenizes visual inputs and produces earlier, more uniform
dominance of length bias. Shaded regions denote 95% confidence intervals.

dominance emerges substantially earlier (median
override layer L = 11), indicating that weakened
visual evidence accelerates the resolution of con-
flict in favor of linguistic priors.

Notably, probability trajectories under clear im-
ages exhibit greater dispersion than those under
blur. This reflects heterogeneity in visual evidence
strength across examples: clear images preserve
variation in pose, viewpoint, and fine-grained dis-
criminability, allowing some instances to sustain

visual alignment longer than others. Blurring ho-
mogenizes visual inputs across examples, reducing
this variability and resulting in more uniform, ear-
lier dominance of length bias. The systematic shift
in override timing and reduced dispersion under
blur provide causal evidence that late-layer con-
flict resolution in LVLMs depends on the strength
of visual evidence, rather than arising solely from
inherited language-model biases.

Together, these results demonstrate that visual

58170



information can delay—but does not reliably pre-
vent—the amplification of length bias. When vi-
sual evidence is degraded, linguistic priors dom-
inate earlier in the computation, confirming that
length bias in LVLMs emerges from dynamic com-
petition between modalities rather than from static
decoder preferences alone.

A.3 Architectural Localization via Attention
Analysis
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Figure 9: Text-to-vision attention correlation across
transformer layers (N=200 examples). We measure
the correlation between option length and visual atten-
tion at each layer. Late layers (20–28, shaded region)
show statistically significant positive correlation (mean
r = 0.063, p < 0.001), indicating that longer options
query vision more than shorter options. Despite this
increased visual grounding, long incorrect options are
preferentially selected, demonstrating that length bias
operates through override of visual evidence in the lan-
guage decoder rather than insufficient visual informa-
tion retrieval.

To identify whether length bias originates in
vision-language fusion or language processing, we
analyze text-to-vision attention patterns across all
layers (N=200 examples). We extract attention
weights from text option tokens to vision tokens,
measuring whether longer options differentially
query visual information during decision-making.

Late-layer analysis (layers 20–28, Figure 9) re-
veals a statistically significant positive correla-
tion between option length and visual attention
(r = 0.063, p < 0.001). Critically, long incor-
rect options attend 9% more to visual features
than short correct answers (0.000342 vs 0.000313,
p < 0.001), yet are still preferentially selected.
This demonstrates that length bias does not arise
from inadequate visual grounding but rather from
the language decoder systematically overriding
visual evidence when processing longer text se-

Dataset Captioner Model Equal
Long

Equal
Short

Shorter
Correct

Longer
Correct

CUB

Qwen2.5-VL-7B Qwen2.5-VL-7B 59.30 52.10 41.30 70.50
Qwen3-VL-30B Qwen2.5-VL-7B 66.25 55.50 44.25 70.00
GPT-4o Qwen2.5-VL-7B 67.00 58.00 48.50 70.75

InternVL-2.5-8B InternVL-2.5-8B 64.50 55.10 41.80 74.40
Qwen3-VL-30B InternVL-2.5-8B 66.75 57.50 46.00 78.25
GPT-4o InternVL-2.5-8B 65.25 57.25 43.50 76.75

Dogs

Qwen2.5-VL-7B Qwen2.5-VL-7B 57.33 51.50 53.00 61.17
Qwen3-VL-30B Qwen2.5-VL-7B 65.00 56.67 58.33 60.83
GPT-4o Qwen2.5-VL-7B 67.08 53.33 56.67 59.58

InternVL-2.5-8B InternVL-2.5-8B 56.33 52.33 42.33 68.83
Qwen3-VL-30B InternVL-2.5-8B 61.67 59.58 50.42 71.67
GPT-4o InternVL-2.5-8B 60.83 57.50 47.50 68.75

Table 5: Accuracy (%) of LVLMs on Caption-Guided
MCQA across CUB and Dogs without class names in
the answer options.

quences.
This localization explains why caption-guided

MCQA (Section A.5) provides only partial mitiga-
tion: explicit visual descriptions cannot overcome
bias that operates independently of visual evidence
strength. The finding indicates that effective so-
lutions must target the language decoder through
architectural modifications or length-normalized
scoring mechanisms.

A.4 Caption-Guided MCQA Prompt

For caption-guided MCQA experiments, we use
the following prompt template (10) to guide the
answering model to ground its reasoning in both
the image and the generated caption:

Caption-Guided MCQA Prompt

You are given a multiple-choice question
about an image.
Image Description: {image_description}
Use BOTH the image and the description
above to answer the question. Return ONLY
a single option ID from (’A’, ’B’, ’C’, ’D’)
of the correct answer. Do not include expla-
nations or extra text. {formatted_prompt}
Answer: (choose one from A, B, C, D)

Figure 10: Prompt template used for caption-guided
MCQA.

where {image_description} is replaced with the
generated caption from the captioning model, and
{formatted_prompt} contains the question and
answer options.

A.5 Caption-Guided MCQA

To investigate whether bias arises from visual per-
ception or decision-making, we introduce Caption-
Conditioned MCQA (CC-MCQA) inspired by
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human problem-solving: first forming an internal
description of the scene, then comparing it against
candidate answers. This framework decouples per-
ception from answer selection through two sequen-
tial stages, serving as both a mitigation strategy and
diagnostic tool.
Caption Generation (Perception Stage). Given
an image I , a captioning model Mcap generates a
fine-grained description:

C = Mcap(I, pcap),

where pcap encourages grounding of discrimina-
tive attributes (e.g., color, pattern, texture) while
discouraging speculative language.
Caption-Guided Answer Selection (Reasoning
Stage). The caption C is provided to an answering
model Mans with the question Q and candidate
options {O1, . . . , On}:

ŷ = Mans(I,Q, {O1, . . . , On}, C, pans),

where pans guides the model to ground reasoning in
the caption rather than option length. This disentan-
gles perception errors (from Mcap) from decision
biases (from Mans).

We evaluate two variants: Self-Conditioned
(Mcap = Mans) and Decoupled (Mcap ̸= Mans).
If performance improves with accurate captions,
biases originate from perception errors; if perfor-
mance degrades despite accurate captions, biases
stem from decision-making heuristics.

Results. Table 5 presents Caption-Guided
MCQA performance without class names. We
compare against baseline (Table 8) to assess
whether explicit visual grounding mitigates length
bias.
Caption Guidance Substantially Reduces
Length Bias. Caption-guided MCQA with
GPT-4o substantially narrows the gap between
"Shorter Correct" and "Longer Correct." For
Qwen2.5-VL-7B on CUB, the baseline gap of
66.80 points (26.60% vs 93.40%) reduces to
22.25 points (48.50% vs 70.75%), a 66.7% bias
reduction. The decrease in "Longer Correct"
(93.40% to 70.75%) represents correction of
artificially inflated accuracy, while "Shorter
Correct" improves substantially (26.60% to
48.50%), demonstrating that visual grounding
overcomes bias against concise options.
External Captions Outperform Self-
Conditioned Approaches. Using stronger

Dataset Model Equal
Long

Equal
Short

Shorter
Correct

Longer
Correct

CUB (W/o) Qwen2.5-VL-7B 58.40 51.30 62.80 45.70
InternVL_2.5-8B 59.00 53.50 67.10 44.00

Dogs (W/o) Qwen2.5-VL-7B 57.17 53.17 53.00 61.33
InternVL_2.5-8B 52.00 52.00 73.33 32.50

CUB (W.) Qwen2.5-VL-7B 71.20 68.60 69.10 70.40
InternVL_2.5-8B 63.60 62.00 53.20 70.10

Dogs (W.) Qwen2.5-VL-7B 71.83 71.17 77.33 61.83
InternVL_2.5-8B 55.17 57.33 67.17 44.00

Table 6: Accuracy (%) of LVLMs on "Yes/No" eval-
uation across CUB and Dogs, reported with (W.) and
without (W/o) class names in the answer options.

captioners (GPT-4o, Qwen3-VL-30B) consistently
outperforms both self-conditioned and baseline
approaches. On CUB "Equal Long," GPT-4o
achieves 67.00% versus 59.30% (self-conditioned)
and 64.90% (baseline). Self-conditioned caption-
ing often degrades performance, revealing that
perception errors compound decision-making
biases when the same model handles both stages.

Residual Bias Reveals Multi-Stage Architecture.
Despite substantial improvements, a 22.25 point
gap persists even with GPT-4o captions, revealing
that length preference operates at multiple process-
ing stages. While explicit visual grounding ad-
dresses perceptual biases, decision-making biases
in textual weighting remain partially intact.

A.6 Yes/No Question Answering (QA)

We transform the multiple-choice task into binary
Yes/No questions. For each option, we ask the
model whether it correctly answers the question
and select the option with the highest probability
assigned to "Yes" as the predicted answer. This in-
dependent evaluation removes direct comparisons
between options during selection.

Table 6 presents results with and without class
names. The Yes/No format substantially improves
"Shorter Correct" performance: for Qwen2.5-VL-
7B on CUB with class names, accuracy reaches
69.10% compared to 26.60% baseline (Table 8),
nearly achieving parity with "Longer Correct"
(70.40%). However, performance degrades in bal-
anced settings, with "Equal Short" dropping from
61.00% to 51.30%. While independent option
evaluation mitigates length bias by removing di-
rect length comparisons, eliminating comparative
context hinders fine-grained discrimination when
length is not a confounding factor.
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Dataset Model Equal
Long

Equal
Short

Shorter
Correct

Longer
Correct

CUB (W/o) Qwen2.5-VL-7B 52.80 52.40 31.40 81.80
InternVL_2.5-8B 56.80 49.80 33.10 82.90

Dogs (W/o) Qwen2.5-VL-7B 54.17 53.83 41.50 73.50
InternVL_2.5-8B 54.00 56.33 32.67 76.67

CUB (W.) Qwen2.5-VL-7B 66.70 63.40 50.00 84.50
InternVL_2.5-8B 57.90 56.00 33.40 88.10

Dogs (W.) Qwen2.5-VL-7B 69.83 70.17 60.17 89.67
InternVL_2.5-8B 58.67 52.83 38.17 78.00

Table 7: Accuracy (%) of LVLMs on "selection by
rejection" across CUB and Dogs, with (W.) and without
(W/o) class names in the answer options.

A.7 MCQA with Selection by Rejection
In multiple-choice reasoning, humans often ap-
proach difficult questions by first eliminating
clearly incorrect options before selecting a final
answer. Inspired by this process, we design a
selection-by-rejection strategy to test whether ex-
plicit elimination can mitigate the length bias.

Instead of prompting the model to select a single
option directly, we instruct it to reject three candi-
dates, inferring the final prediction as the surviving
option. We hypothesize that explicitly discarding
incorrect candidates might reduce reliance on super-
ficial heuristics such as option length and instead
focus on genuine grounding in the image.
Selection-by-Rejection Degrades Performance
and Reinforces Length Bias. Table 7 shows that
this strategy consistently degrades performance
across all models. Comparing with Table 8, we ob-
serve substantial accuracy drops. On CUB without
class names, Qwen2.5-VL-7B drops from 64.90%
to 52.80% in "Equal Long" and from 93.40% to
81.80% in "Longer Correct." Although LVLMs pro-
duce syntactically valid rejections, the eliminations
are not reliably aligned with correctness. Further
analysis reveals that generated justifications are
typically plausible-sounding but not systematically
grounded in visual or textual evidence. Unlike hu-
mans, who perform elimination as a structured logi-
cal process, LVLMs treat rejection as another gener-
ative task influenced by the same shallow heuristics.
This suggests that the rejection procedure does not
reduce length bias but instead reinforces the prefer-
ence for visually inconsistent longer options.

A.8 LVLM Performance Under Different
Option-Length Conditions

Table 8 presents comprehensive results across all
evaluated models and datasets under four length-
controlled conditions. The ∆ column quantifies
length bias magnitude, showing substantial bias

across all models: without class names, ∆ ranges
from 8.52 (InternVL_2.5-8B on Food) to 93.50
(LLaVA-v1.5-7B on Dogs). Performance consis-
tently drops in "Shorter Correct" conditions (nega-
tive values in parentheses) and increases in "Longer
Correct" conditions (positive values), with drops
of 2–38 points and gains of 1–70 points depend-
ing on model and dataset. Class name inclusion
mitigates bias, reducing ∆ values substantially: for
Qwen2.5-VL-7B on CUB, ∆ decreases from 66.80
to 43.20. However, even with class names, sig-
nificant bias persists (e.g., LLaVA-v1.5-13B on
CUB: ∆ = 57.30), indicating that length preference
is deeply entrenched. Notably, the Food dataset
shows lower bias across all models, suggesting that
domain characteristics influence susceptibility to
length-based heuristics.

A.9 Results for the Abstention (NoA) Settings
Dogs
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Figure 11: Accuracy (%) of LVLMs on "None of the
Above" (NoA) evaluation settings across Dogs datasets,
reported both with and without class names in the an-
swer options. "w/o NoA" denotes the original MCQ
format without a NoA option. "NoA w/C" appends a
fifth option, "E. None of the above", while keeping the
correct answer present among A–D (over-abstention
test). "NoA wo/C" removes the correct answer and uses
"D. None of the above." as the only valid choice (forced-
abstention test).

Figure 11 and Table 9 summarize LVLM per-
formance under different abstention settings. We
observe several consistent patterns.
Without Class Names, Abstention Performance
Collapses Completely. Without class names,
LVLMs fail almost completely under abstention
tests. Qwen2.5-VL-7B drops to 3.2% on CUB
and 3.83% on Dogs under NoA wo/C, while
InternVL_2.5-8B falls to 17.7% and 33.5%, respec-
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Class
Name Dataset Model Equal

Long
Equal
Short

Shorter
Correct

Longer
Correct ∆

Without

Aircraft

LLaVA-v1.5-7B 32.86 34.00 (+1.14) 18.29 (-14.57) 84.57 (+51.71) 66.28
LLaVA-v1.5-13B 39.71 35.71 (-4.00) 18.86 (-20.85) 87.43 (+47.72) 68.57
Qwen2.5-VL-7B 54.86 43.71 (-11.15) 21.43 (-33.43) 84.00 (+29.14) 62.57
InternVL_2.5-8B 39.71 36.29 (-3.42) 32.29 (-7.42) 57.43 (+17.72) 25.14

Cars

LLaVA-v1.5-7B 26.73 32.65 (+5.92) 12.35 (-14.38) 94.29 (+67.56) 81.94
LLaVA-v1.5-13B 40.71 44.08 (+3.37) 16.94 (-23.77) 93.16 (+52.45) 76.22
Qwen2.5-VL-3B 64.80 55.51 (-9.29) 35.82 (-28.98) 85.61 (+20.81) 49.79
Qwen2.5-VL-7B 68.88 59.59 (-9.29) 38.57 (-30.31) 89.69 (+20.81) 51.12
Qwen2.5-VL-32B 73.16 60.71 (-12.45) 42.86 (-30.30) 92.65 (+19.49) 49.79
InternVL_2.5-8B 56.94 47.45 (-9.49) 37.55 (-19.39) 72.65 (+15.71) 35.10

CUB

LLaVA-v1.5-7B 26.70 31.20 (+4.50) 8.90 (-17.80) 96.80 (+70.10) 87.90
LLaVA-v1.5-13B 39.30 42.60 (+3.30) 15.20 (-24.10) 93.30 (+54.00) 78.10
Qwen2.5-VL-3B 60.60 58.40 (-2.20) 38.10 (-22.50) 81.40 (+20.80) 43.30
Qwen2.5-VL-7B 64.90 61.00 (-3.90) 26.60 (-38.30) 93.40 (+28.50) 66.80
Qwen2.5-VL-32B 68.00 61.30 (-6.70) 37.20 (-30.80) 93.30 (+25.30) 56.10
Qwen3-VL-30B 72.30 63.20 (-9.10) 47.30 (-25.00) 85.00 (+12.70) 37.70
InternVL_2.5-8B 62.50 57.10 (-5.40) 37.80 (-24.70) 88.30 (+25.80) 50.50

Dogs

LLaVA-v1.5-7B 30.00 33.67 (+3.67) 5.67 (-24.33) 99.17 (+69.17) 93.50
LLaVA-v1.5-13B 36.67 42.33 (+5.66) 14.00 (-22.67) 95.67 (+59.00) 81.67
Qwen2.5-VL-7B 62.83 58.50 (-4.33) 33.17 (-29.66) 90.83 (+28.00) 57.66
Qwen3-VL-30B 71.17 64.00 (-7.17) 49.50 (-21.67) 89.17 (+18.00) 39.67
InternVL_2.5-8B 57.50 58.00 (+0.50) 38.17 (-19.33) 79.67 (+22.17) 41.50

Food

LLaVA-v1.5-7B 33.47 53.07 (+19.60) 27.72 (-5.75) 93.07 (+59.60) 65.35
LLaVA-v1.5-13B 49.50 65.15 (+15.65) 42.57 (-6.93) 95.84 (+46.34) 53.27
Qwen2.5-VL-7B 86.73 86.93 (+0.20) 78.61 (-8.12) 92.08 (+5.35) 13.47
InternVL_2.5-8B 80.79 76.63 (-4.16) 75.84 (-4.95) 84.36 (+3.57) 8.52

With

Aircraft

LLaVA-v1.5-7B 19.43 21.71 (+2.28) 12.86 (-6.57) 54.57 (+35.14) 41.71
LLaVA-v1.5-13B 21.43 24.00 (+2.57) 10.57 (-10.86) 75.14 (+53.71) 64.57
Qwen2.5-VL-7B 70.29 75.14 (+4.85) 45.43 (-24.86) 96.00 (+25.71) 50.57
InternVL_2.5-8B 54.29 56.57 (+2.28) 31.43 (-22.86) 81.14 (+26.85) 49.71

Cars

LLaVA-v1.5-7B 25.82 32.35 (+6.53) 19.18 (-6.64) 79.08 (+53.26) 59.90
LLaVA-v1.5-13B 31.84 40.92 (+9.08) 26.84 (-5.00) 80.41 (+48.57) 53.57
Qwen2.5-VL-3B 76.73 75.41 (-1.32) 62.76 (-13.97) 89.59 (+12.86) 26.83
Qwen2.5-VL-7B 82.24 84.49 (+2.25) 67.14 (-15.10) 94.90 (+12.66) 27.76
Qwen2.5-VL-32B 85.10 82.96 (-2.14) 74.39 (-10.71) 91.73 (+6.63) 17.34
InternVL_2.5-8B 56.12 57.04 (+0.92) 44.80 (-11.32) 75.51 (+19.39) 30.71

CUB

LLaVA-v1.5-7B 27.50 28.70 (+1.20) 23.40 (-4.10) 63.50 (+36.00) 40.10
LLaVA-v1.5-13B 28.30 33.70 (+5.40) 19.10 (-9.20) 76.40 (+48.10) 57.30
Qwen2.5-VL-3B 67.50 70.90 (+3.40) 52.50 (-15.00) 87.30 (+19.80) 34.80
Qwen2.5-VL-7B 76.10 74.30 (-1.80) 50.70 (-25.40) 93.90 (+17.80) 43.20
Qwen2.5-VL-32B 76.40 73.60 (-2.80) 61.00 (-15.40) 88.60 (+12.20) 27.60
Qwen3-VL-30B 77.80 75.20 (-2.60) 61.90 (-15.90) 88.50 (+10.70) 26.60
InternVL_2.5-8B 61.40 60.00 (-1.40) 39.20 (-22.20) 88.30 (+26.90) 49.10

Dogs

LLaVA-v1.5-7B 26.67 31.83 (+5.16) 16.00 (-10.67) 76.67 (+50.00) 60.67
LLaVA-v1.5-13B 30.83 37.67 (+6.84) 20.00 (-10.83) 76.83 (+46.00) 56.83
Qwen2.5-VL-7B 76.33 78.00 (+1.67) 58.83 (-17.50) 93.33 (+17.00) 34.50
Qwen3-VL-30B 77.67 77.67 (+0.00) 67.67 (-10.00) 88.50 (+10.83) 20.83
InternVL_2.5-8B 59.33 57.67 (-1.66) 43.67 (-15.66) 79.33 (+20.00) 35.66

Food

LLaVA-v1.5-7B 30.10 58.22 (+28.12) 32.87 (+2.77) 89.90 (+59.80) 57.03
LLaVA-v1.5-13B 58.42 71.88 (+13.46) 56.63 (-1.79) 96.44 (+38.02) 39.81
Qwen2.5-VL-7B 88.12 89.31 (+1.19) 84.36 (-3.76) 93.66 (+5.54) 9.30
InternVL_2.5-8B 85.74 83.76 (-1.98) 81.39 (-4.35) 86.34 (+0.60) 4.95

Table 8: Accuracy (%) of LVLMs across five datasets under different option-length conditions, with and without
class names in answer choices. Results show LVLM performance on "Equal Long," "Equal Short," "Shorter
Correct," and "Longer Correct" variants. Values in parentheses indicate differences from the "Equal Long" baseline
for each model-dataset pair. ∆ (Longer Correct - Shorter Correct) quantifies length bias magnitude. The best result
for each setting and dataset is highlighted in bold.

tively. Such near-random behavior suggests that
without semantic anchors, models cannot recog-
nize when no valid answer is available and instead
produce arbitrary guesses. This underscores the

importance of class names as grounding cues for
abstention, not just classification.
Abstention Reveals Critical Robustness Failures
in LVLMs. While LVLMs handle abstention re-
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liably in trivial cases, they perform poorly under
challenging conditions. They exhibit both false ab-
stention (choosing NoA when the correct answer is
present) and failure to abstain (guessing when ab-
stention is correct). This highlights abstention as a
critical but underexplored aspect of LVLM robust-
ness with direct implications for safe deployment
in real-world applications.

A.10 Position Bias and Answer Distribution
Analysis

To ensure that our observed length bias is not con-
founded by position bias, we provide detailed anal-
ysis of answer position distributions and our exper-
imental design controls.

A.10.1 Answer Position Distribution Across
Datasets

Our length-controlled benchmarks inherit the an-
swer position distributions from the underlying
fine-grained MCQA datasets of Atabuzzaman et al.
(2025a). Table 10 presents the distribution of cor-
rect answers across positions A, B, C, and D for
each dataset. While distributions show some natu-
ral variation, no position exhibits systematic over-
representation that could confound our length ma-
nipulation experiments.

A.10.2 Position-Controlled Length
Manipulation

Critically, our length-controlled variant design ex-
plicitly neutralizes position effects. For every ques-
tion, the correct answer remains in the same posi-
tion (A, B, C, or D) across all four variants: Equal
Long, Equal Short, Shorter Correct, and Longer
Correct.

For example, consider a question where the cor-
rect answer originally appears at position C:

• Equal Long: Position C contains a detailed
correct answer (all options long)

• Equal Short: Position C contains a brief cor-
rect answer (all options short)

• Shorter Correct: Position C contains a short
correct answer (distractors long)

• Longer Correct: Position C contains a long
correct answer (distractors short)

Because position is held constant while answer
length is systematically varied, any performance
differences across these variants cannot be at-
tributed to position bias. Length is the only ma-
nipulated factor. This within-question design en-

sures that our results isolate length effects from
positional preferences.

A.10.3 Class-Name-Only Ablation
To further verify that content variation does not
confound length effects, we conducted additional
ablations where only class names differ between
conditions. Table 11 presents results where the
baseline (Class-name-only) provides all options as
bare class names, the Shorter Correct condition
adds detailed descriptions only to distractors, and
the Longer Correct condition adds detailed descrip-
tions only to the correct answer.

Results demonstrate consistent accuracy shifts
driven solely by length manipulation. For instance,
Qwen2.5-VL-7B on CUB drops from 67.0% to
53.3% when the correct answer is short and rises
to 93.2% when it is long—a 39.9 percentage point
gap attributable entirely to length. These results
confirm that position bias does not explain our find-
ings.
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Class
Name Dataset Setting Model Equal

Long
Equal
Short

Shorter
Correct

Longer
Correct

Without

CUB

w/o NoA Qwen2.5-VL-7B 64.90 61.00 26.60 93.40
InternVL_2.5-8B 62.50 57.10 37.80 88.30

NoA w/C Qwen2.5-VL-7B 64.10 60.20 28.10 93.30
InternVL_2.5-8B 59.30 54.40 34.70 87.40

NoA wo/C Qwen2.5-VL-7B 3.20 5.80 3.20 5.40
InternVL_2.5-8B 17.70 21.00 18.00 20.00

Dogs

w/o NoA Qwen2.5-VL-7B 62.83 58.50 33.17 90.83
InternVL_2.5-8B 57.50 58.00 38.17 79.67

NoA w/C Qwen2.5-VL-7B 63.00 57.67 34.00 91.33
InternVL_2.5-8B 48.83 53.83 31.33 76.33

NoA wo/C Qwen2.5-VL-7B 3.83 9.17 4.50 8.00
InternVL_2.5-8B 33.50 35.17 33.50 31.17

With

CUB

w/o NoA Qwen2.5-VL-7B 76.10 74.30 50.70 93.90
InternVL_2.5-8B 61.40 60.00 39.20 88.30

NoA w/C Qwen2.5-VL-7B 75.00 73.20 50.70 93.50
InternVL_2.5-8B 55.70 54.30 33.90 86.00

NoA wo/C Qwen2.5-VL-7B 20.00 20.50 12.20 19.70
InternVL_2.5-8B 23.00 29.70 23.10 30.10

Dogs

w/o NoA Qwen2.5-VL-7B 76.33 78.00 58.83 93.33
InternVL_2.5-8B 59.33 57.67 43.67 79.33

NoA w/C Qwen2.5-VL-7B 76.33 77.17 59.00 92.50
InternVL_2.5-8B 50.67 49.17 36.00 73.83

NoA wo/C Qwen2.5-VL-7B 11.33 17.17 11.00 17.00
InternVL_2.5-8B 32.50 30.33 32.33 30.67

Dogs
(Easy)

w/o NoA Qwen2.5-VL-7B 100.0 100.0 100.0 100.0
InternVL_2.5-8B 100.0 100.0 100.0 100.0

NoA w/C Qwen2.5-VL-7B 99.17 98.33 97.67 99.50
InternVL_2.5-8B 94.67 91.83 92.83 95.33

NoA wo/C Qwen2.5-VL-7B 100.0 100.0 100.0 100.0
InternVL_2.5-8B 100.0 100.0 100.0 100.0

Table 9: Accuracy (%) of LVLMs on "None of the Above" (NoA) evaluation settings across CUB and Dogs datasets,
reported both with and without class names in the answer options. "w/o NoA" denotes the original MCQ format
without a NoA option. "NoA w/C" appends a fifth option, "E. None of the above", while keeping the correct answer
present among A–D (over-abstention test). "NoA wo/C" removes the correct answer and uses "D. None of the
above." as the only valid choice (forced-abstention test). In the "NoA wo/C" setting, removing the correct answer
from "Shorter Correct" leaves only long distractors, making its option pool structurally similar to "Equal Long";
likewise, removing the correct answer from "Longer Correct" leaves only short distractors, similar to "Equal Short".
Accordingly, LVLM performance under "NoA wo/C" for these two conditions closely aligns with, though does not
exactly match, "Equal Long" and "Equal Short", respectively.

Dataset A B C D

Cars 245 245 240 250
CUB 260 215 250 275
Dogs 170 145 160 125
Food 140 125 100 140

Table 10: Distribution of correct answers across posi-
tions A, B, C, and D for each dataset. Distributions are
inherited from base benchmarks and remain unchanged
across all length-controlled variants.

Model Dataset
Class
name
only

Shorter
Correct

Longer
Correct

InternVL-2.5-8B Dogs 54.17 45.33 79.17
InternVL-2.5-8B CUB 47.10 48.60 89.60
Qwen2.5-VL-7B CUB 67.00 53.30 93.20
Qwen2.5-VL-7B Dogs 75.83 60.17 93.33

Table 11: Accuracy (%) under class-name-only abla-
tions. All conditions use identical answer positions,
varying only the length of the correct option versus dis-
tractors.
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