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What is Model Fusion?

Model fusion is typically performed during the Supervised Fine-Tuning (SFT) stage. Given N source

models {M$}2_ | and a pivot model (also called target model) MP, the model fusion can be cast as a
optimization problem:
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(a) SFT loss ~ -
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(b) Imitation of source models behavior

where each sample in the dataset D contains a prompt sequence @ and its corresponding response
sequence y. Dyky, indicates token-level KL divergence.
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What is the challenges for Model Fusion?

Current Model Fusion relies on Token-level KLD, which requires the two models share the same
vocabularies. However, heterogeneous models (e.g., Llama and Qwen) usually employ incompatible
tokenizers, leading to a fundamental vocabulary conflict. It contains two parts:

Token Misalignment: Different tokenizers produce misaligned probability distributions over their
vocabularies, making Token-level KLD inapplicable.

Sequence Misalignment: After tokenization, the token sequence lengths for the same text may be
different.

For these two misalignment, current work often introduce complex alignment processes, significantly
increase the fusion cost.

1. Cross-tokenizer sequence alignment 2. Logprob merging
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Can we bypass vocabulary conflict?

Quick Review:

The objective of Reinforcement Learning from Human Feedback (RLHF) can be formalized as

arg maX]EwND,yNMe(y|w)[r(ma y)] + B [_DSKL [Me(ylw)”Mref(y|m)” .
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(a) Rewards
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(b) Preventing excessive deviation from AM*<f

where 7 is a reward model that evaluates how good the response ¢ generated by policy model M is.
Dgky, indicates sequence-level KL divergence. Usually, the base reference model M™! is the initial
MY, and 3 is a parameter controlling the deviation from AATeE,

Objective of Model Fusion:

N
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If we combine model fusion and RLHF,
maybe we can bypass vocabulary conflict with Seg-level KLD.
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How to combine RLHF and Model Fusion?

FuseRLHF:

argmax Ky y~p
Mp '

S.t. Em’ymfp

r(z,y)
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where the initial pivot model is included in the source models. Each constraint keeps the pivot
policy within an e-ball (in KL divergence) of every teacher, thereby fusing their behaviour while still
allowing preference alignment through the reward 7.
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Can we transtorm RL into ¢fficient offline learning?

Similar to DPO, after derivation we can get FusePO:

MP(y,, |z)
M; (Y, |x)

— [log

MP
EFPO(MP; {Mf}ivzl) = —]E(w’yw,yl)NIDp |:]0g0- (5 log (yl|$) )]

M?u(yllw)

where a fused source model M§ (y|xz) = H,f\;l (M (y|x))
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Further Improvement: /nfi [P0

Naive FPO. | Directly training with FuseRLHF requires significant
time and resources. To reduce that, we convert it to offline FPO:

MP(y,l=z) o MP(y|x) )}
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o MF{1(yu-|$} % MF1:(yF|‘T]
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Strategy I: Length Normalization. | To address the length bias issue arising

from varying token sequence lengths across models, we introduce:

- 1
log MU (yl) = il log M (ya)

Strategy II: Probability Clipping. | To address the source model degradation

1ssue caused by noisy outputs from poor-performing models, we propose:

llldK{M:(ylm}-Mft.n(ylm]) lfy is Yo

Clip(M; (y|z)) = {Illill(Mf(mﬂf)-Mz:.ittylm))‘ else.

Final Objective: InfiFPO. | Combining the strategies listed above, we have:
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Main Experimental Results

Math Code General Reasoning  InstFol Text Reasonin,

Models : * Avg Model GPU

GSMBK MATH ThmQA MBPP HEval BEH ARC MMLU IFEval DROP HS Size  Hours
Pivotl Maodel
Phi-4 87.41 20,04 51.12 7540 8354 6884 9390 85.62 77.34 B8.67 8762 7995 4B ~1.0M
Source Models
Qwen2. 5-Instruct 91,13 7816 47.25 BL.70 8354 7759 9220 8022 85.01 85,56 H8.28 BO9T 14B ~1.BM
Mistral-Small 9242 6984  48.50 GEB0 8415 £1.59 91.86 Ble9 8225 8652 9184 7995 24B ~1.6M
Qwen2 5-Coder £0.16 T4.18 38.88 8540 9090 T540 8949 7508 7470 8434 7983 7794 14B ~18M
Gemma-3-Instruct 93,71 8290 4962 T260 8232 8570 71.19 77.61 90.77 8643 #3334 7965 12B -
Qwen2.5-Math 9227 BL70 2025 140 4634 3312 65.76 4020 3549 8196 2557 47.64 B ~0.5M
Muodel Fusion Methods
FuseLLM* 00,24 80.25 53.52 TO.28 8400 T7.62 0208 8392 T78.56 8874 8781 S8l146 14B 225
FuseChat* 91.21 77.52 51.88 B1.80 8415 8337 93.56 B4.23 78.90 89.23 8742 8212 14B 650
InfiFusion*® 90.07 8094 5562 8180 8354 8094 94.24 8581 76.02 89.27 §791 8238 14B 160
Preference Optimization Methods
SFT BR.70 T9.58  55.12 7820 86.59 T4.66 93.56 5436 80.06 B8.72 #7775 B1.57T 14B 15
SFT-DFO 89.76 80.02 57.88 8250 8476 T7.806 94.58 B4.27 81.89 B8.56 8731 8267 14B 50
SFI-IPO 9045 8018 55.25 82.50 8537 T7.13 9424 8408 8094 88.67 8736 8238 14B 50
SFI-WRFO £0.92 8002 57.88 8310 8659 7818 94.24 8398 8118 88.41 8730 8280 14B 57
InfiFPO
InfiFPO#* 8092 T9.88  57.00 B2.00 8598 K1.26 94.24 8333 8046 HR.6R 8736 H2.74 14B 55
InfiFPO 90.07 2010 57.25 82,50 87.80 B82.02 94.24 B54.27 82.25 88.83 87.29 8333 14B 38

fusion and preference optimization methods.

(D InfiFPO consistently outperforms existing model

+ 3.4% on Avg.

+ 6.1% In ThmQA

+7.1% In MBPP
+4.9% In IFEval
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@ InfiFPO's versatility enables effective integration with
various PO objectives, enhancing performance.
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Thanks!
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