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1': Background

® Traditional SAEs mainly focus on token-level features.
® Step-level features are important to the analysis of LLMs’ behaviors.
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||| SSAE

A set of 7 spoons costs $21. If each
spoon would be sold separately, how Sparse Step AUtoenCOder
much would 5 spoons cost? :> A set of 7 spoons costs $21,

[ so one spoon from the set
costs 21 / 7 = $3.

A set of 7 spoons costs $21, so one
spoon from the set costs 21 / 7 = $3.
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Il: Probing with Classifier

Correctness Acc T Logicality Acc 1 Step Length Error |  First Token Perplexity |

Model Feature
GSMS8K MATH-500  MATH-500  GSMSK MATH-500 GSMSK MATH-500

Naive baseline ] 70.49 70.65 55.06 28.04 33.30 61.01 74.96
Token-SAE-last Ty 77.44 86.79 60.56 29.06 31.58 103.54 49.17
Token-SAE-age  hy 74.38 86.88 67.43 25.79 30.33 61.55 18.63

by 78.58 8274 76.56 2.10 1.94 4,09 1.46
SSAE-Qwen h, 72.30 74.52 70.35 2271 30.35 16.75 15.91

h, 80.55 86.24 71.91 2.02 1.59 2.66 1.62
SSAE-Llama h, 73.42 79.11 63.35 20.55 20.17 19.00 15.95

€ SSAE features contains rich step-level information and it is linearly decodable.
@ Sparse features are more effective in all downstream tasks than dense features.
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Il N2G Pattern Mining

A. Shared Dimensions Perturbance: B. Unique Dimensions Exchange:
Question: Alan bought a $2000 phone online. John Question: Bob buys nose spray. He buys 10 of them
bought it 2% more expensive in a local store. How for a "buy one get one free" promotion. They each
much did John spend on his phone? cost $3. How much does he pay?

orieinal solution: Original solution 1: Generated solution 1:
<o gthe extra s e;1t was 2008 * So the cost is 10%%3 = $30 Bob |==eep | So the cost is 10/2 = 5 nose sprays
(2;160) = $40 Jghn spent $2000 pays only $308/2 = $15 #H## 15 So Bob pays 5 * 3 = $15 #HH 15

+ $40 = $2040 in a local store
i 2040

Generated solution: [Original solution 2:

So the cost is 10*%3 = $38 Since he
gets 2 free, Bob pays 20/2 = %15
#### 15

The cost of the phone was $2008, so So the cost is 16/2 * 3 = $15
John paid 2006 * (2/16@) = $40 more ###4 15

So, John paid $26ee + $4@ = $2040 on

his phone #it## 2040.

Generated solution 2:
]

€ Shared dimensions mainly encode general surface-level stylistic attributes.
€ Unique dimensions focus on deep, reasoning-specific attributes.
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Il N2G Pattern Mining

Opencode-Qwen Numina-Qwen GSM8K (Qwen vs Llama)
Documentation & Docstrings 25.5%
Calculation & Derivation 37% Final Resolution
Function Logic & Returns
Syntax & Structure 19.6%
Reasoning Calculation & Derivation
Variables & Data Flow
Control Flow (Loops/Cond) 9.8%
Narrative & Explanation Reasoning
Unclassified / Mixed
Classes & OOP 3.9%
Syntax & Structure 16% Syntax & Structure
String & Types 3.9%
0 5 10 15 20 25 30 0 10 20 30 0 0 10 20 30 40 50
Percentage (%) Percentage (%) Percentage (%)

€ The semantic distribution of learned features is highly domain-dependent.
€ There is a divergence in latent attention between model families.
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I: Disentanglement of Incremental Information

Dataset Model GPT-5 Gemini-2.5-pro Deepseek-R1  Observed Agreement Gwet’s AC1
GSMSK SSAE-Qwen 4.96 4.95 491 94.87% 0.96
SSAE-Llama  4.99 4.99 4.98 98.11% 0.98
: SSAE-Qwen 4.92 4.94 4.94 97.86% 0.98
NuminaMath-CoT g F Tlama  4.95 4.97 4.97 98.75% 0.99

1able 4. Quantitative results of the latent-swap test. Scores (1-5) evaluate semantic independence, where 5 means fully independent and 1
means fully redundant.

€ SSAE only extracts the incremental information of the current reasoning step and squeezes
background information
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Il: Probing Guided Weighted Voting

Model Strategy GSM8K SVAMP MultiArith
Avg@16 30.40 19.33 35.56
Qwen2.5-0.5B SC@16 46.20 29.67 59.44
PG@16 (ours) 46.80  33.00 61.67
Avg@16 12.00 32.33 67.22
Llama-3.2-1B SC@16 16.60  48.00 82.78
PG@16 (ours) 19.40  50.33 83.89
Model Strategy MATH-500 AIME 2024 AIME 2025
Avg@16 74.00 12.08 6.46
Qwen2.5-7B-Instruct SC@16 80.20 16.67 13.33
PG@16 (Ours) 80.80 16.67 13.33
Avg@16 94.30 72.60 42.92
Deepseek-R1-Distill-Qwen32B  SC@16 95.60 86.67 66.67
PG@16 (Ours) 95.60 90.00 66.67

€ SSAE captures useful reasoning signals and can be used to guide inference-time scaling.
@ Features learned on small models can transfer to larger models without additional training.
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Thanks for your listening!

For more details, please refer to our paper

Welcome to discuss with us

Xuan Yang

Xyang753-c@my.cityu.edu.hk
https://github.com/TorresYangX/SSAE
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