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Visual Test-time Scaling via Search
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Motivation  Two Systems in Human Cognition [1]

System 1: Fast Thinking System 2: Slow Thinking

(

[1] Kahneman, Daniel. Thinking, fast and slow. macmillan, 2011.4

（Both images generated by FLUX.)



Challenges  ML models often lack the ability for “Slow Thinking”
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[Generated by FLUX.]

Vision Models



Challenges 
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1. Some models have a relatively fixed inference budget. Eg.

Inference pipeline for CLIP [Radford el al. 2021]

a. Vision/multimodal encoders 

Overview of Mask2Former [Cheng el al. 2021]

b. Segmentation/detection models



Challenges
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2. Some models support flexible inference budgets, but their performance gains 
quickly saturate with additional compute. Eg.

[Peebles et al. Scalable Diffusion Models with Transformers, 2022]

(a) Scaling denoising steps for diffusion models.

[Bachmann et al. FlexTok: Resampling Images into 1D Token 
Sequences of Flexible Length, 2022]

(b) Scaling token numbers for an 
autoregressive image generation model.



Key Question 
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[Peebles et al. Scalable Diffusion Models with Transformers, 2022]
[Bachmann et al. FlexTok: Resampling Images into 1D Token 
Sequences of Flexible Length, 2022]

2. Some models support flexible inference budgets, but their performance gains 
quickly saturate with additional compute. Eg.

(a) Scaling denoising steps for diffusion models. (b) Scaling token numbers for an 
autoregressive image generation model.

Can we find a better test-time scaling method 
for vision generative models?



Key Question 
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[Peebles et al. Scalable Diffusion Models with Transformers, 2022]
[Bachmann et al. FlexTok: Resampling Images into 1D Token 
Sequences of Flexible Length, 2022]

2. Some models support flexible inference budgets, but their performance gains 
quickly saturate with additional compute. Eg.

(a) Scaling denoising steps for diffusion models. (b) Scaling token numbers for an 
autoregressive image generation model.

Can we find a better test-time scaling method 
for vision generative models?



Background Successful cases in other domains
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Background Successful cases in other domains

11 [Learning to reason with LLMs, OpenAI, 2024]

1. Reasoning LLMs: Increasing test-time compute leads to continual improvements 
in accuracy on complex reasoning tasks.



Background Successful cases in other domains
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2. Board Game: Test-time compute is essential for success.

[Brown et al. Safe and Nested Subgame Solving for Imperfect-Information Games. 2017]

Poker game [2017] 

Buckets (parameters)

100,000x
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The Idea behind: Search
"Search" means exploring actions or solutions before making a final decision.

[from lecture slides in CS188, 2024 Fall, Berkeley]
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Test-time Scaling via Search

(a) Explicit Search (eg. Best of N, Beam Search, MCTS)

[Snell et al. 2024]

(b) Implicit Search (eg, CoT)

[OpenAI o1, 2024]

"Search" means exploring actions or solutions before making a final decision.



Main Idea: Visual Test-time Scaling via Search
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How about Search?

Can we find a better test-time scaling method?Can we find a better test-time scaling method 
for vision generative models?

[Generated by ChatGPT 4o.]



Overview
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Provide background for test-time search techniques.
What has been done for the task 
that we considered?

1st paper
—

“Mastering the game of Go with 
deep neural networks and tree 

search” (AlphaGo)
—

Search in Game Play

2nd paper
—

“DeepSeek-R1: Incentivizing 
Reasoning Capability in LLMs 
via Reinforcement Learning”

—
Search in Language Models

3rd paper
—

“Inference-Time Scaling for 
Diffusion Models beyond 
Scaling Denoising Steps”

—
Search in Vision

Discussion & Research Proposal
—

Ongoing explorations and future work



1st paper


Mastering the game of Go 
with deep neural networks 
and tree search 

Google DeepMind. 2016




Problem: GO as a …
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Board Game Search Problem

Go is a two-player 
strategic game. 

The goal is to fence off 
more territory.

END

…



Problem: GO as a …
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Challenge: Search Space is Huge! 

Search Breadth: b ≈ 250

Search Length: d ≈ 150

Search Space ≈ bd

Search Problem

END

…



Problem: GO as a …
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Challenge: Search Space is Huge! Search Problem

END

…

0.8 0.010.010.15P(a|s)

V(s)

Reduce Breath with a Policy Network

Reduce Depth with a Value Network



Method Overview
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Training Pipeline Inference Pipeline
(1) Policy Network (3) Value Network

Move Probability

(c) Monte Carlo Tree Search

Evaluation

Position Position

(2) Rollout Network

Move Probability

Position



Training Pipeline: Policy Network
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Move Probability

Position

(1) Policy Network

Predicted probability for next moves.



Training Pipeline: Policy Network
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Move Probability

Position

(1) Policy Network

STAGE 1: Supervised Learning on Human Data

STAGE 2: Reinforcement Learning by Self-Play

30M positions from 
human expert games RL Policy NetworkSL Policy Network 

Next move prediction



RL Policy Network 
 pρ(a |s)

Training Pipeline: Policy Network
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Move Probability

Position

(1) Policy Network

STAGE 1: Supervised Learning on Human Data

30M positions from 
human expert games SL Policy Network



Training Pipeline: Policy Network
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Move Probability

Position

(1) Policy Network

STAGE 2: Reinforcement Learning by Self-Play

30M positions from 
human expert games RL Policy NetworkSL Policy Network 



Training Pipeline: Rollout Policy
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30M positions from 
human expert games RL Policy NetworkSL Policy Network 

Rollout Policy Model: faster but less accurate rollout policy

Rollout Policy  

(2) Rollout Network

Move Probability

Position

1000x faster 



Training Pipeline: Value Network
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(3) Value Network Reinforcement Learning by using data from self-play
Evaluation

Position

• 30M games of self-play 



Inference Pipeline: MCTS
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- Monte Carlo Tree Search (MCTS) for online planning and lookahead search.

Action

Initial State



Inference Pipeline: MCTS
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- Monte Carlo Tree Search (MCTS) for online planning and lookahead search.

Action

Initial State



Inference Pipeline: MCTS
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- Monte Carlo Tree Search (MCTS) for online planning and lookahead search.

Action

Initial State



Inference Pipeline: MCTS
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- Monte Carlo Tree Search (MCTS) for online planning and lookahead search.

Action

Initial State



Inference Pipeline: MCTS
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- Monte Carlo Tree Search (MCTS) for online planning and lookahead search.

Q, N

Q, N Action

Initial State



Inference Pipeline: MCTS
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- Monte Carlo Tree Search (MCTS) for online planning and lookahead search.

Action

Initial State

a= argmax (Q + u)

Action value

u ∼
P

N + 1
Bonus

Policy output

Visit count



Inference Pipeline: MCTS
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- Monte Carlo Tree Search (MCTS) for online planning and lookahead search.

Action

Initial State

Value network output

Rollout outcome



Results
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Alpha Go: 40 search threads, 48 CPUs and 8GPUs
Alpha Go Distributed: 40 search threads, 1,202 CPUs and 176 GPUs

Fixed Inference Time: 5s of computation time per move


AlphaGo is many dan ranks stronger than 
any previous Go program!

- Single-machine version win 494 out of 495 games (99.8%).


- Distributed version win 100%.

Elo Gap vs. Winning Rate:                                  E.g., a 1000 Elo difference corresponds to a 99% winning rate.
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Alpha Go: 40 search threads, 48 CPUs and 8GPUs
Alpha Go Distributed: 40 search threads, 1,202 CPUs and 176 GPUs

Fixed Inference Time: 5s of computation time per move


AlphaGo is many dan ranks stronger than 
any previous Go program!

- Single-machine version win 494 out of 495 games (99.8%).


- Distributed version win 100%.

Elo Gap vs. Winning Rate:                                  E.g., a 1000 Elo difference corresponds to a 99% winning rate.

The distributed version of AlphaGo beat  
professional 2-dan player Fan Hui in a formal 
five-game match.



Results

37

Alpha Go: 40 search threads, 48 CPUs and 8GPUs
Alpha Go Distributed: 40 search threads, 1,202 CPUs and 176 GPUs

Fixed Inference Time: 5s of computation time per move


AlphaGo is many dan ranks stronger than 
any previous Go program!

- Single-machine version win 494 out of 495 games (99.8%).


- Distributed version win 100%.

Elo Gap vs. Winning Rate:                                  E.g., a 1000 Elo difference corresponds to a 99% winning rate.

The distributed version of AlphaGo beat  
professional 2-dan player Fan Hui in a formal 
five-game match.
One year later, a further scaled version of AlphaGo beat Lee Sedol, 
a 9-dan professional (the highest professional rank).



Results
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Traditional MCTS without DNN.

Big gains from test-time search.



From AlphaGo to AlphaGo Zero (2017)
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[1] Silver, D., Schrittwieser, J., Simonyan, K. et al. Mastering the game of Go without human knowledge. Nature 550, 354–359 (2017)

1. Single network with from-scratch RL self-play.

2. Search during both training & testing.
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[1] Silver, D., Schrittwieser, J., Simonyan, K. et al. Mastering the game of Go without human knowledge. Nature 550, 354–359 (2017)

• AlphaGo Zero defeated AlphaGo after 
72 hours of training, whereas AlphaGo 
was trained over several months.

From AlphaGo to AlphaGo Zero (2017)



Takeaways
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Search is a powerful method for planning at test time.

MCTS may not be suitable for more complex open problems.



2nd paper


DeepSeek-R1: 
Incentivizing Reasoning 
Capability in LLMs via 
Reinforcement Learning 

DeepSeek-AI. 2025




Problem: Reasoning in LLMs
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[Hendrycks et al. Measuring mathematical problem 
solving with the MATH dataset, 2021] Example from https://codeforces.com.

Math Benchmark (eg. AIME) Coding Benchmark (eg. Codeforce)



Background: Effective Test-time Scaling techniques in LLMs
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[Learning to reason with LLMs, OpenAI, 2024]

OpenAI o1:



Background: Effective Test-time Scaling techniques in LLMs

45

“We provide evidence that verifiers 
scale far more favorably with 
additional data than baseline methods.”

[OpenAI. Training Verifiers to Solve Math Word Problems, 2021]



Background: Effective Test-time Scaling techniques in LLMs
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[OpenAI. Training Verifiers to Solve Math Word Problems, 2021]

[OpenAI. Let’s verify step by step. 2023]

[Google Deepmind. Scaling LLM Test-Time Compute Optimally can 
be More Effective than Scaling Model Parameters. 2024]



Main Idea: Chain-of-Thought (CoT) with RL
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CoT trained with RL:  
Teach LLMs how to “think” to get correct answers.

<THINK> …. 
<THINK>

User

Answer: 3

Solve for x in the equation 
2x+4 = 10.

RL: Optimizing a token sequence 
that leads to a good outcome.

During this process, chain-of-thought ability emerges.

CoT Prompting:  
Ask LLMs to “think” before answer.

Solve for x in the equation 2x+4 = 10.

Answer: 6User

Let’s think step by step.

Subtract 4 from both sides, get 2x=10-4=6. 
Divide both sides by 2, get x = 6 / 2 = 3. 
Answer: 3 

User



Method Overview
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Pretraining

Reinforcement Learning (GRPO)

DeepSeek-V3-Base DeepSeek-R1 Zero

I am riding a _ 

bike

Q: (1+3)x5 = ?

… <Answer>: 20

Cold Start Reasoning RL SFT Diverse RL

DeepSeek-R1



Method Overview
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Pretraining

Reinforcement Learning (GRPO)

DeepSeek-V3-Base DeepSeek-R1 Zero

I am riding a _ 

bike

Q: (1+3)x5 = ?

… <Answer>: 20

Cold Start Reasoning RL Rejection 
Sampling Diverse RL

DeepSeek-R1



Method: Reinforcement Learning
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- Goal: Optimizing a token sequence that leads to a good outcome.

<THINK> …. 
<THINK>

User

Answer: 3

Solve for x in the equation 
2x+4 = 10.

RL



Method: Reinforcement Learning
- Goal: Optimizing a token sequence that leads to a good outcome.


- GRPO:  Group Relative Policy Optimization.

(2024)



Method: Reinforcement Learning
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User

… Answer: 3

Solve for x in the equation 
2x+4 = 10.

r =1

- Goal: Optimizing a token sequence that leads to a good outcome.


- GRPO:  Group Relative Policy Optimization.

(1)



Method: Reinforcement Learning
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User

… Answer: 3

Solve for x in the equation 
2x+4 = 10.

r =1

User

Evaluate the limit:

.lim
x→0

sin(x) − x + x3

6

x5

r = 1

… Answer: 1
120

(1) (2)

- Goal: Optimizing a token sequence that leads to a good outcome.


- GRPO:  Group Relative Policy Optimization.



Method: Reinforcement Learning
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User

… Answer: 3

Solve for x in the equation 
2x+4 = 10.

r =1

User

Evaluate the limit:

.lim
x→0

sin(x) − x + x3

6

x5

r = 1

… Answer: 1
120

(1) (2)

- Goal: Optimizing a token sequence that leads to a good outcome.


- GRPO:  Group Relative Policy Optimization.

Problem: raw reward is too sparse!



Method: Reinforcement Learning
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User

… Answer: 3

Solve for x in the equation 
2x+4 = 10.

r =1

User

Evaluate the limit:

.lim
x→0

sin(x) − x + x3

6

x5

r = 1

… Answer: 1
120

(1) (2)

- Goal: Optimizing a token sequence that leads to a good outcome.


- GRPO:  Group Relative Policy Optimization.

Advantage: how much better a specific action is compared to the 
average action in a given state



Method: Reinforcement Learning
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User

… Answer: 3

Solve for x in the equation 
2x+4 = 10.

r =1

User

Evaluate the limit:

.lim
x→0

sin(x) − x + x3

6

x5

r = 1

… Answer: 1
120

(1) (2)

- Goal: Optimizing a token sequence that leads to a good outcome.


- GRPO:  Group Relative Policy Optimization.

Advantage: how much better a specific action is compared to the 
average action in a given state.

How? In PPO, Advantage is calculated by applying generalized advantage 
estimation based on the rewards and a learned value function.



Method: Reinforcement Learning
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User

… Answer: 3

Solve for x in the equation 
2x+4 = 10.

r =1

User

Evaluate the limit:

.lim
x→0

sin(x) − x + x3

6

x5

r = 1

… Answer: 1
120

(1) (2)

- Goal: Optimizing a token sequence that leads to a good outcome.


- GRPO:  Group Relative Policy Optimization.

Advantage: how much better a specific action is compared to the 
average action in a given state.

How? In PPO, Advantage is calculated by applying generalized advantage 
estimation based on the rewards and a learned value function.

GRPOGroup average of rewards.



Method: The GRPO Algorithm
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User

… Answer: 3

Solve for x in the equation 
2x+4 = 10.

r =1

User

Evaluate the limit:

.lim
x→0

sin(x) − x + x3

6

x5

r = 1

… Answer: 1
120

(2)(1)

- Goal: Optimizing a token sequence that leads to a good outcome.


- GRPO:  Group Relative Policy Optimization.



Method: The GRPO Algorithm
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User

… Answer: 3

Solve for x in the equation 
2x+4 = 10.

r = -1

… Answer: 6

r =1

User

… Answer: 1
6

Evaluate the limit:

.lim
x→0

sin(x) − x + x3

6

x5

r = 1

… Answer: 1
120

r =-1

(1)

(2)

r = -1

… Answer: 1
200

… Answer:0.3

r = -1

… Answer: 3 … Answer: 3

r = 1r = 1

(1)

- Goal: Optimizing a token sequence that leads to a good outcome.


- GRPO:  Group Relative Policy Optimization.



Method: The GRPO Algorithm
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User

… Answer: 3

Solve for x in the equation 
2x+4 = 10.

r = -1

… Answer: 6

r =1

User

… Answer: 1
6

Evaluate the limit:

.lim
x→0

sin(x) − x + x3

6

x5

r = 1

… Answer: 1
120

r =-1

(1)

(2)

r = -1

… Answer: 1
200

… Answer:0.3

r = -1

… Answer: 3 … Answer: 3

r = 1r = 1

(1)

Mean: 0.50, std:  0.86 Mean: -0.50, std: 0.86

- Goal: Optimizing a token sequence that leads to a good outcome.


- GRPO:  Group Relative Policy Optimization.



Method: The GRPO Algorithm

61

User

… Answer: 3

Solve for x in the equation 
2x+4 = 10.

r = -1

… Answer: 6

r =1

User

… Answer: 1
6

Evaluate the limit:

.lim
x→0

sin(x) − x + x3

6

x5

r = 1

… Answer: 1
120

r =-1

(1)

(2)

r = -1

… Answer: 1
200

… Answer:0.3

r = -1

… Answer: 3 … Answer: 3

r = 1r = 1

(1)

Mean: 0.50, std:  0.86 Mean: -0.50, std: 0.86

A =
r − μ

σ
Advantage

- Goal: Optimizing a token sequence that leads to a good outcome.


- GRPO:  Group Relative Policy Optimization.



Method: The GRPO Algorithm
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User

… Answer: 3

Solve for x in the equation 
2x+4 = 10.

r = -1

… Answer: 6

r =1

User

… Answer: 1
6

Evaluate the limit:

.lim
x→0

sin(x) − x + x3

6

x5

r = 1

… Answer: 1
120

r =-1

(1)

(2)

r = -1

… Answer: 1
200

… Answer:0.3

r = -1

… Answer: 3 … Answer: 3

r = 1r = 1

(1)

Mean: 0.50, std:  0.86 Mean: -0.50, std: 0.86

A = -1.74A =0.58 A =0.58A=0.58 A = -0.57A =-0.57 A = 1.73 A= - 0.57A =
r − μ

σ

Advantage

- Goal: Optimizing a token sequence that leads to a good outcome.


- GRPO:  Group Relative Policy Optimization.



Method: Rule-based Reward Modeling
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- Accuracy:


- Math Problem -> Validate the correctness of final answer


- Code Problem -> Run a compiler to generate feedback


- Format: Validate Output Format. 


- Thinking process should between ‘<think>’ and ‘<think>’.

Rule-based RL training is simpler and cheaper, and so easier to run at large scale.

Generated by FLUX
Training template:



Results for DeepSeek R1 Zero
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- Comparison of DeepSeek-R1-Zero and OpenAI o1 models on reasoning-related benchmarks.

DeepSeek-R1-Zero reach comparable performance to OpenAI’s o1 model.

Pass @ 1: Average correctness per single attempt.
Cons @ 64: Accuracy of the majority vote across 64 attempts.



Results for DeepSeek R1 Zero
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DeepSeek-R1-Zero naturally learns to solve reasoning tasks with more thinking time!

- Self-evolution process on AIME dataset



Results for DeepSeek R1 Zero
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“Aha Moment”:  DeepSeek-R1-Zero learns to allocate more thinking 
time to a problem by reevaluating its initial approach.



Discussion
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1. Both names contain “Zero”.  2. Both involve RL and search.
3. Learning to search.

User
<THINK> …. 
<THINK>

Answer: 3

Solve for x in the equation 
2x+4 = 10.

AlphaGo ZeroDeepSeek R1

Connection between AlphaGo Zero and DeepSeek R1 Zero
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Takeaways

Chain-of-Thought (CoT) is a powerful capability that enables implicit 
search and planning in LLMs.

• CoT may not be directly applicable to other modalities.

• Overthinking!



3rd paper


Inference-Time Scaling for 
Diffusion Models beyond 
Scaling Denoising Steps 

Google DeepMind. 2025




Background: Diffusion Models
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Figure source: https://sushant-kumar.com/blog/ddpm-denoising-diffusion-probabilistic-models



Background: Test-time Scaling for Diffusion Models
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Inference-time Scaling by increasing denoising steps?

Figure source: https://sushant-kumar.com/blog/ddpm-denoising-diffusion-probabilistic-models



Background: Test-time Scaling for Diffusion Models
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Performance gains tend to plateau.

Inference-time Scaling by increasing denoising steps?
Key Question: How to 
effectively scale diffusion 
model during test-time?

Small models cannot close the 
performance gap with our large models.

[Peebles et al. Scalable Diffusion Models with Transformers, 2022.]




Method Overview: Scaling by Search
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Prompt: A laptop on top of a teddy bear

Diffusion 
Model

Diffusion 
Model

…

Diffusion 
Model

Diffusion 
Model

…

Diffusion 
Model

Diffusion 
Model

…

[Images generated by FLUX-1.dev]



Method: Design Axes for Search
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Diffusion 
Model

Diffusion 
Model…

Diffusion 
Model

Diffusion 
Model…

Diffusion 
Model

Diffusion 
Model…

1. Verifiers: 

Evaluate the goodness of 
candidates

Prompt: A laptop on top of a teddy bear

2. Search Algorithm: 

Find better candidates based on the verifiers scores



Verifiers
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Diffusion 
Model

Diffusion 
Model…

Diffusion 
Model

Diffusion 
Model…

Diffusion 
Model

Diffusion 
Model…

1. Verifiers: 

Evaluate the goodness of 
candidates

Prompt: A laptop on top of a teddy bear

2. Search Algorithm: 

Find better candidates based on the verifiers scores



Verifiers
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- Oracle Verifiers: Inception Score, FID Score



Verifiers
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- Oracle Verifiers: Inception Score, FID Score

Diffusion 
Model

Diffusion 
Model…

Diffusion 
Model

Diffusion 
Model…

Diffusion 
Model

Diffusion 
Model… Inception v3 0.8

Inception v3 0.6

Inception v3 0.4

‘Bear’



Verifiers
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Diffusion 
Model

Diffusion 
Model…

Diffusion 
Model

Diffusion 
Model…

Diffusion 
Model

Diffusion 
Model… Inception v3

Inception v3

Inception v3

(μ1, σ1)

(μr, σR)

}Batch Stat.

Reference Stat.

- Oracle Verifiers: Inception Score, FID Score



Verifiers

79

- Supervised Verifier: CLIP, DINO (with pretrained linear head)

Diffusion 
Model

Diffusion 
Model…

Diffusion 
Model

Diffusion 
Model…

Diffusion 
Model

Diffusion 
Model… CLIP/DINO 0.8

CLIP/DINO 0.6

CLIP/DINO 0.4

‘Bear’



Verifiers
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- Other Verifiers: Aesthetic Score, Imagereward, Verifier Ensemble

Diffusion 
Model

Diffusion 
Model…

Diffusion 
Model

Diffusion 
Model…

Diffusion 
Model

Diffusion 
Model…

Aesthetic Predictor

How good-looking is the image?



Verifiers
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- Other Verifiers: Aesthetic Score, Imagereward, Verifier Ensemble

Diffusion 
Model

Diffusion 
Model…

Diffusion 
Model

Diffusion 
Model…

Diffusion 
Model

Diffusion 
Model…

ImageReward

[Xu et al. ImageReward: Learning and Evaluating Human Preferences for Text-to-Image Generation, 2024]


How much would a human like 
this image? (Image-Text Alignment, Quality)



Verifiers
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- Other Verifiers: Aesthetic Score, Imagereward, Verifier Ensemble

Diffusion 
Model

Diffusion 
Model…

Diffusion 
Model

Diffusion 
Model…

Diffusion 
Model

Diffusion 
Model…

CLIP

[Xu et al. ImageReward: Learning and Evaluating Human Preferences for Text-to-Image Generation, 2024]


Aesthetic Predictor

Imagereward

Aggregate 

Score



Search Algorithms
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Diffusion 
Model

Diffusion 
Model…

Diffusion 
Model

Diffusion 
Model…

Diffusion 
Model

Diffusion 
Model…

1. Verifiers: 

Evaluate the goodness of 
candidates

Prompt: A laptop on top of a teddy bear

2. Search Algorithm: 

Find better candidates based on the verifiers scores



Search Algorithms
• Search Algorithms: Random Search, Zero-Order Search, and Search over Paths.

local search algorithms



Search Algorithms
• Search Algorithms: Random Search, Zero-Order Search, and Search over Paths.

Sample noises in a small neighborhood, find the best and iterate.



Search Algorithms
• Search Algorithms: Random Search, Zero-Order Search, and Search over Paths.

Diffusion 
Model

Diffusion 
Model…

Diffusion 
Model

Diffusion 
Model…



Search Algorithms
• Search Algorithms: Random Search, Zero-Order Search, and Search over Paths.

Diffusion 
Model

Diffusion 
Model…

Diffusion 
Model

Diffusion 
Model…

Diffusion 
Model

Diffusion 
Model…

…
…



Search Algorithms
• Search Algorithms: Random Search, Zero-Order Search, and Search over Paths.

Find several local optimals. Results are more diverse.



Search Algorithms
• Search Algorithms: Random Search, Zero-Order Search, and Search over Paths.

 Search along the trajectory at intermediate steps.
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• Search Algorithms: Random Search, Zero-Order Search, and Search over Paths.

Denoise
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• Search Algorithms: Random Search, Zero-Order Search, and Search over Paths.

Expand by adding noises

Denoise
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• Search Algorithms: Random Search, Zero-Order Search, and Search over Paths.

…

Expand by adding noises

Denoise

SelectionDenoise
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• Search Algorithms: Random Search, Zero-Order Search, and Search over Paths.
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Expand by adding noises
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Expand by adding noises



Search Algorithms
• Search Algorithms: Random Search, Zero-Order Search, and Search over Paths.

…

Expand by adding noises

Denoise

SelectionDenoise

Expand by adding noises

SelectionDenoise



Main Results: Search enables better scaling behavior.
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Number of Function Evaluations = denoising steps + search cost

250 NFEs

(Additonal forward pass)Model: SiT-XL[1] and FLUX.1-dev [2].

[1] Ma et al. SiT: Exploring Flow and Diffusion-based Generative Models with Scalable Interpolant Transformers, 2024
[2] B. F. Labs. Flux.1 [dev]. https://blackforestlabs.ai/.



Main Results: Search enables better scaling behavior.
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Main Results: Search enables better scaling behavior.
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Main Results: Search enables better scaling behavior.
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Main Results: Search enables better scaling behavior.
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Visualization
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Increasing NFEs in denoising steps Increasing NFEs in search

Search leads to a better image-text alignment.



Verifier Results
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Verifier Results
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Verifier Hacking



Verifier Results

104



Search Algorithms Comparison
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All algorithms use DINO as the verifier. Results on Imagenet.



Training-time Compute v.s. Test-time Compute
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(ZO-4 with DINO-LinearHead.)

Performance of search methods across different model sizes (SiT-{B,L,XL}) on ImageNet. 

(Random Search with DINO-LinearHead.)



Takeaways

• Search works in the image generation domain!
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• Limited Scope to Diffusion Models.


• Lacks advanced verifiers and more sophisticated search algorithms..



Overview
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1st paper
—

“Mastering the game of Go with 
deep neural networks and tree 

search” (AlphaGo)
—

Game Play

2nd paper
—

“DeepSeek-R1: Incentivizing 
Reasoning Capability in LLMs 
via Reinforcement Learning”

—
Large Language Models

3rd paper
—

“Inference-Time Scaling for 
Diffusion Models beyond 
Scaling Denoising Steps”

—
Image Generation

Background
—

Introduce “test-time scaling” and “search”

Discussion & Research Proposal
—

Ongoing explorations and future work



Main Idea: Visual Test-time Scaling via Search
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Can we find a better test-time scaling 
method for vision generative models?

How about Search?



Main Idea: Visual Test-time Scaling via Search
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Can we find a better test-time scaling 
method for vision generative models?

How about Search?

We start with 
autoregressive image 
generation models

[Tian et al. Visual Autoregressive Modeling: Scalable Image 
Generation via Next-Scale Prediction, 2024.]
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Scaling by searching is better than 
scaling over token number.

Scaling by Search is Better

[Bachmann et al. FlexTok: Resampling Images into 1D Token Sequences of Flexible Length, 2025]
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How about other AR models?

[Deepseek AI. Janus: Decoupling Visual Encoding for 
Unified Multimodal Understanding and Generation, 2024]

[Deepseek AI. Janus-Pro: Unified Multimodal Understanding 
and Generation with Data and Model Scaling, 2025]
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How about other AR models?

[Deepseek AI. Janus: Decoupling Visual Encoding for 
Unified Multimodal Understanding and Generation, 2024]

[Deepseek AI. Janus-Pro: Unified Multimodal Understanding 
and Generation with Data and Model Scaling, 2025]



What else can we achieve by Search?



Flexible control of the generation
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Flexible control of the generation
Use a segmentation or object detection model as a verifier (Spatial)
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Global Verifier Spatial Verifier Global Verifier Spatial Verifier Global Verifier Spatial Verifier

a photo of a cow right of a laptop a photo of a vase above a fire hydrant a photo of a chair left of a zebra



Flexible control of the generation
Use image-image similarity as a verifier.
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Zero-shot Multimodal Controlling

"A photo of a cat” “A photo of a cat next to a tree”Image control
Text control



Search algorithms

[COCO 300 using CLIP as verifier.]



Can we do training-free generation only through search?
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“golden retriever”

Verifier (eg. CLIP)
0.80 0.15 0.02

Policy model



Can we do training-free generation only through search?
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“golden retriever”

Verifier (eg. CLIP)



Image generation by pure search
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Image generation by pure search
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More complex prompts -> Larger improvement by searching!



Next
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“golden retriever”

Verifier (eg. CLIP)

Beam Search

Lookahead Search

MCTS,

….

0.80 0.15 0.02

Policy model
Aesthetic Score

ImageReward

Spatial verifier

Image-image similarity

VLMs

Search Algorithm

Conditional AR,

Unconditional AR,

Randomized AR, …

Token Structure
2D token; 2D ordered Token; 

1D token; 1D ordered Token, …



Next
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“golden retriever”

Verifier (eg. CLIP)

Beam Search

Lookahead Search

MCTS,

….

0.80 0.15 0.02

Policy model
Aesthetic Score

ImageReward

Spatial verifier

Image-image similarity

VLMs

Search Algorithm

Conditional AR,

Unconditional AR,

Randomized AR, …

Token Structure
2D token; 2D ordered Token; 

1D token; 1D ordered Token, …



Future Work

• Can we further teach a vision model ‘how to search’ during training?
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Let me think,  
…

[Generated by FLUX.]
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129

• Search for different modalities.

Let me think,  
…

[Generated by FLUX.]



Future Work

• Can we further teach a vision model ‘how to search’ during training?
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• Search for different modalities.

• Test-time scaling and search in visual perception.

[OpenAI, Thinking with Image, 2025.]



Thanks for listening!
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