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LLM Efficiency

Inference Acceleration : Speculative Decoding

KV Cache Efficiency

Model Compression

Reasoning Efficiency

Training Data / Strategy

--Use Small Model to draft (5 tokens at once)
and Large Model to verify

(select reasoning paths/ important tokens )



Introduction

Coarse-Grained: get a reward score after the entire reasoning completed   

•  

Fine-Grained: use signals to guide reasoning become more efficient and

informative in the process. 

• -- Entropy comes to mind since it evaluate uncertainty (LLM confidence), information gain
( ) and is calculated by probability (LLM probability distribution

after softmax).

-- Could also consider knowledge boundary, multi-objective optimization…
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Motivation

• CoT often generates long, repetitive, and self-contradicting traces;

• Existing methods shorten CoTs using length penalties (content-blind), or global
entropy reduction (discourage useful backtracing);

• Their hypothesis is,  the reasoning efficiency is governed by the trajectory of
uncertainty, not absolute magnitude.



Motivation

They conduct empirical study to support the hypothesis:

• The x-axis bin shows spearman

correlation (a lower value

indicates downward entropy

trend with reasoning steps);

• The y-axis shows with a

downward entropy trend, the

reasoning tend to be short;

• Left shows that a high-entropy

token tend to be a keyword for

self-reflection.



Entropy Trend Reward

• The key idea - to encourage progressive uncertainty reduction along a CoT while

preserve correctness;

• Also integrate it into GRPO as a scalar reward signal.



Entropy Trend Reward

Step 1: Entropy Trajectory of Chain-of-Thought

 1) Let denotes a Chain-of-Thought response,where T
represents each reasoning step.

2) Then, for each step t, they define a scalar entropy



Entropy Trend Reward

Step 1: Entropy Trajectory of Chain-of-Thought

 3) Finally, they define the step-wise entropy change as:

 

A positive indicates uncertainty reduction.



Entropy Trend Reward

Step 2: Momentum-Based Entropy Trend Reward

Why this step is needed: A simple summation over step-wise change does

not make sense:



Entropy Trend Reward

Step 2: Momentum-Based Entropy Trend Reward

To address the above issue, they introduce a latent trend variable recursively.

The entropy reward for a CoT is then defined as

Unrolling the recurrence yields





Entropy Trend Reward

Step 2: Momentum-Based Entropy Trend Reward

A property: strictly decreases in t. • This means reductions in uncertainty

that occur earlier in the reasoning

trajectory are rewarded more;

• This encourages the model to converge

its belief state rapidly rather than

postponing critical deductions to

late steps.



Entropy Trend Reward

A Property: Instance-Adaptive Termination via Entropy Trend Shaping.

ETR maintains a momentum-aggregated trend state with

, and the entropy reward accumulates              . This means 

we only encourage steps with entropy descent. 

This implicitly encourage shorter length for easy instances.  

Trajectory –aware for longer (how?)               



GRPO

It is a policy gradient approach that evaluates model outputs based on their relative
performance within a group of sampled responses.

• For a given input question q, GRPA samples a set of G candidate responses

from the current policy.

• Then, the relative advantage is calculated as

• The GPRO objective is

where



Integration with GRPO

Ensures correctness is a hard constraint, while entropy shaping only affects the 
correct reasoning trajectories. 



Experiments – Overall Performance

Evaluate

1) accuracy,

2) response length,

3) Compression Rate:

𝑁𝑒𝑤 𝐴𝑣𝑔(𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒 𝑙𝑒𝑛𝑔𝑡ℎ)

𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝐴𝑣𝑔 (𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒 𝑙𝑒𝑛𝑔𝑡ℎ)

4) Accuracy-Efficiency Trade-

off Score (AES):



Empirical Analysis –Ablation Study

• Conduct an ablation study on entropy-based reward designs to isolate the effects
of entropy magnitude, temporal aggregation, and correct supervision.

Entropy minimization

Collapses with high entropy

(only relies on entropy differences

between first and last sentences)



Empirical Analysis – Entropy Trend

• Goal: to assess whether Entropy
Trend Reward (ETR) promotes
convergent reasoning.

• Method: compute the spearman
rank correlation between reasoning
step index and the entropy at each
step, where a negative value
indicates a stronger descent.



Empirical Analysis – Behavioral View of CoT Reduction



Conclusion

• They show that chain-of-thought efficiency is governed by the global trend of
predictive uncertainty rather than its absolute magnitude;

• Based on that insight, they propose Entropy Trend Reward, which encourages
progressive uncertainty reduction while enforcing correctness as a hard constraint.

• Extensive experiments demonstrate that ETR consistently improves the accuracy
efficiency trade-off.
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Background

• Generative Reward Model is a a reward model that does not only generate a scalar
as a score, but may also provide reasons, comments, and event Chain-of-Thought
and then make the final judge.

• Representative work includes:

 1) LLM as a Judge;

 2) Generative verifier (reward -> next-token prediction) (previous?, no
content?)

 3) Self-taught evaluators (model generate data to train itself).

 4) DeepSeek-GRM (Score based on CoT) → this paper: when is it worth to
generate a CoT?

This does not sound like a reward model design, but it answers the critical question – when it is good enough to stop.



Motivation

• CoT is applied indiscriminately to all inputs regardless of their inherent complexity;

-- Categorize into short or long reasoning paths based on the convergence of parallel
decoding outputs.

• Corse Reward signals (voting-based selection, or scalar score given by GRM), lack the
ability to identify and favor subtly higher-quality reasoning paths.

-- Enable the RM to provide fine-grained quality scores by combining robust
regression (Huber loss) and discriminative ranking (hinge loss).



E-GRM Framework



Module 1: Dynamic CoT Triggering via Model-Internal  
 Uncertainty

General idea: Assume prompts solvable via direct inference tend to produce
 consistent answers across runs.

Step 1: Given an input x, run multiple times with varied sampling hyperparameters

 (such as different temperatures or top-n sampling) and yield a set of initial
responses .

Step 2: Set up a threshold (m/M) to distinguish between short VS. long reasoning



Training Pipeline 1

Supervised Fine-Tuning followed by RL with Preference Optimization.

Dataset:

Combined SFT loss: ,

where and

Here the model learns when to generate CoT.



Module 2: Discriminative Scoring with Hybrid Loss

1) Goal: to train scoring model , given an input x and a candidate CoT
response r.

2) Dataset: , and is from human annotation or a teacher model.

3) Training objective:

, where ,

L2 loss, sensitive to outliers

MAE, not smooth when loss is closer to 0



Module 2: Discriminative Scoring with Hybrid Loss

3) Training objective:

, where is to enforce ranking  
 consistency given a pair of samples with quality

   scores .

Penalize when => 1) Ranking is wrong , or

     2) Score gap is not met



Training Pipeline 2

Supervised Fine-Tuning followed by RL with Preference Optimization.

Data:

Reward model: Adapt GRPO to 1) explicitly leverage the paired data;

   2) incorporate the discriminative scorer

CorrectnessWeight

Optimize the policy parameters:



Training Pipeline 2

Change:

1) Group Advantage -> Preference Learning;

2) A new term to enhance the gap between

positive and negative reasonings.



Inference Procedure

Goal: Reduce computational overhead while ensuring qualified outputs.

1) For input x, perform M parallel decodings to obtain initial responses

2) Dynamic Routing: If , output the consensus
answer and terminate;

3) CoT generation and selection: If consensus is low, generate K diverse CoT 
 responses.            using varied decoding parameters;

          4) Apply the discriminator scorer to each candidate;

          5)  Select the response with the highest score



Experiments – Reward Model Performance 1

Evaluate 1) sensitivity to subtle content

differences (subtle factual or logical

mistakes); 2) resistance to style biases



Experiments - Reward Model Performance 2

Evaluate alignment in practical

scenarios (emails, coding,

advising..)



Experiments - Reward Model Performance 3



Experiments – Comparison of CoT Triggering Strategies



Experiments –Ablation Study
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Motivation

• LLMs often exhibit hallucinations due to inability to accurately perceive their
knowledge boundaries.

• Existing abstention fine-tuning methods typically partition datasets directly based on
response accuracy.

Limitation 1: Grey Zone -- lucky guess

Some known questions are geometrically

closed to the unknown questions in latent

space, along the hyperplane.



Motivation

• To reduce reliance on ground truth labels, alternative approaches utilize uncertainty 
metrics like semantic entropy to partition training data into known and unknown 
questions. 

  Limitation 2: Internal confidence and external correctness may sometimes misalign. 



Geometric Denoising

The general idea is quite similar to Support Vector Machine.

SVM

The proposed Geometric Denoising 

(GeoDe) framework uses geometric 

distance from the hyperplane as a 

confidence metric. 



Geometric Denoising

• Goal: Develop a hidden-state-based approach to enhance the model’s awareness of
its own knowledge boundaries.

• Overall, it 1) partition the training data into known / unknown subsets;

 2) train a hidden-state probe to quantify the model’s confidence in its
responses;

 3) Finally perform targeted abstention fine-tuning on the curated samples to
teach the model to abstain from answering questions outside its knowledge scope.



Geometric Denoising

Step 1 -- Identify the Knowledge Boundary:

 The base LLM is prompted to answer every question in a source training dataset

 ( ) and split to known ( ) and unknown knowledge ( ) according to
correctness;



Geometric Denoising

Step 1 -- Identify the Knowledge Boundary:

 The base LLM is prompted to answer every question in a source training dataset

 ( ) and split to known ( ) and unknown knowledge ( ) according to
correctness;

Step 2 – Curate Denoised Dataset:

 1) Train the probe model (Linear Regression):

  , where the feature is the hidden state representation

of the question .



Geometric Denoising

Step 2 – Curate Denoised Dataset:

 2) Next, define the confidence of LLM answering question by measuring the
distance from x to the learned hyperplane (w; b):

 

3) Select top x% samples (big d(x)).



Geometric Denoising

Step 3 –Abstention Fine-Tuning.



Experiments – Evaluation Metrics for Abstention



Experiments – Overall Performance

Different latent Representation:

TBG – Q

SLT – Q+A

Demonstrates robustness regardless 

Of specific extraction point. 



Experiments – In RAG Setting



Analysis -- hypothesis validation

To validate the hypothesis that the geometric distance to the

Probing hyperplane serves as a proxy for sample quality, they

Partition the training data into three tiers Ours-Farthest (75%-

100%), Ours-Middle (37.5%-62.5%), Ours-Nearest (0-25%).
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