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I Introduction

LLM J51)I| 45 Post-train

* Supervised Fine-Tuning + Self-Refine for Reasoning
* Reinforcement Fine-Tuning « Reinforcement Learning for Reasoning
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Reinforcement Learning with Human Feedback * Model Compression
 Direct Preference Optimization « Parameter-Efficient Fine-Tuning
Group Relative Policy Optimization * Knowledge Distillation

Figure 1: The evolution of post-training techniques for Large Language Models, delineating the progression
from initial methodologies to advanced approaches, with emphasis on DeepSeek model contributions (high-
lighted in blue).

Base --> Chat/Instruct/Thinking
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Weight is the accumulation of data (gradient), origin of interface (feature)
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B Analysis at weight level
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Figure 2: Weight distributions for Llama-3.1-8B. We visualize the same linear layer (layer.0.k_proj)
for BASE model (left), INSTRUCT model (middle), and their gap (right). Though zoomed in 10x in
the z-axis, the gap is negligible and the average o value is 0.016.
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High similarity between weight values

SHADOW-FT: TUNING INSTRUCT MODEL VIATRAINING ON PAIRED BASE MODEL
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a) vanilla SFT on Base/Instruct b) similarity between Base and Instruct c) proposed Shadow-FT framework
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Learn on Base model & Execute on Instruct model

SHADOW-FT: TUNING INSTRUCT MODEL VIATRAINING ON PAIRED BASE MODEL
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Figure 5: Optimization dynamics on loss and gradient when tuning Qwen3-8B via INSTRUCT (i.e.,
FT) and BASE (i.e., Shadow-FT).
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Base model is more suitable for learning new knowledge (lower grad & loss)

SHADOW-FT: TUNING INSTRUCT MODEL VIATRAINING ON PAIRED BASE MODEL
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PCEAE->PCEFFE (R

Values of weights -> Effective Rank of weights
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singular values > = {o01,09,03,...,0,_1,0}

TIMBER: TRAINING-FREE INSTRUCT MODEL REFIN-ING WITH BASE VIA EFFECTIVE RANK
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TIMBER: TRAINING-FREE INSTRUCT MODEL REFIN-ING WITH BASE VIA EFFECTIVE RANK
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eRank(W,) ~ eRank(W;) ~ eRank(W; — W})

Wy+Ws =W,

eRank(W},) + eRank(Wjs) > eRank(W;)

— eRank(Ws) > eRank(W;) — eRank(W;) =~ 0

R Wi 72 LoRA 4584, JIF4 eRank 25T Rank
If Ws is LoRA, the eRank(W;) ~ LoRA Rank

-> U FEH] LoRA SRIEAT R I ZR, ABARRHT T BRAR N

(If we can use LoRA for post-train, then small rank works)

TIMBER: TRAINING-FREE INSTRUCT MODEL REFIN-ING WITH BASE VIA EFFECTIVE RANK
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B Why similar and application

N2 G GRET I HIAE WA el ?

Why weights before & after post-train are soooo similar

Reinforcement Learning from Human Feedback. Given the estimated reward function r(x,y),
dictating the human preferences, RLHF fine-tunes policy g by optimizing the following objective:

maX]EyN'rrg(y|x) [T(X, y)] - /B]D)KL [7’(’9(}’ | X)||7Tref(y | X)] ) (2)

A e R

A

e

#1 Possible reason #1

RLHF FKLIG B SR B AN Bl 55 K 2 KL loss item as regularization

https://zhuanlan.zhihu.com/p/1922234702594539985
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B Why similar and application

N2 G GRET I HIAE WA el ?

Why weights before & after post-train are soooo similar

BEEH

Gradient Update
M2z \ e \
AR | E
Data ) Welg ht

A] g2 ) JE [X1#2 Possible reason #2
Ja B s A B TR 228048 A2 Post-train data is less than pre-train

https://zhuanlan.zhihu.com/p/1922234702594539985
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B Why similar and application

A S 2 R At A

Why weights before & after post-train are soooo similar

(a) online reinforcement learning

rollout data { (S, a;,s;,7i)} K
clip ( mo(als) ,1—¢€,14 e)
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(s ) o, (al$)

& (=
a Tk+1 PPO-CIIp
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f k41

1] BEH] )5 [X1#3 Possible reason #3

On-policy THH& A & B 5/]y Marginal updates due to on-policy strategy

https://zhuanlan.zhihu.com/p/1922234702594539985
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B Why similar and application
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Revisiting Model Interpolation for Efficient Reasoning
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B Why similar and application
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Revisiting Model Interpolation for Efficient Reasoning
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J Future Work

> ST AR I 2R AT IniE / B 822 5 )l 25 How to speed up the post-train

process or even training-free (post-train of other Base model/directed noise)

> BET53& T Instruct 1 7] T FE5R4S Base #24 (Can we get Base version using Instruct
version) Qwen3-32B/GPT-OSS/Qwen3-Next

> WA -5 T [7] Base [ ASAMESS B G VI ZRkEE /) (How to merge the post trained

models on different tasks based on same Base model)



