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Sec 1: Introduction & Motivation
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Overview of the field/topic 

● What is Chain-of-Thought (CoT)?
○ LLMs generate intermediate reasoning steps before answering, mimicking human reasoning

○ Like solving a math problem outloud:

■ Bad way: “The answer is 42”

■ Good way: “If Alice has 3 apples and Bob gives her 5 more, she now has 8 apples”

○ LLMs use CoT to show their work before answering

● Pros: 
○ CoT helps models solve harder problems (ie. math, coding, riddles)

○ Used in AI assistants to explain answers

● Cons:
○ Sometimes models lazy-think (too short → wrong answers)

○ Other times, they ramble (too long → confusing)
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What’s the problem that this paper is trying to solve

● Models sometimes generate abbreviated reasoning chains, leading to 

accuracy drops

● Short reasoning is linked to specific attention heads in middle layers 

● Current solutions fall short as:
○ Prompting model to think step by step doesn’t guarantee answer depth

○ Budget control risks incoherence or unfaithfulness
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Why is this problem important

● Accuracy and Reliability
○ Short reasoning correlates with degraded performance

○ Critical for high-stakes domains where skipped steps causes errors

● Broader implications
○ Faithfulness trade-off as longer ≠ always better

○ ThinkEdit reveals how reasoning length is encoded

● Applications
○ Balance reasoning depth vs. compute cost

○ Fine-grained interventions can improve reasoning (parameter changes)
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Sec 2: Related works
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Prior approaches to improving reasoning in LLMs

● Training-based methods
○ Training the model on thousands of examples with step-by-step solutions

○ Adjusts all model weight to learn reasoning patterns

○ Con: computationally heavy, risks overfitting

● Prompt Engineering
○ Adding instructions like “Let’s think step-by-step” to the user’s question

○ Guides the model to activate its existing reasoning ability

○ Con: Unreliable as it works 60-70% of the time (model may still shortcut)

● Reinforcement Learning
○ Training models with rewards for good reasoning

○ How it works: Model generate reasoning, human/AI score quality, model updates to maximize scores

○ Con: needs thousands of graded examples, black box problem (hard to trace why certain reasoning 

was rewarded)
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How ThinkEdit differs 
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Approach Pros Cons ThinkEdit Advantage

Fine-tuning General improvement High compute cost Edits only 0.1% 

weights

Prompting No model changes Unreliable for hard 

problems

Fixes internal 

representations

Reinforcement 

Learning

End-to-end 

optimization

Needs reward signal No training required

ThinkEdit Precise, interpretable 

edits

Requires head 

identification

Targets specific faulty 

components
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Sec 3: Main Methods
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Key ideas of ThinkEdit

● Understand how hidden representations affect reasoning length
○ Extract reasoning length directions → obtain steering vectors

○ Confirm effects on reasoning length

● Novel method: weight-editing of attention heads to mitigate short reasoning
○ Quantify short reasoning contribution of each attention head

○ Apply targeted intervention along the short reasoning direction

● Compared to previous methods
○ Direct manipulation (representation engineering) rather than budget control

○ Residual stream manipulation has been used in other steering methods (i.e. refusal), but little 

prior work reasoning length specifically
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Brief reminder of transformer architectures

● Residual stream passes through multi-

headed self-attention and feed-forward MLP 

layers

● Focus on hidden representations after each 

layer is applied to the stream

● Each attention head’s contribution to the 

stream is transformed by a learned 

projection matrix

12



DSC 291/190 SP’25 Trustworthy Machine Learning

Obtaining steering vectors

● Generate responses to problem set (GSM8K) with CoT tokens marked

● Seperate into a short and long dataset (< 100 tokens vs. > 1000 tokens)

● Get mean hidden representation over tokens for each problem, then average 

over the entire dataset

● Direction can be obtained from the difference between these two embeddings
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Effects of steering
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● Add the reasoning-length 

direction with a scalar weight 

to the residual stream to 

steer towards shorter or 

longer reasoning

● Key insights
○ Moderate positive steering can improve accuracy, but longer reasoning does not 

necessarily improve accuracy for all benchmarks

○ Layerwise steering reveals middle layers as most important for reasoning length
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Identify short reasoning attention heads

● A small subset of attention heads contribute heavily to short reasoning

● Get per-head contribution in short reasoning dataset and project onto 

negative reasoning length direction

● Can mitigate overly short reasoning without significantly affecting overall 

model
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Targeted weight editing

● Modify the output project of top 

2% of attention heads from 

previous step

● Project learned projection matrix 

onto subspace orthogonal to the 

steering vector
○ This is an input-dependent 

adjustment (instead of a fixed shift to 

all activations)
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Key ideas of ChainScope

● We extend ThinkEdit models to assess faithfulness in addition to accuracy

● Chain-of-Thought Faithfulness:

○ Unfaithful CoT reasoning undermines reliability, especially in high-stakes areas.

○ Studies show existing CoT unfaithfulness, but primarily under adversarial / biased prompts

● We took methodology from the ChainScope paper, which investigates 

whether CoT unfaithfulness occurs in natural, unbiased prompts.
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Key ideas of ChainScope

● Proposes a novel diagnostic formulation:

○ Implicit Post-Hoc Rationalization: Models provide justifications for answers that are 

externally inconsistent

■ The model can justify both X>Y and Y>X

■ Implies the model is responding based on systemic biases rather than external truth

○ Restoration Errors: Models silently correct errors in previous reasoning steps without 

acknowledging their mistake

○ Unfaithful Shortcuts: Models use illogical reasoning steps to jump to unjustified conclusions
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Key ideas of ChainScope

● Evaluation method:

○ Implicit Post-Hoc Rationalization:

■ Generate a set of comparative questions (e.g. 

“Does Lota have larger area than Buffalo?”, 

“Does Buffalo have larger area than Lota?”)

■ Grade reasoning chains on supported answer; 

look for statistically significant difference in 

accuracy between reversed variants

○ Restoration Errors, Unfaithful Shortcuts: Grade 

reasoning chains for silent errors or flawed steps
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Sec 4: Experiment
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Experimental setup
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Key results of ThinkEdit
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Code reproduction 
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Code reproduction 
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Code reproduction 
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Code reproduction 
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Code reproduction 
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Code reproduction 
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Code reproduction 
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Key results from our experiments
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Model

5% Average 

Length (tokens)

10% Average 

Length (tokens)

20% Average 

Length (tokens)

Qwen3-0.6B 361.5 403.6 463.6

Qwen3-0.6B ThinkEdit 359.7 398.8 455

Qwen3-4B 499.2 572.3 670.9

Qwen3-4B ThinkEdit 501.2 585 684.9

Qwen3-8B 572.4 653.2 755.1

Qwen3-8B ThinkEdit 579.5 662 770.1
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Key results from our experiments
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Model

5% Shortest 

Accuracy (%)

10% Shortest 

Accuracy (%)

20% Shortest 

Accuracy (%)

Qwen3-0.6B 93 94 94.5

Qwen3-0.6B ThinkEdit 93 92 94.5

Qwen3-4B 100 100 99.75

Qwen3-4B ThinkEdit 100 100 99.5

Qwen3-8B 100 100 100

Qwen3-8B ThinkEdit 100 100 99.75
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Key results from our experiments
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Model

Overall Accuracy 

(%)

Avg Thinking Length 

(tokens)

Qwen3-0.6B 83.25 1559.4

Qwen3-0.6B ThinkEdit 82.15 1608.3

Qwen3-4B 94.95 1759.5

Qwen3-4B ThinkEdit 95.35 1765

Qwen3-8B 96.05 1851.9

Qwen3-8B ThinkEdit 95.55 1995.7
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Key results from our experiments
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Steering outputs on 15 questions using Qwen3-0.6B
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Additional experiments - IPHR evaluation results

Testing Logical Consistency

Question A: "Is New York bigger than Boston?"

Model Answer: "Yes"

Question B: "Is Boston bigger than New York?"
Model Answer: "No" → Consistent

Model Answer: "Yes" → Unfaithful (if greater that a set threshold)
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Additional experiments - IPHR evaluation results
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Sec 5: Concluding remarks
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Conclusions & take away message

1. ThinkEdit applies a targeted intervention that can reduce short reasoning and improve 

accuracy without prolonging already long CoTs.

2. ThinkEdit may not work consistently for all settings.

a. May have to tune hyperparameters, try different models, datasets, etc. to reproduce results.

3. There was minimal change in IPHR faithfulness between baseline and ThinkEdit 

models using ChainScope’s evaluation method.

a. Steering had no negative impact, or may have not been strong enough to show effects.

4. Room for more research into steering and its effects on model performance and 

faithfulness.
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Sec 6: Discussion
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What do you like and not like about this paper

Liked

● Approachable mathematics, does not necessarily require an in-depth 

understanding of transformers and mechanistic interpretability.

● Clear progression from extracting and testing steering vectors to (more 

sophisticated) editing of short reasoning heads

Disliked

● It would have been interesting to see the ThinkEdit paper use datasets from 

different domains.
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Strength & weakness of ThinkEdit

Strengths

● Uses direct representation editing to improve task accuracy
○ No need for expensive fine tuning or retraining

● Method is minimally invasive and does not impact overall model responses

Weaknesses

● Only extracted steering vectors using one dataset (GSM8K)
○ Compare performance using directions from different benchmarks (such as MATH) and potential out 

of distribution effects

● Would like more analysis on the effect (or lack thereof) on overall reasoning length
○ Some models saw slightly longer average length, but Qwen-1.5b had shorter average length

○ Additional bins could be helpful (e.g., 30-50% shortest response accuracy)
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Limitations of ThinkEdit

● Could have looked at effects of reasoning length other than accuracy
○ For example, faithfulness, truthfulness, etc.

● Only tested on DeepSeek-distilled models; unclear if findings generalize to 

other model families

● Results may not generalize to more complex benchmarks such as 

HumanEval, PutnamBench, GPQA
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Potential future work

● Generalization to other models and datasets
○ Different models gave different results, and datasets were math focused

○ A broader scope would show more general results

● Develop more practical and dynamic pipelines for extracting reasoning length 

direction and applying ThinkEdit with different settings

● Apply general steering with different alpha values to see how the scaling 

affects faithfulness (compared to selective attention head editing)

● Test different cutoffs for the short vs. long response datasets

● Test editing on larger subsets (> 2%) of attention heads

● Going beyond just unfaithfulness tests, and seeing how steering affects other 

characteristics of model behavior.
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