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1. Ablation on Decoding Temperature

Table 1. Different temperature on LLaVa-Next.

Temp Acc SGT Con SC Oall

Question Rephrasing

LLaVa-NEXT, τ = 0 42.89 64.89 49.18 65.69 55.61
+ Constant T 44.48 68.74 83.39 88.47 68.25

LLaVa-NEXT, τ = 0.5 42.06 65.29 52.02 66.52 56.33
+ Constant T 44.48 68.74 83.39 88.47 68.25

LLaVa-NEXT, τ = 1 42.06 65.29 52.02 66.52 56.33
+ Constant T 44.48 68.74 83.39 88.47 68.25

Image Restyling

LLaVa-NEXT, τ = 0 17.57 41.47 55.34 71.36 40.27
+ Constant T 18.99 42.49 88.25 91.25 45.80

LLaVa-NEXT, τ = 0.5 17.57 41.47 55.34 71.36 40.27
+ Constant T 17.64 40.64 82.80 76.64 42.68

LLaVa-NEXT, τ = 1 17.57 41.47 55.34 71.36 40.27
+ Constant T 17.64 40.64 82.80 76.64 42.68

Context Reasoning

LLaVa-NEXT, τ = 0 30.24 27.43 32.11 58.44 35.23
+ Constant T 32.50 50.84 89.91 90.16 56.97

LLaVa-NEXT, τ = 0.5 30.07 51.99 52.09 66.68 48.53
+ Constant T 32.31 53.84 93.4 95.31 59.15

LLaVa-NEXT, τ = 1 30.07 51.99 52.09 66.68 48.53
+ Constant T 32.31 53.84 93.4 95.31 59.15

We conduct an ablation to assess the impact of decod-
ing temperature τ on our test-time consistency framework
using LLaVA-NEXT across three perturbation types: Ques-
tion Rephrasing, Image Restyling, and Context Reasoning.

Across all perturbations, our method improves consis-
tency and overall robustness regardless of the temperature
setting (see Table 1). Notably:
• Question Rephrasing: Our test-time strategy consis-

tently boosts performance to a peak Oall = 68.25 for all
values of τ , indicating stable performance across decod-
ing scales and strong resilience to linguistic variations.

• Image Restyling: While baseline performance is lower
due to visual perturbations, our method still yields signif-
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icant improvements. The best result is at τ = 0, where
Oall improves from 40.27 to 45.80, a gain of 5.5 points.

• Context Reasoning: This task benefits most from our
consistency framework. The best performance, Oall =
59.15, is achieved at both τ = 0.5 and τ = 1, indicating
that our method improves reasoning-heavy tasks.
These results demonstrate that our approach is robust to

temperature variation.

2. Efficiency & Practicality of Test-Time Adap-
tation

Our method introduces a small inference-time overhead,
limited to 2 gradient updates on a single test sample and re-
stricted to a lightweight subset of parameters (only the LM
head). Table 2 shows a comparison with previous work in
terms of training/inference time and parameters tuned. We
believe this is a worthwhile trade-off given the overall effi-
ciency it offers: it requires no large-scale task-specific train-
ing on curated data, adapts to new data distributions using
just a single sample, and remains fully model-agnostic. On
LLaVA, the average inference time increases modestly from
9.2 to 30.1 seconds per sample, an acceptable cost given the
substantial gains in consistency and much less training time
(18 hours vs 0) and parameters tuned (376M vs 131M). Gra-
dient updates remain the dominant cost. Generating variants
indeed incurs some cost (0.22 sec for K=4 style variants and
0.51 sec for 3 rephrasings), but this process can be paral-
lelized and only requires a single forward pass through a
model (LLM or CNN), hence takes a fraction of time com-
paratively.

Table 2. Efficiency Comparison between finetune and ours.
Training time in Our (test-time adaptation) is 0 denotes our method
does not need training.

Model Training Time Params Tuned Inference Time

Finetune (MM-R3[2]) 18 hrs 376 M 9.2 s
Our (test-time adaptation) 0 131 M 30.1 s
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Ans) udder  = 1:  
A1) udder 
A2) udder  
A3) uterus

T

R1) What part of the cow is used for milk production?  
R2) Which body part is unique to female cows and used for nursing their young?  
R3) What is the name of the organ found only in female cows that secretes milk?

 = 2:  
A1) udder 
A2) udder  
A3) udder

T

Pseudo Label) udder

 = 0: (Base model prediction)  
A1) udder 
A2) udders  
A3) uterus

T

Ans) bus lane  = 1:  
A1) bus lane 
A2) buses can travel 
independently on bus lanes  
A3) bus lanes

T

R1) What designation do certain roads have that allow only buses to use them? 
R2) On which routes can buses travel independently from other vehicular traffic?  
R3) Which special lanes are reserved exclusively for buses to travel on in order to bypass 
congested areas?

 = 2:  
A1) bus lane 
A2) bus lane  
A3) bus lane

T

Pseudo Label) bus lane

 = 0: (Base model prediction)  
A1) bus lane 
A2) buses can travel 
independently on bus lanes  
A3) bus lanes

T

Ans) t-shirt  = 1:  
A1) shirt 
A2) shirt  
A3) yes

T

R1) What is the name of the article of clothing worn by this athlete? 
R2) What type of top is this person sporting? 
R3) Can you identify the shirt this individual is wearing during the competition?

 = 2:  
A1) shirt 
A2) shirt  
A3) shirt is white

T

Pseudo Label) shirt

 = 0: (Base model prediction)  
A1) shirt  
A2) tennis  
A3) yes

T

Figure 1. Qualitative results on the question rephrasing task.

3. Implementation Details.
We use the pre-trained VLMs as the base models and only
fine-tune the language modelling head (LM-head) layer. We
set updated steps T = 2 for the test-time experiments and
maximum updated steps to T = 4 for the adaptive test-time
experiments. The learning rate is set to 5e−4. All experi-
ments are conducted on NVIDIA A40 with batch size 1 on
all three models.

4. Evaluation Metrics
To systematically assess the performance of VLMs, we use
four distinct evaluation metrics, on similar lines as previous
work [2], each capturing different aspects of model perfor-
mance.
Accuracy (Acc). To evaluate accuracy we assess the re-
sponses from VLMs based on an fuzzy string matching with
the ground truth annotations, accounting for minor lexical
variations. A similarity threshold of 85 is used to deter-
mine a match. The accuracy score is then calculated as the

average of correct responses across the benchmark test-set.
Similarity with GT (SGT). Given the limitations of ex-
act match criteria—which may penalize semantically cor-
rect responses for minor lexical differences—we employ a
semantic similarity metric to better evaluate alignment be-
tween model outputs and ground truth. For example, terms
like person, man, and woman are semantically related but
would be treated as mismatches under strict accuracy met-
rics. To address this, we use BERT-based Sentence Simi-
larity [3], which leverages contextual language model en-
codings to assess the semantic alignment between predic-
tions and reference answers. This metric rewards semantic
correctness over surface-form similarity. Final scores are
computed as the average similarity across the dataset.

Consistency Accuracy (Con). This metric quantifies the
proportion of responses that exhibit a predefined level of se-
mantic consistency. We compute pairwise similarity scores
between outputs using the same semantic similarity metric
as in SGT , and consider a pair consistent if its similarity ex-
ceeds a threshold of 0.7—motivated by observations from



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

S1) Candy S2) Mosaic S3) Udnie S4) Grayscale

GT: warehouse

 = 1:  
A1) warehouse with shelves and boxes 
A2) warehouse  
A3) warehouse with tall shelves and boxes 
A4) warehouse with tall shelves and racks

T

Pseudo Label)  warehouse with shelves and boxes

 = 0: (Base model prediction)  
A1) warehouse with shelves and boxes 
A2) the image shows a colorful stained glass window 
depicting a building with shelves and a staircase 
A3) warehouse with tall shelves and aisles 
A4) warehouse with tall metal shelves

T

 = 2:  
A1) warehouse with shelves and boxes  
A2) warehouse with shelves 
A3) warehouse with high shelves and boxes 
A4) warehouse with tall shelves and racks

T

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

S1) Candy S2) Mosaic S3) Udnie S4) Grayscale

GT: hospital room

 = 1:  
A1) hospital room 
A2) hospital room  
A3) hospital room 
A4) hospital room

T

Pseudo Label)  hospital room

 = 0: (Base model prediction)  
A1) hospital room 
A2) hospital room with bed, chair, and stool 
A3) hospital room with bed, couch, and medical 
equipment 
A4) hospital room

T

 = 2:  
A1) hospital room 
A2) hospital room  
A3) hospital room 
A4) hospital room

T

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

S1) Candy S2) Mosaic S3) Udnie S4) Grayscale

GT: central hong kong

 = 1:  
A1) city  
A2) city  
A3) city  
A4) city

T

Pseudo Label)  city

 = 0: (Base model prediction)  
A1) city  
A1) city  
A1) cityscape with tall buildings 
A1) city with tall buildings and flags

T

 = 2:  
A1) city  
A2) city  
A3) city  
A4) city

T

Figure 2. Qualitative results on the image restyling task.

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

M1 M2 M3

 = 1:  
A1) sandwich  
A2) sandwich  
A3) sandwich

T

Pseudo Label)  sandwich

 = 0: (Base model prediction)  
A1) sandwich  
A2) blue circle  
A3) sandwich 

T

 = 2:  
A1) sandwich  
A2) sandwich  
A3) sandwich

T

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

M1 M2 M3

 = 1:  
A1) horse  
A2) horse  
A3) horse

T

Pseudo Label)  horse

 = 0: (Base model prediction)  
A1) horse  
A2) yellow circles 
A3) nothing 

T

 = 2:  
A1) horse  
A2) horse  
A3) horse

T

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

M1 M2 M3

 = 1:  
A1) hot dog  
A2) hot dog  
A3) hot dog

T

Pseudo Label)  hot dog

 = 0: (Base model prediction)  
A1) hot dog  
A2) corn dog 
A3) rectangle 

T

 = 2:  
A1) hot dog  
A2) hot dog  
A3) hot dog

T

Figure 3. Qualitative results on the context reasoning task.

the Semantic Textual Similarity benchmark [1]. A response
is deemed consistent if it meets this threshold with its paired
counterpart.

The final score is calculated as the average proportion of
consistent pairs across the dataset, providing an aggregate
measure of the model’s semantic stability across perturbed
inputs.
Consistency Similarity (SC). Similar to the Consistency
Accuracy metric, this measure computes pairwise semantic
similarity scores between responses to assess consistency.
However, instead of applying a threshold, we take the aver-
age of these similarity scores across the dataset. This pro-
vides a more continuous assessment of the model’s coher-

ence, capturing fine-grained variations in semantic consis-
tency across perturbed inputs.
Overall Performance (Oall). We report overall model per-
formance using the harmonic mean (Hmean) of correctness
and consistency scores. Specifically, we first compute the
average of Acc and SGT to assess correctness, and the av-
erage of Con and SC to assess consistency. These two
averages are then combined using the harmonic mean:

Hmean(mean(Acc,SGT),mean(Con,SC)). (1)

We use the harmonic mean to balance correctness and con-
sistency, as it penalizes models that perform well on only



• What is the name of the furniture piece where individuals typically sit to apply their makeup?

• What is the term used to describe the desk specifically designed for makeup application?

• Can you provide three alternative ways to refer to the desk commonly used for putting on makeup?

• What do you call a desk where people sit to apply makeup?

• What is the name of the furniture specifically designed for applying makeup?

• If a desk is used for sitting and putting on makeup, what is its common name?

Questions for adaptation

Questions for evaluation

• In which year did this team most recently claim a national championship?

• What was the most recent year that this team tasted national title success?

• When was the last time this team emerged as national champions?

• What year did this team last secure a national championship?

• In which year did this team achieve its most recent national title victory?

• Can you tell me the year of this team's last national championship win?

Questions for adaptation

Questions for evaluation

• What part of this device allows you to interact with its functions and display information?

• Can you identify the specific section of this device that enables you to manipulate its content and view?

• What is the name of the space on this device that allows you to control what is displayed and perform actions?

• What do you call the part of the device that displays what you see and do?

• On this device, what is the name of the area that allows you to control what you see and do?

• The area on this device where you control your actions and what is displayed is known by what name?

Questions for adaptation

Questions for evaluation

Figure 4. Examples of questions for adaptation and evaluation.

Style for adaptation

Style for evaluation

Grayscale

Figure 5. Examples of styled images for adaptation and evaluation.

one aspect, thereby encouraging robust performance across
both dimensions.

5. Qualitative Results

We show qualitative results for the question rephrasing task
in Figure 1, image restyling in Figure 2, and context reason-
ing in Figure 3. Across all three tasks, even when the base

model predictions are inconsistent, our method is able to
further improve consistency and thus overall score (as also
supported by quantitative results in Main manuscript).

6. Examples for Disjoint Variant Setup.

Here we show samples used for our Disjoint Variant Setup
which does adaptation and evaluation on separate sets of



R1) From what position would the camera capture this image? 
R2) In what location should the camera be placed to obtain this photograph? 
R3) What is the optimal spot for the camera to be in order to take this shot?

GT Ans) above 
Pseudo Label) above the woman 
A1) top view     A2) above the woman     A3) above the woman skiing

R1) What material are the objects on the leftmost shelf composed of? 
R2) Can you tell me the composition of the items on the far left shelf? 
R3) From what substance are the objects on the leftmost shelf crafted?

GT Ans) copper 
Pseudo Label) copper 
A1) copper     A2) copper pots     A3) copper

Figure 6. Failure results on the question rephrasing task.

GT Ans) buffet 
Pseudo Label) counter 
A1) counter          A2) kitchen    
A3) counter top    A4) counter

S1) Candy S2) Mosaic S3) Udnie S4) Grayscale

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

Prompt: Please describe the place in the image in very-short answer.
GT Ans) dental office 
Pseudo Label) barber shop 
A1) barber shop    A2) room      
A3) bathroom        A4) barber shop

S1) Candy S2) Mosaic S3) Udnie S4) Grayscale

Figure 7. Failure results on the image restyling task.

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

M1 M2 M3

GT Ans) bench 
Pseudo Label) sign 
A1) sign           
A2) sign     
A3) surfboard   

Prompt:  What kind of object is in the masked region?
GT Ans) chair 
Pseudo Label) figurine 
A1) figurine           
A2) cake     
A3) plate   

M1 M2 M3

Figure 8. Failure results on the context reasoning task.

variants. For rephrasing we use a different LLM (Gemini
vs. GPT4) and for restyling we restyle images using entirely
different set of raw styles. We show examples of rephrased
questions for adaptation and evaluation in Figure 4. In Fig-
ure 5, we provide the style images we used for the image

restyling task for adaptation and evaluation.

7. Failure Cases
We show failure results for the question rephrasing task in
Figure 6, image restyling in Figure 7, and context reasoning



in Figure 8.

8. Results on OKVQA
To further demonstrate generalization beyond MM-R3, we
additionally evaluated on OK-VQA dataset (Table 3). Re-
sults show that our method not only preserves, but often im-
proves accuracy, while significantly improving consistency
(e.g., InternVL3: 55.33 → 91.73; Image Restyling).

Table 3. Results on OKVQA.

Models Acc SGT Con SC Oall

Q
ue

st
io

n
R

ep
hr

as
in

g LLaVa-Next 66.20 78.39 85.80 90.36 78.68
+ Constant T 70.93 82.08 91.67 94.32 82.89
+ Adapt. T 71.07 82.36 93.13 95.66 83.45

Qwen2-VL 71.73 82.14 94.80 96.66 84.24
+ Constant T 72.93 83.59 94.93 97.00 84.90
+ Adapt. T 72.93 83.76 96.53 97.89 85.32

InternVL3 55.13 72.13 81.00 87.13 72.11
+ Constant T 55.40 71.97 85.00 89.92 73.23
+ Adapt. T 55.53 72.07 85.00 89.99 73.39

Im
ag

e
R

es
ty

lin
g

LLaVa-Next 62.61 79.33 81.33 87.69 77.15
+ Constant T 62.50 79.56 98.35 98.82 82.57
+ Adapt. T 63.20 80.04 98.93 99.24 83.14

Qwen2-VL 66.45 81.12 79.40 86.79 78.16
+ Constant T 66.95 81.29 98.90 99.32 84.81
+ Adapt. T 67.50 82.05 99.50 99.66 85.41

InternVL3 39.60 61.24 55.33 70.96 56.07
+ Constant T 41.75 62.78 91.70 94.29 66.92
+ Adapt. T 42.35 62.94 91.73 94.34 67.24
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