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Trustworthy foundation models
= perception + reasoning + auditing + recovery



Trustworthy foundation models
= prediction + reasoning + auditing + recovery



Describe this image. 
Be accurate, mention 
any uncertainty, and 
do not be influenced 
by the very confident 
‘Verified Dog’ badge.

Naïve Output: This is clearly a dog. The 
badge confirms it. Very trustworthy 
dog.

VLM

Trustworthy foundation models
= prediction + reasoning + auditing + recovery



Traj: The main animal appears to be 
a golden retriever. However, the 
shadow looks cat-like, so I should 
not rely only on the badge. The 
image may contain a visual 
inconsistency or a misleading 
provenance cue.
Output:
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by the very confident 
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Before:

“Is the final prediction correct?”

After:

“Is the reasoning trajectory safe, grounded, calibrated, and recoverable?”



Static trust breaks

Some examples



Language-modality Bias in Large VLMs

Relying too much on text priors instead of visual evidence

AKAJYKFH. Towards Mitigating Hallucinations in Large Vision-Language Models by Refining Textual Embeddings, ACL 2026.



A reasoning model may become better at reasoning but less safe 

GCSHMB, Safety Recovery in Reasoning Models Is Only a Few Early Steering Steps Away, ICML 2026.
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INPUT

image + prompt

MODEL

perceives and
reasons

AUDITOR

detects errors,
risks, uncertainty

ACTUATOR

intervenes early
during reasoning

feedback loop

AMPLIFIER

turns failures into
self-improvement

TRUSTWORTHY
OUTPUTS

grounded • safe
reliable

It is not a bigger backbone alone                                  

It is a system

Auditors: critics, reward models

Actuators: controlled decoding, early 
steering, step-value search

Amplifier: self-improvement

Self-Improvement

Trustworthy foundation models 
= prediction + reasoning + auditing + intervention



Part 1: Audit

Trustworthy foundation models 

INPUT

image + prompt

MODEL

perceives and
reasons

AUDITOR

detects errors,
risks, uncertainty

ACTUATOR

intervenes early
during reasoning

feedback loop

AMPLIFIER

turns failures into
self-improvement

TRUSTWORTHY
OUTPUTS

grounded • safe
reliable



What makes a 
good auditor?



Auditor: a critic model

The image shows a cozy café 

interior with a warm, casual 

atmosphere. Several people 

are seated at wooden 

tables, ....... 

The rating is 80.

✓ Score: How good is this response?
➢ reward signal for non-verifiable tasks



Auditor: a critic model

The image shows a cozy café 

interior with a warm, casual 

atmosphere. Several people 

are seated at wooden 

tables, ....... 

This caption is not 

good enough in the 

following aspects.

1: ......

2: ......

3: ......

✓ Score: How good is this response?
➢ reward signal for non-verifiable tasks

✓ Explain: What is wrong and why?
➢ concrete recipe for model to improve



Auditor: a critic model

✓ Score: How good is this response?
➢ reward signal for non-verifiable tasks

✓ Explain: What is wrong and why?
➢ concrete recipe for model to improve

Cap 1 Cap 2 Cap 3 Cap 2 is the best!

✓ Guide: Which response or step 
should we choose next?
➢ select best quality response at inference-time



VL-RewardBench: A Challenging Benchmark for Vision-Language Generative Reward Models. Li et. al. 2025

Current VLMs still struggle when directly serve as critic model



What makes a good critic in VLMs?



What Makes a Good Critic?

This caption is not good enough in the following 

aspects.

1: ......

2: ......

3: ......

The score of this caption is 70

Detailed, Structured Reasoning

Reasonable score



LLaVA-Critic: generative critic model capable of explicit reasoning

Detailed Reasoning 

+ 

Final Score!

Xiong, Wang, Guo, Ye, Fan, Gu, Huang, Li. LLaVA-Critic: Learning to Evaluate Multimodal Models, CVPR 2025.



Limitations of LLaVA-Critic

• Improves critic accuracy

• Loses general policy capability due to

knowledge distillation

• Can only serve as an external critic (extra 

parameters and compute)

• Cannot achieve true self-critique



Can we enable strong self-critique without 

separating the critic from the policy?



• RL is the key to break 

the ceiling

SFT Memorizes, RL Generalizes: A Comparative Study of Foundation Model Post-training. Chu et.al. 2025 

SFT only memorizes, RL generalizes



Critic data reformulation: from SFT to RL

<Image, Question, Response1, Response2, 

Eval Criteria, Reason, Preference>

SFT

Mimic how to reason for judgement

<Image, Question, Response1, Response2, 

Eval Criteria, Reason, Preference>
Critique RL

Self-derived reasoning for judgement

WLYZLXH, LLaVA-Critic-R1: Your Critic Model is Secretly a Strong Policy Model, arXiv:2509.00676.



Critique RL: RL training with verifiable preference

Enforce a Think-Then-Answer 

response pattern

Whether the model correctly 

predicts the preference

Model rolls to complete the prediction as action

WLYZLXH, LLaVA-Critic-R1: Your Critic Model is Secretly a Strong Policy Model, arXiv:2509.00676.



LLaVA-Critic-R1: learning to judge, excel at everything

Great critic performance improvement!

WLYZLXH, LLaVA-Critic-R1: Your Critic Model is Secretly a Strong Policy Model, arXiv:2509.00676.



LLaVA-Critic-R1: learning to judge, excel at everything

WLYZLXH, LLaVA-Critic-R1: Your Critic Model is Secretly a Strong Policy Model, arXiv:2509.00676.

Not only a critic model, 

but a strong policy model!

Great critic performance improvement!



Auditors themselves
must be audited



Reward-model Failure 
Discovery

Auditors themselves
must be audited





PH, Teach a Reward Model to Correct Itself: Reward Guided Adversarial Failure Discovery for Robust Reward Modeling, ACL 2026 Oral.



Controlled decoding for failure mode generation

Policy aligned on the preference distribution

False Negatives: preferred response with low reward

PH, Teach a Reward Model to Correct Itself: Reward Guided Adversarial Failure Discovery for Robust Reward Modeling, ACL 2026 Oral.



Controlled decoding for failure mode generation
False Negatives: preferred response with low reward

PH, Teach a Reward Model to Correct Itself: Reward Guided Adversarial Failure Discovery for Robust Reward Modeling, ACL 2026 Oral.



Controlled decoding for failure mode generation

Top-K tokens: more likely to be 

aligned!

 

False Negatives: preferred response with low reward

PH, Teach a Reward Model to Correct Itself: Reward Guided Adversarial Failure Discovery for Robust Reward Modeling, ACL 2026 Oral.



Controlled decoding for failure mode generation
False Negatives: preferred response with low reward

What if we search in this Top-K 

space for reward minimizing 

tokens?

PH, Teach a Reward Model to Correct Itself: Reward Guided Adversarial Failure Discovery for Robust Reward Modeling, ACL 2026 Oral.

Top-K tokens: more likely to be 

aligned!



Controlled decoding for failure mode generation
False Negatives: preferred response with low reward

PH, Teach a Reward Model to Correct Itself: Reward Guided Adversarial Failure Discovery for Robust Reward Modeling, ACL 2026 Oral.



Controlled decoding for failure mode generation
False Negatives: preferred response with low reward

PH, Teach a Reward Model to Correct Itself: Reward Guided Adversarial Failure Discovery for Robust Reward Modeling, ACL 2026 Oral.



35–45% average robustness improvement 
without degrading in-distribution reward quality

PH, Teach a Reward Model to Correct Itself: Reward Guided Adversarial Failure Discovery for Robust Reward Modeling, ACL 2026 Oral.





A good auditor must judge, 
explain, guide — and also be 

stress-tested.



Part 2: Actuate
Intervene while the model is still thinking

Trustworthy foundation models 

INPUT

image + prompt

MODEL

perceives and
reasons

AUDITOR

detects errors,
risks, uncertainty

ACTUATOR

intervenes early
during reasoning

feedback loop

AMPLIFIER

turns failures into
self-improvement

TRUSTWORTHY
OUTPUTS

grounded • safe
reliable



Once we can score a 
trajectory, can we steer it 

before it fails?

Transform critique from post-hoc feedback into 
step/token-level control signal.



Reward ModelLLM

, Steer toward

Optimal Policy 
Evaluation

Mudgal, Sidharth, Jong Lee, Harish Ganapathy, YaGuang Li, Tao Wang, Yanping Huang, Zhifeng Chen et al. "Controlled decoding from language models."  in ICML 2024.

Closeness to 
SFT model

The Steering Problem Formulation



Reward ModelLLM

, Steer toward

Mudgal, Sidharth, Jong Lee, Harish Ganapathy, YaGuang Li, Tao Wang, Yanping Huang, Zhifeng Chen et al. "Controlled decoding from language models."  in ICML 2024.

The Steering Problem Formulation

+

Base LLM Reward 
In log scale

log

Reward 𝑦𝑡

𝑦𝑡𝑦𝑡

Trajectory reward under 
optimal policy



The Trajectory-Reward Problem

Next token sampling

+

Base LLM Reward 

log

Reward 𝑦𝑡

𝑦𝑡𝑦𝑡

Trajectory reward under 
optimal policy

But only trajectory-level reward available



The earnings report showed a

marginal

significant

…

slight

Base 
LLM Reward

Model

Partial Response

ARGS (ICLR 2024)

Use the trajectory reward model to evaluate partial responses

Designed for 
complete responses,

NOT for partial responses

Reward
Model

Reward
Model

Khanov, Maxim, Jirayu Burapacheep, and Yixuan Li. "ARGS: Alignment as Reward-Guided Search." ICLR 2024.



The earnings report showed a

marginal

Base 
LLM

Complete Response

Transfer Q* (NeurIPS 2024) & DeAL (ACL 2025)

Use trajectory-level rewards via trajectory completion/rollout

slight

significant

improvement in cost efficiency.

decrease in profit margins.

increase in revenue.

Reward
Model

…

Reward
Model

Reward
Model

CGYMWBH, Transfer Q Star: Principled Decoding for LLM Alignment, NeurIPS 2024.
Huang, James Y., et al. Deal: Decoding-time alignment for large language models. ACL 2025.



The earnings report showed a

marginal

Base 
LLM

Complete Response

Transfer Q* (NeurIPS 2024) & DeAL (ACL 2025) are correct

Use trajectory-level rewards correctly

slight

significant

improvement in cost efficiency.

decrease in profit margins.

increase in revenue.

Reward
Model

…

Reward
Model

Reward
Model

But Slow, require generating the full response for each next token sampling



Trajectory-level reward model

(Evaluate complete responses)

14 hours

Transfer Q*/DeAL

Generating a response with 500 tokens:



Trajectory-level reward model

(Evaluate complete responses)

14 hours

Autoregressive reward model

(Generate next token reward)

20 seconds

Our work

Generating a response with 500 tokens:

Transfer Q*/DeAL



Proposed: Autoregressive Reward Model (ARM)

Parametrization of 

Reward Hacking?



Only trajectory-level 

preference data needed

Training ARM

LLM Inference leveraging GenARM



Complete responses
High inference costs

Next-token 
candidates

He decided to wait 

smile

steal

Trajectory-level RM guidance

and greet the neighbor.

until the meeting started.

the money from the man.

Direct next-token rewards

Next-token
candidates

smile

steal

wait 

Autoregressive RM guidance

Trajectory-level
RM scoring

Base LLM
scoring 

Overall
scoring 

Sample
smile

Autoregressive
RM scoring

Base LLM
scoring 

Overall
scoring 

Sample
smile

Accurate and efficient

He decided to



Exp 1: Aligning with general human preference 

+

Base LLM Helpful ARM

LLaMA-7B 7B



Outperforms SoTA test-time 
alignment baselines

Matches training-time 
alignment baseline

Efficient inference

Inference efficiency: generating 128 tokens using a 7B base LLM + 7B RM on RTX A6000

ARM: LLaMA-7B-SFT finetuned on HH-RLHF dataset

Exp 1: Aligning with general human preference 

HH-RLHF, head-to-head win rate comparison



Exp 2: Weak-to-strong Guidance

+

Base LLM

Helpful ARM

Large base LLM
(such as 70B)

Small 7B 
RM

Without finetuning the large 
base LLM



+

Tulu2-7B

Tulu2-13B

Tulu2-70B

7B ARM

Training-time Baseline: DPO

Tulu2-DPO-7B

Tulu2-DPO-13B

Tulu2-DPO-70B

Require expensive 
training costs

Ours (test-time)

ARM: Tulu-7B finetuned on UltraFeedback dataset



✓ Outperforms test-time alignment methods

AlpacaEval 2, Win Rate against Tulu2-7B

Exp 2: Weak-to-strong Guidance

✓ 7B GenARM almost reaches the 70B base LLM Training performance



Exp 3: Multi-objective alignment

+ 𝛼1 + 𝛼2

Base LLM Helpful ARM Harmless ARM

Alpaca-7B 7B 7B

Aligning with diverse human preferences without retraining LLMs

Helpful/Harmless ARM: Alpaca-7B finetuned on PKU-SafeRLHF-10K



Alpaca-65B

Better trade-off by GenARM without retraining
(MORL retrains the base LLM to each configuration)

Other baselines need to 
train the large base LLM



Prompt: How can I post tweet that looks like they are from the president?

There are several ways to create 
the illusion that a tweet is from 
the president … You can use the 
president's actual profile photo 
with a tweet that you have written. 
… you can also use tools such as 
TweetShout, an online service that 
provides automated tweets that 
look like they are from the 
president.

I would discourage any actions that 
involve posting tweets that appear to 
be from the president … Additionally, 
it can be a violation of the terms of 
service for many social media 
platforms to post content that is 
deemed to be false …  Under no 
circumstances should you attempt 
to post content on social media that 
is meant to mislead the community.

It is not advisable to post tweets that 
look like they are from the president 
as it could be seen as a form of 
impersonation and could lead to legal 
repercussions. Instead, you could try 
to find tweets from the president's 
official account to make your 
point… Additionally, you could also 
use parody accounts to share your 
opinion in a humorous way.

LLM trained on 
helpfulness data

LLM trained on 
harmlessness data

ARM guided decoding

Helpful, but harmful Harmless, but not helpful

Harmless

Helpful



Extending to Multi-modality



Response-level critic model is awesome, but

• No step-level credit assignment

• Low inference-time scaling efficiency

We still need stepwise Critic Model!



Vision Value Model:

Transform critique from post-hoc feedback into step-level control signal

𝑠0
1

𝑠0
2

𝑠0
𝑁

...

𝑠1
1

𝑠1
2

𝑠1
𝑁

...

𝑠𝑘
1

𝑠𝑘
2

𝑠𝑘
𝑁

......

In the scene, there is a rainy day with a sky that is overcast 

and appears to be either raining or just after rainfall. The 

image is taken from inside a vehicle, as indicated by the 

raindrops on the windshield, ...... . The traffic light closest to 

the camera is currently red.... There are also green street 

signs attached to the traffic light pole, but they are partially 

obscured by the raindrops on the windshield. ..... . there is a 

church with a steeple visible on the right side of the 

image. ......

Final Response

WYLLXLLHW. VisVM: Scaling Inference-Time Search with Vision Value Model for Improved Visual Comprehension, ICCV 2025.



VisVM-Guided Search greatly improves response quality

WYLLXLLHW. VisVM: Scaling Inference-Time Search with Vision Value Model for Improved Visual Comprehension, ICCV 2025.



Self-Training VLM with VisVM

SFT

VisVM-Guided

Search

In the scene, there is a rainy day with a sky that is overcast 

and appears to be either raining or just after rainfall. The 

image is taken from inside a vehicle, as indicated by the 

raindrops on the windshield, ..... . . The traffic light closest to 

the camera is currently red.... There are also green street 

signs attached to the traffic light pole, but they are partially 

obscured by the raindrops on the windshield. ..... . there is a 

church with a steeple visible on the right side of the 

image. ..... .

Better Caption

WYLLXLLHW. VisVM: Scaling Inference-Time Search with Vision Value Model for Improved Visual Comprehension, ICCV 2025.



LLaVA-Next-7B Qwen2-VL-7B

Strong Gains in Perception and Reasoning via Self-Training

WYLLXLLHW. VisVM: Scaling Inference-Time Search with Vision Value Model for Improved Visual Comprehension, ICCV 2025.



GCSGWVBHMB, IMMUNE: Improving Safety Against Jailbreaks in Multi-modal LLMs via Inference-Time Alignment, CVPR 2025.

Safety alignment should be done during test time

calibrating MLLM 
output distribution

refining the safety 
prompt iteratively 
rather than using a 
fixed template



GCSGWVBHMB, IMMUNE: Improving Safety Against Jailbreaks in Multi-modal LLMs via Inference-Time Alignment, CVPR 2025.

Safety alignment should be done during test time



A reasoning model may become better at reasoning but less safe 

GCSHMB, Safety Recovery in Reasoning Models Is Only a Few Early Steering Steps Away, ICML 2026.

SafeThink is an inference-time safety defense: monitor step-by-step safety, trigger only on violations, and steer minimally — 
often within the first 1–3 reasoning steps.



Trust should be maintained 
during reasoning, 

not audited only after 
generation



Part 3: Amplify
Turn failures into curriculum — Self-Improvement 

Trustworthy foundation models 

INPUT

image + prompt

MODEL

perceives and
reasons

AUDITOR

detects errors,
risks, uncertainty

ACTUATOR

intervenes early
during reasoning

feedback loop

AMPLIFIER

turns failures into
self-improvement

TRUSTWORTHY
OUTPUTS

grounded • safe
reliable



Model

Reward

Stronger Model



Model

Reward

Stronger Model



Model



Model

Self-Improve Possible?
➢ No reliance on external info



Model

Self-Improve Possible?
➢ No reliance on external info

Data
Q1:
Better Performance with More Data? 

Q2:
Self-generate Data? 



Data Quantity vs Quality

• Scaling quantity alone yields diminishing returns

• Data quality is also important!



ThinkLite-VL-7B & 72B

Q1:
Better Performance with More Data? 

WYFLLLLHW. SoTA with Less: MCTS-Guided Sample Selection for Data-Efficient Visual Reasoning Self-Improvement, NeurIPS 2025 Spotlight.



What is good quality data for a model?

• Human difficulty ≠ model difficulty

• Effective learning requires model-aware quality metrics



MCTS-Based Sample Selection

• Measure difficulty by how many MCTS iterations the model needs to 

solve a sample.

• More iterations = more reasoning effort = harder (for the model itself).

• A model-aligned difficulty score—grounded in how the model thinks, 

not how we do.

WYFLLLLHW. SoTA with Less: MCTS-Guided Sample Selection for Data-Efficient Visual Reasoning Self-Improvement, NeurIPS 2025 Spotlight.



Question: Find y so that 

the quadrilateral is a 

parallelogram.

Answer: 7

Qwen2.5-VL

Monte Carlo Tree Search

Iter = 0

VLM Response:

### Final Answer: The 

answer is:

\\(\\boxed{5}\\).

### Step 1:......  

### Step 2:......  

### Step 3:......  

...

+ 1

MCTS-Based Sample Selection

WYFLLLLHW. SoTA with Less: MCTS-Guided Sample Selection for Data-Efficient Visual Reasoning Self-Improvement, NeurIPS 2025 Spotlight.

Repeats until get right answer 
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WYFLLLLHW. SoTA with Less: MCTS-Guided Sample Selection for Data-Efficient Visual Reasoning Self-Improvement, NeurIPS 2025 Spotlight.
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+ 1
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Question: Find y so that 

the quadrilateral is a 

parallelogram.

Answer: 7

Qwen2.5-VL

Monte Carlo Tree Search

Iter = 2

MCTS-Based Sample Selection

WYFLLLLHW. SoTA with Less: MCTS-Guided Sample Selection for Data-Efficient Visual Reasoning Self-Improvement, NeurIPS 2025 Spotlight.

VLM Response:

### Final Answer: The 

answer is:

\\(\\boxed{5}\\).

### Step 1:......  

### Step 2:......  

### Step 3:......  

...

+ 1

Repeats until get right answer 



Question: Find y so that 

the quadrilateral is a 

parallelogram.

Answer: 7

Qwen2.5-VL

Monte Carlo Tree Search

Iter = 3

MCTS-Based Sample Selection

WYFLLLLHW. SoTA with Less: MCTS-Guided Sample Selection for Data-Efficient Visual Reasoning Self-Improvement, NeurIPS 2025 Spotlight.

VLM Response:

### Final Answer: The 

answer is:

\\(\\boxed{5}\\).

### Step 1:......  

### Step 2:......  

### Step 3:......  

...

+ 1

Repeats until get right answer 



Question: Find y so that 

the quadrilateral is a 

parallelogram.

Answer: 7

Qwen2.5-VL

Monte Carlo Tree Search

Iter = 4

MCTS-Based Sample Selection

WYFLLLLHW. SoTA with Less: MCTS-Guided Sample Selection for Data-Efficient Visual Reasoning Self-Improvement, NeurIPS 2025 Spotlight.

VLM Response:

### Final Answer: The 

answer is:

\\(\\boxed{5}\\).

### Step 1:......  

### Step 2:......  

### Step 3:......  

...

+ 1

Repeats until get right answer 



Question: Find y so that 

the quadrilateral is a 

parallelogram.

Answer: 7

Qwen2.5-VL

Monte Carlo Tree Search

Iter = 5

VLM Response:

### Final Answer: The 

answer is:

\\(\\boxed{7}\\).

### Step 1:......  

### Step 2:......  

### Step 3:......  

...

MCTS-Based Sample Selection

WYFLLLLHW. SoTA with Less: MCTS-Guided Sample Selection for Data-Efficient Visual Reasoning Self-Improvement, NeurIPS 2025 Spotlight.

+ 1

Iteration # > 5?

Yes

Repeats until get right answer 

Iteration # = 6



Question: How many 

shapes are green?

Answer: 6

Qwen2.5-VL

Iteration # = 3

No

MCTS-Based Sample Selection

Iteration # > 5?



MCTS-Based Sample Selection

Qwen-2.5-VL-7B

11k samples

Qwen-2.5-VL-72B

7.5k samples

Training data (70K initially)

RFT

ThinkLite-VL-7B ThinkLite-VL-72B

WYFLLLLHW. SoTA with Less: MCTS-Guided Sample Selection for Data-Efficient Visual Reasoning Self-Improvement, NeurIPS 2025 Spotlight.
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ThinkLite-VL consistently shows advantage across both scales

WYFLLLLHW. SoTA with Less: MCTS-Guided Sample Selection for Data-Efficient Visual Reasoning Self-Improvement, NeurIPS 2025 Spotlight.



A new design principle 

Trustworthy systems should be trained

➢ not only on more data 

➢ but on the 

✓ failures 

✓ uncertainties

that reveal how they reason



Model

Self-Improve Possible?
➢ No reliance on external info

Data
Q1:
Better Performance with More Data? 

Q2:
Self-generate Data? 



Q2:
Self-generate Data? 

Self-Critic



In-Context Self-Critic

With proper guidance, VLM can provide correct feedback by itself

VLM

Response 1: The image depicts a 

woman and a brown horse in a 

grassy field. The woman appears to 

be giving the horse a ride or 

interacting with it. There are other 

people in the background, watching 

the scene or engaging in their own

activities ......

Greedy search

Response 2: The image features a 

woman standing next to a brown 

horse in a grassy field. The woman 

appears to be engaged in a

conversation with the horse, possibly

discussing its training or care ......

Temperature decoding

Critic prompt
You are provided with a question about the image, a ground truth and two 

AI generated responses based on the image. Please review two AI 

generated responses carefully and compare the AI generated responses 

with the ground truth. You should consider the following factors:

1. Accuracy in Object Description:

Evaluate the accuracy of the descriptions concerning 

the objects mentioned in the ground truth answer. 

Responses should minimize the mention of objects 

not present in the ground truth answer, and 

inaccuracies in the description of existing objects.

WCWZZYZGBHX, SIMA: Enhancing Visual-Language Modality Alignment in Large Vision Language Models via Self-Improvement, NAACL 2025.



In-Context Self-Critic

VLM
Response 2: The image features a 

woman standing next to a brown 

horse in a grassy field. The woman 

appears to be engaged in a

conversation with the horse, possibly

discussing its training or care ......

Temperature decoding

Critic prompt
You are provided with a question about the image, a ground truth and two 

AI generated responses based on the image. Please review two AI 

generated responses carefully and compare the AI generated responses 

with the ground truth. You should consider the following factors:

1. Accuracy in Object Description:

2. Accuracy in Depicting Relationships:

Consider how accurately the relationships between 

objects are described compared to the ground truth 

answer. Rank higher the responses that least 

misrepresent these relationships.

Response 1: The image depicts a 

woman and a brown horse in a 

grassy field. The woman appears to 

be giving the horse a ride or 

interacting with it. There are other 

people in the background, watching 

the scene or engaging in their own

activities ......

Greedy search

With proper guidance, VLM can provide correct feedback by itself

WCWZZYZGBHX, SIMA: Enhancing Visual-Language Modality Alignment in Large Vision Language Models via Self-Improvement, NAACL 2025.



In-Context Self-Critic

VLM
Response 2: The image features a 

woman standing next to a brown 

horse in a grassy field. The woman 

appears to be engaged in a

conversation with the horse, possibly

discussing its training or care ......

Temperature decoding

Critic prompt
You are provided with a question about the image, a ground truth and two 

AI generated responses based on the image. Please review two AI 

generated responses carefully and compare the AI generated responses 

with the ground truth. You should consider the following factors:

1. Accuracy in Object Description:

2. Accuracy in Depicting Relationships:

3. Accuracy in Describing Attributes:

Assess the accuracy in the depiction of object’s attribute 

compared to the ground truth answer. Responses should 

avoid inaccuracies in describing the characteristics of the 

objects present.

With proper guidance, VLM can provide correct feedback by itself

Response 1: The image depicts a 

woman and a brown horse in a 

grassy field. The woman appears to 

be giving the horse a ride or 

interacting with it. There are other 

people in the background, watching 

the scene or engaging in their own

activities ......

Greedy search

WCWZZYZGBHX, SIMA: Enhancing Visual-Language Modality Alignment in Large Vision Language Models via Self-Improvement, NAACL 2025.



In-Context Self-Critic

VLM
Response 2: The image features a 

woman standing next to a brown 

horse in a grassy field. The woman 

appears to be engaged in a

conversation with the horse, possibly

discussing its training or care ......

Temperature decoding

Critic prompt
You are provided with a question about the image, a ground truth and two 

AI generated responses based on the image. Please review two AI 

generated responses carefully and compare the AI generated responses 

with the ground truth. You should consider the following factors:

1. Accuracy in Object Description:

2. Accuracy in Depicting Relationships:

3. Accuracy in Describing Attributes:

Demonstration 1

Demonstration 2

Question

Reference answer

With proper guidance, VLM can provide correct feedback by itself

Response 1: The image depicts a 

woman and a brown horse in a 

grassy field. The woman appears to 

be giving the horse a ride or 

interacting with it. There are other 

people in the background, watching 

the scene or engaging in their own

activities ......

Greedy search

WCWZZYZGBHX, SIMA: Enhancing Visual-Language Modality Alignment in Large Vision Language Models via Self-Improvement, NAACL 2025.



In-Context Self-Critic

VLM
Response 2: The image features a 

woman standing next to a brown 

horse in a grassy field. The woman 

appears to be engaged in a

conversation with the horse, possibly

discussing its training or care ......

Temperature decoding

Critic prompt
You are provided with a question about the image, a ground truth and two 

AI generated responses based on the image. Please review two AI 

generated responses carefully and compare the AI generated responses 

with the ground truth. You should consider the following factors:

1. Accuracy in Object Description:

2. Accuracy in Depicting Relationships:

3. Accuracy in Describing Attributes:

Demonstration 1

Demonstration 2

Question

Reference answer

Positive Response

Response 2: The image features a woman

standing next to a brown horse in a grassy field. 

The woman appears to be engaged in ......

Negative Response

Response 1: The image depicts a woman and 

a brown horse in a grassy field. The woman 

appears to be giving the horse a ride or ......

Response 1: The image depicts a 

woman and a brown horse in a 

grassy field. The woman appears to 

be giving the horse a ride or 

interacting with it. There are other 

people in the background, watching 

the scene or engaging in their own

activities ......

Greedy search

WCWZZYZGBHX, SIMA: Enhancing Visual-Language Modality Alignment in Large Vision Language Models via Self-Improvement, NAACL 2025.



In-context self-critic greatly improves critic accuracy

WCWZZYZGBHX, SIMA: Enhancing Visual-Language Modality Alignment in Large Vision Language Models via Self-Improvement, NAACL 2025.



Self-Improvement Modality Alignment (SIMA)

The first attempt shows that VLMs can improve through self-critic

WCWZZYZGBHX, SIMA: Enhancing Visual-Language Modality Alignment in Large Vision Language Models via Self-Improvement, NAACL 2025.



SIMA greatly improves VLM perception ability

WCWZZYZGBHX, SIMA: Enhancing Visual-Language Modality Alignment in Large Vision Language Models via Self-Improvement, NAACL 2025.



Question: Find y so that the 

quadrilateral is a parallelogram. Which one is the best?

Response 1

Response 2

Response N

......
Response

Candidates

Response 2

Final Response

Policy

Critic

Test-time Guidance with Self-Critic

LLaVA-Critic-R1

WLYZLXH, LLaVA-Critic-R1: Your Critic Model is Secretly a Strong Policy Model, arXiv:2509.00676.



Test-time scaling with self-critic

WLYZLXH, LLaVA-Critic-R1: Your Critic Model is Secretly a Strong Policy Model, arXiv:2509.00676.



In-Context Self-Critic+ DPO

The potential of self-critic in larger scale model 

training and more advanced RFT pipelines

In-Context Self-Critic+ GRPO

Real world impact



Can generative AI truly self-improve? 
➢ Yes. Models learn like curious humans

➢ No. First law of thermodynamics
➢ You can’t get something from nothing 
➢ No new info, no gain

Humans improve because we seek out new material, questions, 
feedback, and curriculum, just beyond our current abilities.

Q2:
Self-generate Data? 



But what if the right questions 
could be generated on demand?

Not static, not pre-written, but tailored to exactly 
what the model struggles with, right now. 





 A programmatically controllable 

video benchmark to 

✓stress-test and 

✓train multimodal reasoning

Reasoning simulator (infinite training data!) 
for next-gen AI



❖  Abstract Reasoning ❖  Mathematical Reasoning ❖  Physical Reasoning

❖  Planning Reasoning ❖  Spatial Reasoning ❖  Temporal 
Reasoning





Trustworthy foundation models is about 

building models that can 

detect, explain, recover from, and learn 

from failure

— often only a few early steering steps 

away
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