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Abstract

Vision-Language Models (VLMs) have achieved impressive
performance across a wide range of multimodal tasks, yet
they often exhibit inconsistent behavior when faced with
semantically equivalent inputs—undermining their reliabil-
ity and robustness. Recent benchmarks, such as MM-R®,
highlight that even state-of-the-art VLMs can produce di-
vergent response across semantically equivalent inputs, de-
spite maintaining high average accuracy. Prior work ad-
dresses this issue by modifying model architectures or con-
ducting large-scale fine-tuning on curated datasets. In con-
trast, we propose a simple and effective test-time consis-
tency framework that enhances semantic consistency with-
out supervised re-training. Our method is entirely post-hoc,
model-agnostic, and applicable to any VLM with access to
its weights. Given a single test point, we enforce consistent
predictions via two complementary objectives: (i) a Cross-
Entropy Agreement Loss that aligns predictive distributions
across semantically equivalent inputs, and (ii) a Pseudo-
Label Consistency Loss that draws outputs toward a self-
averaged consensus. Our method is plug-and-play, and
leverages information from a single test-input itself to im-
prove consistency. Experiments on the MM-R3 benchmark
show that our framework yields substantial gains in con-
sistency across state-of-the-art models, establishing a new
direction for inference-time adaptation in VLMs.'

1. Introduction

Vision-Language Models (VLMs) [9, 17, 18, 25] have
achieved impressive performance across a wide range of
multimodal tasks, including visual question answering [2],
captioning [4, 16, 20], and reasoning [10, 28]. While exist-
ing evaluations predominantly focus on accuracy, a grow-
ing body of work highlights a critical shortcoming: seman-
tic inconsistency [6]. That is, VLMs producing divergent
outputs when prompted with semantically equivalent in-
puts—undermining their reliability, interpretability, and de-

*Equal Contribution. Order determined by coin flip.
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Figure 1. Comparison between training-time (top) and our test-
time (bottom) consistency frameworks. While prior work (e.g.,
[6]) needs large-scale supervised fine-tuning with curated dataset
to enforce consistency, our method operates entirely post-hoc by
adapting to a single test point with few gradient steps at test-time

ployment in high-stakes settings.

Recent interest in investigating inconsistencies in VLM
response has led to the development of dedicated bench-
marks for evaluating this phenomenon. Notably, previous
efforts such as MM-R3[6] introduces a curated test suite
that assesses VLM consistency under controlled semantics-
preserving perturbations, including question rephrasing,
image restyling, and context masking. Despite achieving
high accuracy, state-of-the-art models exhibit significant
variance across these conditions, highlighting that correct-
ness does not imply semantic consistency—a key require-
ment for reliable multimodal reasoning. While previous ap-
proaches [6] enhance consistency via adapter-based large
scale fine-tuning, they requires intrusive architectural mod-
ifications and access to a sizable curated training dataset.

We tackle the problem of improving consistency through
a test-time, inference-only approach—without access to la-
bels, training data, large-scale fine-tuning, or architectural
modifications. Unlike prior methods that rely on supervised
re-training or adapter insertion [6], our framework operates
entirely post-hoc and leverages information within a sin-

! Code is available at https://github.com/ShihHanChou/testtime_const- VLM  gle test sample to enhance consistency. This is particularly
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valuable in scenarios where retraining is infeasible.

Approach: We propose a simple, general-purpose test-time
consistency framework that can be applied to any proba-
bilistic vision-language model (VLM) in a plug-and-play
manner. Our method leverages semantically equivalent
variants of a single test input and encourages agreement
among the resulting predictions via two lightweight objec-
tives: (1) a Cross-Entropy Agreement Loss, which penal-
izes divergence in response token distributions, and (2) a
Pseudo-Label Consistency Loss, which aligns predictions
toward a consensus output. Crucially, our framework de-
parts from training-centric paradigms [6] by adapting model
behavior post-hoc—even for a single test input—using only
the rich signal present in that input’s semantic variations.
This enables the model to produce invariant predictions
across linguistic and visual perturbations, thereby promot-
ing semantic consistency and robust multimodal reasoning.

We evaluate our approach on the established MM-R?
benchmark [6] and demonstrate substantial improvements
in consistency across multiple open-source VLMs. Our
method remains lightweight—requiring no architectural
changes or large-scale re-training—and introduces only a
small amount of inference-time overhead, limited to a few
gradient steps on a single test sample. We believe this is
a worthwhile trade-off given the efficiency it offers: it re-
quires no task-specific training, adapts to new data distribu-
tions using just a single sample, and remains fully model-
agnostic. Notably, even strong models benefit from this tar-
geted adaptation, highlighting the value of test-time regular-
ization. We advocate for consistency, alongside accuracy, to
be a central design goal in the development of robust multi-
modal learning systems.

Contributions. We summarize contributions as follows:

* We introduce a simple, model-agnostic framework that
addresses the underexplored problem of test-time consis-
tency in VLMs. It operates entirely post-hoc, requiring
only access to model weights and information from a sin-
gle test input—with no need for training data, supervised
re-training, or access to original loss functions—making
it broadly applicable and deployment-friendly.

e Qur framework combines two complementary objectives:

(1) a Cross-Entropy Agreement Loss that minimizes di-

vergence across perturbed input predictions, and (2) a

Pseudo-Label Consistency Loss that aligns outputs to-

ward a consensus response. Unlike prior approaches that

rely on fine-tuning or adapter insertion, our method is
fully plug-and-play, requiring no architectural modifica-
tions or training-time assumptions.

We demonstrate substantial improvements in semantic

consistency across linguistic and visual perturbations on

MM-R3 consistency benchmark [6] and OKVQA [19].
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2. Related Works

Consistency in Vision-Language Models. While ex-
isting evaluations of Vision-Language Models (VLMs)
predominantly focus on accuracy, a growing body of
work highlights a critical shortcoming: semantic incon-
sistency [6]. That is, VLMs often produce divergent
outputs when prompted with semantically equivalent in-
puts—undermining their reliability, interpretability, and ap-
plicability in high-stakes settings. The recently established
MM-R? consistency benchmark [6] systematically investi-
gates this issue, introducing a suite of perturbation-based
evaluations across rephrased questions, stylized images,
and masked contexts. Their results show that even state-of-
the-art VLMs exhibit significant inconsistency across these
settings, despite high accuracy—revealing a fundamental
gap between correctness and stable reasoning.

While prior efforts to improve consistency [6] typically

focus on intrusive architectural modifications, or fine-tuning
on curated data, these approaches are computationally in-
tensive and often infeasible in practical settings. To this end,
in contrast to previous work [6], we address this challenge
from a test-time perspective, proposing a lightweight, post-
hoc framework that improves consistency without large-
scale retraining or access to labels.
Test-Time Adaptation. Test-time adaptation methods have
evolved from entropy-based confidence maximization to
more efficient and modular tuning strategies. MEMO [30]
enhances robustness by enforcing confident and consistent
predictions across augmented test-time views. Test-Time
Prompt Tuning [22] adapts CLIP by optimizing prompts
at inference to better match shifted input distributions.
MedAdapter [21] guides pretrained LLMs toward domain-
specific tasks via lightweight adapter updates, while LoRA-
TTT [12] reduces adaptation cost by fine-tuning low-rank
adapters. Karmanov et al. [1 1] propose a lightweight VLM
adaptation scheme that freezes the core model and up-
dates only a small projection head via entropy minimiza-
tion. However, these methods primarily target contrastive
VLMs like CLIP and are not readily applicable to genera-
tive VLMs such as Qwen, LLaVA etc..

In contrast, our work addresses a complementary and
underexplored axis: semantic consistency in generative
VLMs. Our approach operates entirely post-hoc, is model-
agnostic, and leverages information from a single test in-
put—requiring no retraining, architectural changes, or ac-
cess to training data—making it lightweight, scalable, and
broadly applicable.

Pseudo-Labeling and Self-Training. Pseudo-labeling has
been widely used in semi-supervised learning [3, 15, 23,
27, 29], often paired with augmentations or confidence
thresholds. In vision-language models, it has been em-
ployed to generate pseudo-captions [26], region—phrase
alignments [5], and visual-language prototypes [1]. We



adopt a test-time variant of pseudo-labeling, aggregating
model outputs across perturbed inputs into a self-consistent
consensus, encouraging stability without requiring external
supervision or retraining. Recently, TTRL frames infer-
ence on unlabeled data as RL with majority-vote rewards
to self-evolve LLMs [32]. While it pursues label-free test-
time adaptation, our method instead targets semantic con-
sistency in multimodal generative VLMs rather than reason-
ing accuracy in LLMs, and uses lightweight cross-entropy
and pseudo-label losses instead of reinforcement learning.
Entropy-Based Adaptation. Entropy minimization has
been a foundational strategy for improving robustness un-
der distribution shift. Grandvalet and Bengio [8] intro-
duced it as a regularization objective for unlabeled data, and
TENT [24] applied it for test-time adaptation by optimiz-
ing batch norm parameters. MEMO [30] improved on this
by combining entropy minimization with multi-view con-
sistency during inference. Extensions to large models in-
clude entropy-guided generation in LLMs [7, 13] and ef-
ficient test-time tuning for vision-language models by up-
dating only lightweight projection heads [11]. Our method
builds on this line of work by extending entropy-based ob-
jectives to open-ended generative multimodal VLMs—not
to improve accuracy, but to enhance semantic consistency,
an underexplored yet practically important aspect of relia-
bility and interpretability in multimodal reasoning.

3. Approach

3.1. Problem Setting

We follow the procedure and settings defined in the MM-R?

benchmark to evaluate consistency under diverse semantic

variations. Given a test input x = (I, Q), the benchmark
provides K semantically equivalent variants (I, Q) con-
structed via:

* Question Rephrasing: Paraphrased variants of ) gener-
ated using a language model keeps I fixed.

e Image Restyling: Stylized versions of I using neural style
transfer (e.g., Mosaic, Candy, Undie, and Grayscale) with
@ not altered.

e Context Reasoning: Variants of I with different occlu-
sions applied to a specific object region, while keeping
@ once again fixed.

Each perturbed pair (I, Q) is passed through the VLM
to obtain response distributions:

pk:VLM(Ik,Qk), fOI‘kzl,...,K (l)

3.2. Method

Overview. We propose a lightweight, test-time strategy
to improve the semantic consistency of Vision-Language
Models (VLMs) by encouraging agreement across semanti-
cally equivalent variants of a single test input. Our method
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Figure 2. Overview of our test-time consistency framework.
Given a test input with semantically equivalent input variants
(e.g., restyled images), we forward them through a pretrained
VLM to obtain predictions. Two complementary objectives are
used to improve consistency: (1) Cross-Entropy Agreement Loss,
which aligns token-level output distributions across variants, and
(2) Pseudo-Label Consistency Loss, which encourages agreement
with a consensus pseudo-label. The model is updated with few (1-
4) steps using gradients from these objectives, enabling consistent
final predictions without access to training data or model internals.

operates entirely post-hoc and leverages only the informa-
tion present in the given test example. It performs a small
number of inference-time updates (typically 1-4 steps), re-
quiring no access to training data, ground-truth labels, or
model internals.

Our approach combines two complementary objectives:
(1) a Cross-Entropy Agreement Loss that aligns token-
level output distributions across perturbed inputs, and (2) a
Pseudo-Label Consistency Loss that enforces convergence
toward a stable, consensus output prediction. These objec-
tives guide the model to become more consistent at infer-
ence, without altering original architecture or parameters.

3.3. Cross-Entropy Agreement Loss

To promote consistency across semantically equivalent in-
put variants, we introduce a Cross-Entropy Agreement Loss
that aligns their token-level output distributions. Given a
test input, we generate VLM output for K perturbed vari-
ants and obtain token-level logits through a forward pass.
Letz] € RY denote the logits over the vocabulary V' at
output token position j of the VLM response for the k-th
input variant. Let L; be the total number of valid output
tokens in response for that variant. We compute the average
logits across the decoded sequence for each variant k:

L
_ I O
Zk:fg Zk
Ly “
Jj=1

We then apply softmax to obtain the normalized token
distribution:

2

3)

The agreement loss is defined as the average of all pair-
wise symmetric cross-entropies across the K output distri-

pr = softmax(zy)



butions:
2

KE-1) > CE(pi,p;) + CE(p;, i)

i<j

Lce = (C))

This loss encourages alignment of the global output to-
kens across K input variants while ensuring the model’s
generation is distributionally consistent, even if wording or
phrasing changes.

3.4. Pseudo-Label Consistency Loss

To complement distributional alignment, we introduce a
Pseudo-Label Consistency Loss that enforces consistency
at the output level by aligning each variant’s predicted se-
quence to a common consensus output prediction.

Let {y1,...,yx} be the decoded textual outputs from
the K semantically equivalent input variants, generated us-
ing greedy decoding. To compute a consensus label, we
define a string similarity function sim(+, -) based on normal-
ized Levenshtein distance (e.g., token set ratio). We cluster
the K output responses by assigning two responses y; and
y; to the same cluster if

Sim(Yiv yj) Z T, (5)

where 7 € [0, 1] is a fixed similarity threshold (i.e., 7 =
0.85). Among all clusters, we identify the largest one, and
from within it, select the most frequent response as the
pseudo-label:

(6)

ypseudo = mode (Cmax> P

where Cy.x 1S the largest similarity-based cluster.

We then tokenize ypseudo and use it as the supervision
target for all K variants. Let p; denote the token-level pre-
dicted distribution from variant k (i.e., the model’s output
logits after softmax). The Pseudo-Label Consistency Loss
is defined as:

K
Lpr, = % Z CE(ypseudOa Pk),
k=1
where CE(:,-) denotes the cross-entropy loss between
pseudo-label tokens and predicted distribution. This loss
encourages all variants to converge to the dominant seman-
tic response, enhancing answer-level consistency of per-
turbed inputs.

)

Complementarity of Losses. The Cross-Entropy Agree-
ment Loss encourages token-level alignment by smoothing
output distributions across input variants, while the Pseudo-
Label Consistency Loss enforces prediction-level conver-
gence by aligning decoded outputs with a dominant con-
sensus response. Together, these losses regularize both the
internal generation process and final output, yielding im-
proved semantic consistency at test time using only the in-
formation in single-test point without modifying the under-
lying model.
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3.5. Final Objective and Inference

Given a test input with K semantically equivalent variants
(I, Qk) (e.g., via question rephrasing, image restyling, or
context masking), we adapt the model using gradients from
two complementary objectives: the Cross-Entropy Agree-
ment Loss Lcg and the Pseudo-Label Consistency Loss
Lp1,. The total loss at each update step is computed as a
weighted sum:

Liotal = - Log + B - LpL, (8

where o and § are hyperparameters balancing distribu-
tional agreement and semantic convergence. We optimize
this objective for a small number of gradient-based up-
dates—typically between 1 and 4—using only the current
test example, without access to any labeled (training) data.

Adaptive Step Selection Different test inputs may bene-
fit from different numbers of adaptation steps—while some
improve with a few updates, others may degrade due to
over-adaptation. To address this, we introduce an adaptive
mechanism that dynamically selects the optimal number of
steps for each test point.

After each update step t € {0, 1,...,T}, we decode the
model’s output responses for the K input variants. To as-
sess internal consistency, we compute the average pairwise
token-set similarity—based on normalized Levenshtein dis-
tance—among the K decoded answers and the previously
generated pseudo-label (used in the Pseudo-Label Consis-
tency Loss). The similarity score for step ¢ is given by:

Z sim(aj, at),

i<j

€))

1
SCOre; = m

where af and a’ denote either one of the K decoded an-
swers or the shared pseudo-label. The step ¢* with the high-
est score is selected as the final output, reflecting the most
consistent model behavior during adaptation.

t* = arg max scorey. (10)

This selection mechanism is fully unsupervised and re-
lies solely on model outputs without using ground-truth an-
notations. It enables per-instance, test-time adaptation that
is both robust and efficient, ensuring that predictions remain
semantically consistent while avoiding over-updating.

Method Variants. We report results for two variants of
our method. In the first, we use a fixed number of adap-
tation steps (I' = 2) for all samples, which we refer to as
Test-time (constant 7'). In the second, we use the adaptive
step selection mechanism described above to dynamically
choose the optimal number of updates per input. We refer
to this variant as Test-time (adapt. 7'). This comparison
allows us to assess the trade-offs between simplicity and
input-specific adaptivity.



4. Experiments

Dataset. We evaluate our method on the standard MM-
R? consistency benchmark [6], which provides a test suit
for evaluating VLM consistency with three distinct tasks,
spanning variations across both visual and linguistic modal-
ities: Question Rephrasing (lingual perturbation), Image
Restyling (semantics-preserving visual perturbation), and
Context Reasoning (occlusion-based visual perturbation).
The question rephrasing task assesses whether VLMs pro-
duce consistent answers to semantically equivalent ques-
tions phrased differently. The image restyling task evalu-
ates consistency under visual domain shifts by presenting
stylized versions of the image. The context reasoning task
tests the model’s ability to reason under partial occlusion.
Our evaluations are conducted on MM-R? test set.

Evaluation Settings. In line with prior test-time adapta-
tion work, our default setup assumes access to a single test
input (i.e., image, question and its K semantic variants, as
provided by MM-R?), on which adaptation is performed.
However, to further ensure fairness and rule out potential
benchmark coupling, we additionally evaluate a stricter set-
ting where adaptation uses a separate set of variants (gen-
erated via independent paraphrasing and restyling), while
evaluation is conducted solely on the MM-R? benchmark
variants. We call this setting (Disjoint Variant Setup).

Models. We evaluate our method on widely used state-
of-the-art open-source Vision-Language Models (VLMs).
Specifically, LLaVA 1.5M [17] (1lava-vl1l.5-7b),
LLaVA-Next  [18] (1lava-vl.6-mistral-"7b),
Qwen2-VL [25] (Qwen2-VL-7B-Instruct), In-
ternVL3 [31] (InternVL3), and Idefics2 [14]
(idefics2-8b). Our choice of these models is
motivated by the fact that these models are widely con-
sidered state-of-art, used as foundations for downstream
applications and frequently serve as initialization points
for developing more advanced VLMs. Since our method
involves modifying model parameters at test time, we
restrict our evaluation to open-source models and exclude
proprietary systems such as GPT-4V or Gemini. Evaluating
on these representative models enables us to assess the
generality, practical utility, and broader impact of test-time
consistency improvements across VLMs.

Implementation Details. Please see Supplemantary
Evaluation Metrics. Since VLM responses are open-ended
and linguistically diverse, we adopt evaluation metrics sim-
ilar to those introduced in MM-R?® [6], in order to capture
both correctness and consistency. We briefly introduce the
core evaluation metrics used to assess correctness and con-
sistency; full metric definitions and implementation details
are provided in the supplementary material.

e Accuracy (Acc): Measures correctness using fuzzy
string matching, accounting for minor lexical variations.

A similarity threshold of 85 is used to determine a match.

* Similarity with Ground Truth (Sgr): Computes se-
mantic similarity between the model’s response and the
reference answer using BERT sentence embeddings, of-
fering a more flexible alternative to exact match.

* Consistency Accuracy (Con): Evaluates semantic
agreement across responses to semantically equivalent in-
puts. Responses are considered consistent if their pair-
wise similarity exceeds a threshold of 0.7.

* Consistency Similarity (Sc): Computes the average
pairwise similarity across all response variations, provid-
ing a smoother measure of output invariance.

e Overall Score (O,;;): The harmonic mean of correctness
and consistency metrics.

Hpean(mean(Acc, Ser), mean(Con, Sc)). (11)

We use the harmonic mean to emphasize models that are
balanced in both accuracy and consistency, as it penalizes
performance when either component is low. This pro-
vides a unified measure of overall model quality.

4.1. Main Results

Overview. Table | presents the performance of our test-
time consistency framework across three tasks in the MM-
R? benchmark. We report results for each base model with
two variants: Test-time (constant 7") and Test-time (adaptive
T)). Across all tasks, our method consistently improves se-
mantic consistency and overall performance, with the adap-
tive variant yielding the best results.

Question Rephrasing. In the rephrasing task, our adaptive
test-time method yields substantial gains in consistency and
overall score across all three models while preserving ac-
curacy. For instance, on LLaVA-1.5M, O,;; improves from
52.73 (base) to 64.08, with consistency rising from 48.55
to 79.11 and Acc increasing from 36.18 to 39.58. LLaVA-
Next, Qwen2-VL, and InternVL3 also show notable gains,
with the adaptive variant achieving the best O,;; for each
model: 68.83 and 85.33, respectively. This validates the
ability of our method to enforce semantic invariance across
linguistic perturbations without reducing accuracy.

Image Restyling. This task poses a significant domain shift
challenge due to stylized visual inputs. Our method leads to
especially large improvements in consistency for all mod-
els. On LLaVA-Next, consistency improves from 55.34
(base) to 91.85 (Test-time) and further to 91.85 (Adaptive),
with Oy reaching 46.00. Qwen2-VL sees the highest per-
formance overall, with the adaptive variant achieving O, =
51.20 and nearly perfect consistency (99.14). These results
demonstrate the robustness of our framework under visual
perturbations.

Context Reasoning. Our approach also improves model
behavior in the context reasoning task, which requires sta-
ble answers under partial information. Our method delivers



Table 1. Overall results. We highlight our approach in orange
color and the overall results in gray color. The best-performing

method is in bold for each models.

| Models | Acc | Segr | Con | Sc | Oau
LLaVa 1.5M 36.18 | 62.96 | 4855 | 64.10 | 52.73
+Constant T | 38.00 | 65.05 | 77.67 | 84.65 | 63.03
+ Adapt. T 3958 | 65.10 | 79.11 | 86.10 | 64.08
oo | LLaVa-Next 42.80 | 64.89 | 49.18 | 65.69 | 55.61
£ | +ConstantT | 4448 | 6874 | 83.39 | 8847 | 6825
S| +Adapt. T 4474 | 68.67 | 85.18 | 89.92 | 68.83
2| Qwen2-VL 66.72 | 79.69 | 65.78 | 76.16 | 72.07
& | +ConstantT | 70.79 | 82.66 | 90.44 | 93.52 | 83.66
£| +Adapt. T 72.14 | 8327 | 93.6 | 95.64 | 8533
2 | InternVL3 4351 | 6452 | 4693 | 6320 | 54.14
2| +ConstantT | 44.69 | 6641 | 71.31 | 80.11 | 63.82
©| +Adapt. T 4430 | 6545 | 76.86 | 84.10 | 65.41
Idefics2 53.21 71.04 64.5 74.8 65.68
+Constant T | 53.35 | 71.12 | 64.47 | 7485 | 65.74
+ Adapt. T 54.13 | 715 66.0 | 75.88 | 66.64
LLaVa 1.5M 9.61 | 3485 | 1896 | 5691 | 28.03
+Constant T | 12.09 | 3562 | 20.14 | 59.01 | 29.77
+ Adapt. T 17.94 | 40.15 | 3390 | 64.46 | 36.52
LLaVa-Next 17.57 | 4147 | 5534 | 7136 | 4027
eo| +ConstantT | 18.99 | 4249 | 8825 | 91.25 | 45.80
E| +Adapt. T 1871 | 4252 | 91.85 | 93.16 | 46.00
2| Qwen2-VL 21.13 | 3925 | 61.67 | 7585 | 41.96
& | +ConstantT | 22.60 | 4232 | 98.30 | 98.97 | 48.85
g | +Adapt. T 22.58 | 4640 | 99.14 | 99.45 | 51.20
g | IntermVL3 996 | 31.10 | 50.63 | 67.16 | 30.44
- + Constant T" 10.75 31.44 57.00 70.66 31.71
+ Adapt. T 1075 | 3144 | 57.00 | 70.66 | 31.71
Idefics2 1723 | 4215 | 6631 | 81.02 | 4232
+Constant T | 17.84 | 4242 | 6746 | 81.6 | 4291
+ Adapt. T 1891 | 43.05 | 6635 | 81.02 | 43.62
LLaVa 1.5M 16.11 | 42.69 | 65.64 | 75.08 | 41.47
+Constant T | 22.88 | 49.49 | 88.89 | 9345 | 51.81
+ Adapt. T 31.04 | 5514 | 72.11 | 81.90 | 55.26
LLaVa-Next 3024 | 2743 | 32.11 | 5844 | 3523
2| +ConstantT | 3250 | 50.84 | 89.91 | 90.16 | 56.97
S| +Adapt. T 3229 | 5385 | 9524 | 96.66 | 59.45
2| Qwen2-VL 20.09 | 40.03 | 34.58 | 53.70 | 38.77
& | +ConstantT | 29.60 | 50.11 | 91.17 | 91.75 | 55.52
% | +Adapt T 3042 | 53.00 | 99.53 | 99.66 | 58.80
£ | InternVL3 18.82 | 44.83 | 90.08 | 9321 | 47.24
S| +ConstantT | 1871 | 4476 | 87.07 | 91.21 | 46.81
+ Adapt. T 18.80 | 44.83 | 91.28 | 94.10 | 47.37
Idefics2 2582 | 49.69 | 50.56 | 66.05 | 45.83
+ Constant T" 25.77 49.65 51.17 66.47 45.96
+ Adapt. T 2577 | 49.65 | 5195 | 67.01 | 46.16
Table 2. Results for Disjoint Variant Setup
‘ Models ‘ Acc ‘ SGT ‘ Con ‘ Sc ‘ Oa”
o | LLaVa-Next 4289 | 6489 | 49.18 | 65.69 | 55.61
E| +ConstantT | 4337 | 66.03 | 77.81 | 84.54 | 63.81
g| +Adapt. T 42.67 | 6544 | 7354 | 8171 | 63.73
= | Qwen2-VL 66.72 | 79.69 | 65.78 | 76.16 | 72.07
& | +ConstantT | 7337 | 8332 | 84.67 | 89.48 | 8248
g| +Adapt. T 7192 | 8237 | 81.12 | 87.04 | 80.46
€ | InternVL3 4351 | 6452 | 4693 | 6320 | 54.14
2| +ConstantT | 46.65 | 68.21 | 6820 | 77.6 | 63.66
S| +Adapt. T 46.08 | 67.56 | 64.87 | 7532 | 62.76
LLaVa-Next 1757 | 4147 | 5534 | 7136 | 4027
w| +ConstantT | 17.47 | 4151 | 8643 | 89.56 | 44.18
£ | +Adapt. T 17.62 | 41.48 | 83.11 | 87.34 | 43.88
2| Qwen2-VL 21.13 | 3925 | 61.67 | 75.85 | 41.96
& | +ConstantT | 2132 | 4589 | 98.12 | 98.80 | 50.11
8 + Adapt. T' 21.39 45.96 96.02 97.26 49.95
£| InternVL3 9.96 | 31.10 | 50.63 | 67.16 | 30.44
= | +ConstantT | 11.01 | 3098 | 54.88 | 69.47 | 31.39
+ Adapt. T 1091 | 3124 | 5144 | 67.78 | 31.14
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Table 3. Comparison of our approach with supervised fine-
tuned model on LLaVa 1.5M model.

Models ‘ Acc SGT Con Sc Oa”

Question Rephrasing

LLaVa 1.5M 36.18 6296 4855 64.1 52.73
+ Finetuning (5] | 42.55  69.03 63.79 7583  62.02
+ Adapt. T 39.58  65.10  79.11 86.10  64.08

Image Restyling

LLaVa 1.5M 9.61 34.85 1896 5691  28.03
+ Finetuning [6] 25.45 50.67 50.94 66.06 46.11
+ Adapt. T' 17.94  40.15 3390 6446  36.52

Context Reasoning

LLaVa 1.5M 16.11 42,69 6564 75.08 4147
+ Finetuning (6] | 63.93  76.62  75.00 8391 74.58
+ Adapt. T 31.04 5514  72.11 81.9 55.26

Table 4. Ablation Studies on contribution of different loss func-
tions we use in our approach

‘ EC’E ‘ LPL ‘ Acc SGT Con Sc Oa”

- 6144 6971 5229 66.86  62.43
-,g g 5948 7170 5294 6636  62.48
g2 v 66.67 7621 8562 8890  78.56
&2 v 66.01  77.18 9020 93.10  80.39

) 1416 3836 5433 7077  36.99
Epi 1612 3986 6186 7410  39.65
E% v 1793 4073 8397 89.86 43.86
- v 19.25 4035 84.94 9040 44.48
- 3268 2723 3137 5581 3551
b 2810 5219 5556 71.80  49.25
R v 3277 5613 97.14  97.1  60.99
S v 3333 5576  98.69 9926  61.44

Table 5. Hyper-parameter search on LLaVa-Next.

‘ « ‘ B ‘ Acc SceT Con Sc Oail

0.1 1 66.01 76.38 86.27 89.81  78.73
0.5 1 66.01 77.18 9020  93.10  80.39

1 1 64.71 75.63 83.00 87.82  77.04
1 05 | 64.71 75.68 83.01 87.88  77.07
1 0.1 6536  75.61 79.08  84.83  75.79

Question
Rephrasing

0.1 1 17.91 40.23 86.22  91.01  43.78

%,E" 0.5 1 19.25  40.35 84.94 90.4 44.48
E |1 1 17.93  40.28 8524  90.13  43.70
—- :u:a 1 0.5 17.93  40.28 8526 9047 4373
1 0.1 17.84 4060 8237 87.19 4346

0.1 1 3268 5532 97.39  98.11 60.68

0.5 1 3333 5576  98.69 99.26  61.44
1 3333 5569 9739 9830  61.19
1 0.1 32.68  55.17  96.08  97.25 60.4
1 0.5 | 32.68 5521 9477 9630  60.20

Context
Reasoning

both higher consistency and improved accuracy. Specif-
ically, LLaVA-1.5M shows a dramatic gain in O from
41.47 to 55.26 (adaptive), while LLaVA-Next reaches the
highest score of 59.45. Interestingly, even though Qwen2-
VL starts from a stronger baseline, our method boosts its
Ogy1 to 58.80 and consistency to 99.53. These results sug-
gest that test-time consistency not only stabilizes outputs
but also improves factual grounding under ambiguity.
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Figure 3. Effect of different number of update steps for each task.

4.1.1. Disjoint Variant Setup.

Beyond the standard setting where adaptation and evalua-
tion use the benchmark-provided variants, we also evaluate
a stricter setup in which the model adapts on independently
generated variants (paraphrased questions and restyled im-
ages) and is evaluated solely on the original MM-R3 vari-
ants. Results in Table 2 show that our method continues
to yield substantial improvements under this setup (e.g.,
Qwen2-VL Rephrasing Ogy;: 72.07 — 82.48; Restyling:
41.96 — 50.11), confirming that the observed consistency
gains are robust and not tied to overlap between adaptation
and evaluation variants.

4.2. Comparison with Full Fine-Tuning

To contextualize the effectiveness of our approach, we com-
pare it against the fully fine-tuned model from MM-R? [6],
which retrains LLaVA-1.5M through large-scale supervised
training using task-specific data from the curated MM-R?
training set. In contrast, our method adapts the model us-
ing only a single test point and two test-time gradient steps,
without access to labeled data, or large-scale training.

Table 3 presents the results on three MM-R? tasks.
Despite being significantly lighter in terms of computa-
tional cost and supervision, our method achieves compet-
itive—and in some cases superior—performance compared
to full fine-tuning. Specifically, on the Question Rephrasing
task, it achieves an Oy;; score of 64.08, outperforming the
fine-tuned model (62.02) by a notable margin.

On Context Reasoning, although full fine-tuning
achieves the highest score (74.58), our method still im-
proves substantially over the base model (55.26 vs. 41.47),
again without any retraining. For Image Restyling, our
method narrows the gap considerably (36.52 vs. 46.11),
demonstrating strong robustness to visual perturbations
even without additional training data. Notably, our method
underperforms on these tasks in overall score because full
fine-tuning jointly learns the novel task (unsupported by the
base VLM) through curated training dataset and improves
consistency. It can be seen that the performance of our
approach on consistency (i.e Con) is nearly equivalent to
that of full-finetuning, while on accuracy the improvement
drops. This is not surprising as [6] learns from voluminous
training data, which our model is not designed to do being
a test-time approach.

0 2 4 6 8
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4.3. Ablation Study

All experiments in the ablation studies are performed on the
LLaVA-Next model, unless specified otherwise.

4.3.1. Contribution of each Objective

To understand the contribution of each component in our
test-time consistency framework, we perform an ablation
study by selectively enabling the Cross-Entropy Agreement
Loss (Lcg) and the Pseudo-Label Consistency Loss (Lpr,).
Table 4 reports results across all three MM-R? tasks.
Complementary Benefits. We observe that both losses in-
dependently contribute to improving consistency and over-
all performance. Applying only Lcg improves consistency
over the base model in all tasks, while Lpy, alone often
yields stronger gains in Acc.

Best Results with Combined Loss. The full
method—using both Lcg and Lpr—achieves the highest
overall performance across all tasks. For instance, in
the question rephrasing task, the combination yields
O = 80.39 and consistency of 90.20, outperforming
both individual losses. Similar trends are observed in
image restyling and context reasoning, where the joint
objective achieves the best O;; scores of 44.48 and 61.44,
respectively. These results show the complementary roles
of two losses: Lcg promotes token-level alignment of
outputs across input perturbations, while Lp;, anchors
model predictions to a consensus output.

4.3.2. Ablation on Loss Weighting Coefficients

We ablate the loss weighting coefficients « and § in our
total loss L = @ - Loy + B - Lpr, using LLaVA-Next
across the MM-R? tasks. Results in Table 5 show that our
method is robust to a range of settings, but performance is
highest when both objectives are appropriately balanced.
The best results are obtained with « = 0.5 and g = 1,
yielding top Ogy; scores across all tasks: 80.39 (Rephras-
ing), 44.48 (Restyling), and 61.44 (Reasoning). Perfor-
mance drops slightly when either loss dominates—for ex-
ample, using S = 0.1 reduces consistency and overall score.

4.3.3. Ablation on Number of Updated Steps.

Figure 3 shows the impact of varying the number of gradi-
ent update steps (7") in our Test-time (constant 7") variant,
where a fixed number of updates is applied to all test in-
puts. We observe that performance improves initially but
degrades beyond a certain point, revealing a trade-off be-
tween effective adaptation and overfitting. Across all three
tasks, setting 7" = 2 yields the best score (O,;).The per-
formance drop beyond 7' = 2 is most pronounced in the
Question Rephrasing and Context Reasoning tasks, likely
due to over-adaptation and overfitting on linguistic varia-
tions or ambiguous inputs.

This ablation is specific to the Test-time (constant T’
setup. Our alternative variant, Test-time (adapt. T'), auto-



Table 6. Results on original OKVQA dataset task.

Acc | LLaVA 1.5M  LLaVA-Next ~ Qwen2-VL
Original 55.09 54.69 54.13
+ Constant T" 53.98 56.10 58.61

matically selects the optimal number of updates per instance
using the adaptive step selection mechanism described in
Section 3.5. As such, it does not require manual tuning or
per-task sensitivity analysis. Together, these two variants al-
low us to assess the trade-offs between simplicity and input-
specific adaptability.

4.3.4. Does Adaptation Preservation Original Base
Model Capabilities?

To ensure that our test-time consistency framework does
not degrade the model’s original capabilities, we evaluate
performance on the unperturbed OKVQA dataset [19] be-
fore and after adaptation. For this experiment, we generate
three semantically equivalent rephrasings of each original
question using GPT-4V. These rephrasings are used during
adaptation, while the final evaluation is performed on the
original (unmodified) question from OKVQA dataset.
Results are shown in Table 6. Both LLaVA-Next and
Qwen2-VL improve in accuracy on original unperturbed in-
put after test-time adaptation—rising from 54.69 to 56.10
and from 54.13 to 58.61, respectively. This indicates that
our method not only preserves but can even enhance model
performance on standard benchmarks. LLaVA 1.5M shows
a minor drop (55.09 — 53.98), suggesting slightly higher
sensitivity in smaller models. Overall, these results show
that our approach does not degrade on the original task dis-
tribution, and instead enables consistency improvements.

4.3.5. Effect of Decoding Temperature.

Please see the supplementary material for more details.

4.3.6. Qualitative Results.

We show qualitative results for the three tasks in Figure 4.
Across all three tasks, our method is able to improve con-
sistency with just two gradient steps on a single test-input
at inference (as also supported in Table 1). Please see the
supplementary material for more results.

5. Conclusion.

We present a simple yet effective test-time consistency
framework for vision—language models that requires no ac-
cess to curated training data, model internals, or supervised
fine-tuning. By leveraging semantically equivalent vari-
ants of each input and enforcing agreement through two
lightweight losses, our method seamlessly adapts VLMs
at inference-time using inherent information in single test-
input. Experiments on the MM-R? benchmark show that
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R1) What does this sign signify in terms of the road or intersection?
R2) What type of road feature does this sign indicate?
R3) Can you identify the type of road or intersection this sign is warning you about?

* GT: roundabout

&.-1 T'=0: (Base model prediction)
A1) 13th street
A2) roundabout
A3) roundabout

T = 2: (Post test-time adaptation)
— A1) roundabout

‘A2) roundabout

A3) roundabout

(a) Question Rephrasing

Prompt: Please describe the place in the image in very-short answer.
GT: tv studio

b S
S$1) Candy

$2) Mosaic

§3) Udnie S$4) Grayscale
T = 2: (Post test-time adaptation)
A1) living room with chairs, tv, and bookshelf
__, A2) living room with books, tv, and chairs
A3) living room with chairs, tv, and bookshelf
/Ad) living room with books, chairs, and tv

T = 0: (Base model prediction)

A1) living room with chairs, tv, and bookshelf
A2) living room

A3) office with bookshelf, chairs, and television
A4) studio with camera, lights, and chairs

(b) Image Restyling

Prompt: What kind of object is in the masked region?

GT: backpack T = 0: (Base model prediction)

A1) backpack
A2) paper
A3) rectangle

I

T = 2: (Post test-time adaptation)
A1) backpack
A2) backpack
A3) backpack

(c) Context Reasoning

Figure 4. Qualitative results on the three tasks. Across three
tasks, our method can improve the consistency even when the
base model predictions (7=0) are inconsistent. More examples
are shown in the supplementary material.

our approach significantly improves consistency while pre-
serving or enhancing accuracy. We advocate for consis-
tency as a core evaluation criterion for building reliable,
real-world VLM systems in future work.

Limitations Our analysis is limited by the scope of the
MM-R? dataset and its predefined perturbations, which may
not fully capture the diversity of real-world consistency
challenges. While our method improves consistency with-
out access to training data or model internals, it requires
multiple forward and backward passes per test input, which
increases inference-time latency. However, it remains sig-
nificantly more efficient and scalable overall compared to
full fine-tuning, as it avoids large-scale training and need for
supervision. Additionally, since adaptation is performed lo-
cally on a single test point, it may not correct broader model
deficiencies or systematic biases, and different inputs could
in principle lead to different local optima. Finally, because
our approach updates model parameters during inference,
it may not be suitable for deployment in strictly frozen or
closed-source model environments.
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