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Test-time Inference

Test-time inference is a phase where the training is done and weights are frozen,

and people figure out some strategies to optimize its outputs.





• Motivation: existing methods typically rely on inefficient discrete
search (CoT, ToT, …) or trial-and-error (Best-of-N, Self-Consistency)
prompting to improve the online policy.





1) But LLM tokens are discrete.

-- How to make it differentiable so that we can get gradient descent?

2) And this is test-time inference.

--How to get gradient descent in sample space?



Step 0: Formulate reasoning as sequential decision making problem

via Bellman Equation.

Optimal policy, given prompt x, 

and previous generated text y. Choose the current word y_i

from the vocabulary V. 

Overall reward score for the
concatenated sentence

Future outputs till the end



           
 

      

Step 1 -- Rollout:

Given the prompt x, generate a

response y from the LLM model.

Step 2 -- Differentiable Textual

Optimization (DTO).

Step 3 -- Resample

Step 4 -- Accept / Reject



           
 

      

Objective:

• Reward scores are from reward

models (Skywork-V2-Qwen-4B for

Qwen-based models and Skywork-

V2-Llama-8B for Llama family

models)

Reward Fluency



Given:

Prompt x: “1+1 = ?”.

Response y: “equals two”.

Vocabulary V [one, two, three, equals, cat]

Objective:

Reward Fluency

one hot vector

y_2:

one two three equals cat

0 1 0 0 0



Given:

Prompt x: “1+1 = ?”.

Initial response y: “equals two”.

Vocabulary V [one, two, three, equals, cat]

Objective:

Reward Fluency

one two three equals cat

0.05 0.80 0.10 0.03 0.02

Cat(𝜋 LLM (∙ |𝑒𝑞𝑢𝑎𝑙𝑠, x))



Now we have an objective function to take the derivative of.

But we do not have a continuous variable yet to differentiate it with respect to, since

tokens are discrete.    

Therefore, we choose to use logits z, where softmax (z) -> y.



Logits Z resides here!

SoftMax (Z) -> Y



Now we have a loss function contains Y but we want to take derivative on Z.

How: We use Gumbel SoftMax straight-through trick to parameterize

By this means, gradient descent can be equivalently performed on the space

of , as



1) But LLM tokens are discrete.

-- How to make it differentiable so that we can get gradient descent?

 Use logits Z space to surrogate token Y.

2) And this is test-time inference.

--How to get gradient descent in sample space?

Does not update the global weights at all. Only adjust the outputs

for the specific question pairs.



To Speed Up:

• Gradient Caching:

one-hot vector is hardly ever overturned;

• Rollout Trajectory Reusing:

• Confidence & Gradient – Guided Selection:







Contribution:

1) Achieves 20% accuracy improvement on a challenging math
reasoning benchmark while reducing 10-40% model calls compared
to strong baselines.

2) Introduces a paradigm shift from zeroth-order search to first-order
optimization at test time.



NeurIPS 2025



Rollout Roulette

• Background: Reward models are imperfect for early pruning.



Rollout Roulette



Rollout Roulette

• Novelty: From Search to Inference.

Search

1) Rely on noisy reward models;

2) Keep top-k paths and prune aggressively;

   3) Mode;

   4) Sensitive to early sub-optimal

Inference

1) Acknowledge rewards models are 

imperfect and can contain noises;

2) Maintain distribution for many 

paths;

3) Use posterior and propagate

uncertainty;

3)  Recover from early errors;

Traditional reward models give P(O|X) while this paper approximate P(X|O) to evaluate the

Quality of reasoning, where O is reward feedback while X represents reasoning output.



Rollout Roulette

Method: models the LLM reasoning as state space models (SSM) and use particle
filtering to approximate the posterior distribution in the SSM.

• A SSM models a process that we observe via indirect measurements and aim to
infer the underlying state.

• They consist of: 1) a sequence of latent states -- Reasoning Steps

2) corresponding observations -- Accepted / Not Accepted

3) a transition model that governs evolution of states

     -- LLM

4) an emission model to produce observations

-- Process Reward Model



Rollout Roulette

The goal is to infer the posterior distribution over latent trajectories that yield fully

accepted sequences

“This formulation makes particle filtering a natural and theoretically

grounded choice for inference”



Rollout Roulette

Step 1: Initialize N particles and assign scores.

In this step, let LLM generates the very first step repeatedly, and use a reward model to score them.



Rollout Roulette

Step 2: Resampling.

a. Convert the reward scores to a probability distribution [0.2393,0.4473,0.3134]



Rollout Roulette

Step 2: Resampling.

a. Convert the reward scores to a probability distribution [0.2393,0.4473,0.3134]

b. Sample N particles with replacement according to this probability distribution



Rollout Roulette

Step 3: Transition -- form the next generation from the selected particles



Rollout Roulette

Step 4: Loop until all particles complete. Finally get a set of weighted particles.



Rollout Roulette

Joint Distribution of states and observations:

An simple example of joint distribution:

P (X = Sunny, Y = On Time) ;

P (X = Sunny, Y = Late);

P (X = Rainy, Y = On Time);

P (X = Rainy, Y = Late);

Combinatorial Explosion makes
The Joint Distribution



Rollout Roulette

To connect the process with posterior distribution….

P(X|O) = P(X, O) / P(O)



Rollout Roulette

Efficient Reasoning:

Achieves a superior performance

Under the same budget.



Rollout Roulette

Achieves comparable performance with

Famous closed LLMs (GPT-4o, Claude 3.5

Sonnet) with small size (1.5B / 7B) open

source LLMs.



ACL 2026



Dynamic Cheatsheet

Motivation:

• Current LMs typically operate without retaining insights from previous attempts;

• This study present Dynamic Cheatsheet (DC) is a lightweight framework that
provides LLM an external, non-parametric, and evolving memory storage at
inference time.



Dynamic Cheatsheet
• If correct / meaningful -> store the concise and transferable snippets

• If find a better one / error -> replace / delete

• Reorganize the memory and make it concise without repeats.



Dynamic Cheatsheet



Dynamic Cheatsheet

How the memory are stored:



Dynamic Cheatsheet
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