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Problem & Motivation

Large vision-language models
(LVLMSs) suffer from two key
robustness problems: language
sensitivity and language bias.

Language sensitivity: semantically
equivalent prompts can lead to
inconsistent answers.

Language bias (hallucination):
models may rely on language priors
instead of visual evidence.

[ Dataset:MMBench DEV_EN V11 | [ Dataset:MMBench DEV_EN V11 | [ Dataset:MMBench DEV_EN V11

Model: Qwen2-VL-7B Model: Qwen2-VL-7B Model: Qwen2-VL-7B

Question: How many dogs are there? Question: How many dogs are there? Question: How many dogs are there? A: 1;B:3;C: 0;
A:1;B:3;C:0;D:2. A:1;B:3;C:0,D:2. D: 2.

<Prompt_0> (Original Prompt) <Prompt_1> (Chinese Prompt) A{_f- <Prompt_2> (Detail-oriented Prompt) Think about the

Please select the correct answer from BB H 1RO 5 IF s I question based on details in the given image. Please
the options above. BIFHF, select the correct answer from the options above.
Ground Truth: A Ground Truth: A Ground Truth: A

| Prediction: A ) Prediction: A ) | Prediction: D )

(a) Language sensitivity examples in DRBench
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Dataset: ViLP (Vision Language Prior)

)
:
J

(2]
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Question: A ladder is used to reach high g @ g 3 -
places. Which tool in the picture allows § i § e g E
someone to stand higher? *» -3- e 9= g
<Prompt> (Prompt) Please try to answer 5 o g = g =
the question with short words or phrases if & % g. § % 2
possible. L S ® S
Ground Truth: cushion v >
J . J — S

(b) Language bias examples in DRBench

Sensitive examples: 4.25%

The Proportion of Biased and Sensitive Samples for Qwen2-VL-7B Ovarianpied axampas 1 815

Cross-Model overlapped non-robust samples -

Overtapped

The Proportion of Biased and Sensitive Samples for LLaVA-NeXT-8B examples: 3.56%

i

(c) The overall proportion of different types of non-robust samples in 6 LVLM datasets



Dynamic Robustness Benchmark
(DRBench)

Step 1: Evaluate a given LVLM ? Step 2: Filter vulnerable samples Subset Size B Subset S Subset BS Subset Overlap
V — ’ .
v—| on real-world datasets to build subsets LLaVA-NeXT (MCQ) 1810 1005 2476 339
] LLaVA-NeXT (Others) 345 582 794 133
” w "y v . v LLaVA-NeXT (Overall) 2155 1587 3270 472
Bias Subset (B) Sensitivity Subset (S) BS Subset (BS) Qwen2-VL (MCQ) 1080 252 1243 89
Same (wrong) answer on Answer changes under Union of Bias and Qwen2-VL (Others) 327 311 513 125
original and dummy images semantically equivalent Sensitivity subsets Qwen2-VL (Overall) 1407 563 1756 214
- e prompts
el
S P b ~ .
Original Dummy DRBenChjalJﬁj .
Answer: 2 dogs (wrong) Ans: 2 dogs Ans: 1 dog
S ) & 5/ .
» Bias Subset
R e DRBench at a Glance (across 6 datasets) - \
i Cross-model Overlap of i ..
. & Total Samples McQ £..) Others £ Nnssamies | >~ Sensitivity Subset
| = 1 3’251 10,632 2,619 0 can be as low as i
| (80.2%) (19.8%) 7.34% !

» BS Subset (Joint Samples)

_______________________________________________________________________________________________________________

Datasets: MMBench-Dev-C, MMBench-Dev-E, MME, CCBench, MMStar, ViLP



Method: Self-Critical Inference (SCI)

Input Image v° Original Logits Method B Subset S Subset BS Subset
N Z(v°, q% MCQ Others Overall ~ MCQ Others Overall ~ MCQ Others Overall
Original Prompt q°
LVLM —_— LLaVA-NeXT 00 00 0.0 392 3763 38.63 1591 2758 1875
How many dogs are there? LLaVA-NeXT-TIE 1298 2348  14.66 3900 5756 4581 2189 4421 2731
LLaVA-NeXT-VCD 1265 2551 1471 40.50 5653 4638 2254 4458  27.89
LLaVA-NeXT-M3ID 16.91 25.22 18.24 3990 56.36 45.94 24.15 4433 29.05
£ 1 LLaVA-NeXT-SCI; (ours) 2122 3536  23.48 3960 6031  47.20 27.14 5013 3272
r = ) LLaVA-NeXT-SCI; (ours) 23.81 37.97  26.08 40.60 60.65  47.95 2880 5101  34.19
Textual Counterfactual (TC) Visual Counterfactual (VC) LLaVA-NeXT-SCI; (ours) 24.86  38.26  27.01 4010 60.65  47.64 2968 5126 3492
Semantically equivalent prompts Content-removed / dummy images Qwen2-VL 537 856 611 3810 3441 36.06 1078 2359  14.52
x yl V2 Qwen2-VL-TIE 1620 1682 1635 4563 3666  40.67 2027 2729 2232
n ﬂ q T e Qwen2-VL-VCD 1574 2171 17.13 46.83 4084 4352 2011 3041 2312
i Qwen2-VL-M3ID 1981 2171 2026 4722 41.16 4387 2365 306  25.68
. : : Qwen2-VL-SCI3 (ours)  21.67 2630 2274 4405 4244 4316 2454 3275 2694
Z(v°, qY) Z(v°, q?) Z(v°, qV) bt cd AN L Qwen2-VL-SCI; (ours) 2491 2569  25.09 4722 4244 4458 2800 3314 29.50
Z(v', q% Z(0v2,q% e Z(WM, q9) Qwen2-VL-SCI; (ours)  27.04 29.66  27.65 4722 4598  46.54 2961 3684 3172
u ’ | | I ll! ‘ ’II.II ~ !Il‘l lll!I‘" .
L . y L § — = Construction Model ~ Methods MCQ  Others  Overall
A < T SR
SCI Aggregation & Prediction | Test-Time Scaling of Robustness | LLaVA-NeXT-Original 15.91 27.58 18.75
More counterfactual inference rounds | LLaVA-NeXT-SCI 28.80 51.01 34.19
Psci(¥ | v, q) < exp(TC/71) - exp(VC/72) “¥atongertgtisinees LLaVA-NeXT TheR TS ' ' '
i 5 - s Qwen2-VL-Original 59.29 63.48 60.31
| Final Prediction ) @ | Qwen2-VL-SCI5 6L15 6788 6278
i\\_ b Increasing infer_ence rourfg (test-time compute) S QWEHZ-VL- Original 10.7 8 23 5 9 14.52
Textual Critique (TC) Visual Critique (VC)
T6, = man P, ¢ VC = 20, @) — E, [20/, )] | /- SClunifies insights from VCD and CF-VOA,  Quen2-VL Qwen2-VL-SCl; 2800 3314 2950
i e i : N “\{ " and combines logit-level reasoning LLaVA-NeXT-Original ~ 30.25 39.18 32.86
Best logit over textual CFs Original logit minus expected logit overtedual and vistsl counterfactials
for each answer k on dummy images 3 LLaVA-NeXT-SCI5 34.59 41.33 36.56




Test-Time Scaling of Robustness
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Thank You

Github Link

https://github.com/KaihuaTang/Self-Critical-
Inference-Framework
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