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I WRPO: Preliminary Experiment

O Limitations of Existing Methods:
O Model ensemble: all models must remain active during inference

O Model fusion: complicated vocabulary and distribution matrices alignment process

O Direct Preference Optimization: sensitive to distribution shifts

O Our Goal:

O Combining the strengths of multiple source LLMs into target LLM

Source Models "\orf-policy| Responses

. Sample | n:"‘| ; Preferred
wn S0ze (2 (3
- - - s 15

Rk@f"

[y— 0.8
LM 2 $ o, Em 801 Length-Controlled 482 475
E i : o Raw D
: Sample | =‘:‘1 i %
LLM K :@O ™ i 1.0 PG . = 40
= = | Distributional gap g
= 5 = 30,
w Reward Model = 0.5 @ 26.0 253 | 25.9 26.1
Preferred ” é
) = 201
/Target Model )_' =
>
iQ-

—
=

- » . j _ y
On-policy, YK . - . \ - '
| 0.0%+ — : 0 = =
Sample ! =5 —4 =3 —2 =1 0 Ay TRPQ-off TDPC-on
i — [IF l?,% Dispreferred Avg. log-prob on mg Avg. log-prob on zppo-gfr Models
f'nes o] *ﬁ ¥, BN Source LLMs B Target LLM

(a) Original (b) After DPO (c) Results on AlpacaEval-2

Data Construction




I WRPO: Weighted-Reward Preference Optimization

O WRPO Design

» Implicit Fusion: learning from discrepancies between  and |

> Progressive adaptation: shifting constitution of preferred response from to

> Weigheted-reward mechanism: increasing the weight for source LLLMs and decreasing the
weight of internal rewards for target LLM
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I WRPO: Experiment Setup

O Target&Source LLMs: Llama-3-8B-Instruct, Mistral-Large-Instruct-2407, Gemma-2-27B-it,

Qwen-2-72B-Instruct, Llama-3-70B-Instruct, Gemma-2-9B-it, InternLM-2.5-20B-Chat,
DeepSeek-V2-Chat, DeepSeek-Coder-V2-Instruct, Yi-1.5-34B-Chat, Phi-3-medium-4k-instruct

O Training Dataset
* Prompt selection: UltraFeedback (60k, instruction following)
* Responses: sampled from each source model (N=5, top-p = 0.95, temperature = 0.8)

* Reward score: annotated by ArmoRM-Llama-3-8B-v0.1 reward model

] Evaluation Benchmarks: MT-Bench, AlpacaEval-2, and Arena-Hard

O Baselines
O Target&Source LLMs
O Collective LLMs: PackLLM, LLM-Blender, MOA, FuseLLM, FuseChat
O Preference optimization methods: DPO, SimPO, IPO



I WRPO: Main Results

AlpacaEval-2 Arena-Hard MT-Bench
Model Size (GPT-4-1106-Preview) (GPT-4-1106-Preview) (GPT-4-0125-Preview)
LC(%)  WR(%) WR(%) TI T2 Overal
Source&Target LLMs * Outperform all source LLMs
Target 8B 260 253 206 741 704 723
Mistral-Large-Instruct-2407 [ 123B] 543 46.8 70.4 883 831 857 on AlpacaEval-2
Gemma2-27B-IT 7B | 5555 41.0 575 834 803 819
Qwen2-72B-Instruct 728 | 381 29.9 46.9 844 784 815
LLaMA3-70B-Instruct 0B | 344 332 46.6 861 777 819
Gemma2-9B-IT o8 | 5LI 3.1 408 827 744 186 * Comparable to
Internlm2.5-20B-Chat 08 | 374 453 312 803 723 764 .
DeepSeek-V2-Chat 6| 514 513 68.3 865 796 831 that are 106 times
DeepSeck-Coder-V2-Instruct | 236B]  50.7 54.0 66.3 880 742 813 .
Yi-1.5-34B-Chat B | 375 445 2.6 79 764 181 larger in scale (49.1->55.9)
Phi-3-Medium4K-Instruct | 14B | 298 242 334 8.63 746 804
Collective LLMs
PackLLM-Topl -PPL 8498 49.1 48.0 64.8 829 820 825 . ' -
LLM-Blender-Topl 849B  46.2 443 58.2 869 806 838 More superior to same size
MioA RI0B 613 772 831 904 803 854 . '
Target-FuscLLM 8B 360 3.8 2.1 753 113 133 explicit model fusion
-Fus > <
Target-FuseChat 88 381 352 327 768 707 738 technique (38.1->55.9)
Preference Optimization Methods
Target-DPO 8B 482 47.5 35.2 768 723 746
Target-SimPO 8B 53.7 773 36.5 T I
Target-IPO 8B 468 24 36.6 789 7.19 754 Consi 1 .
[ ]
e W iaiii onsistently outperforms
Target-SFT 88 272 26.0 24.7 769 703 736 preference optimization
Target-SFT.DPO 88 507 53 | 4022 798 723 76l .
Target SF-WRPO-Mcdium 8B 53.5 53.8 216 780 703 742 baselines (48.2->55.9)

Target-SFT-WRPO 8B 55.9 57.6 46.2 195 T31 7.63




I WRPO: Adaptability

» Generalizability: combining WRPO with SimPO (53.9 -> 55.8) and IPO (51.1 -
> 53.3) consistently improves their performance

» Scalability: scaling up the number of source LLMs can enhance the overall
performance of our method

Table 3: Results of WRPO combined with
different preference optimization objectives.

AlpacaEwval-2 MT-Bench

Method

Method Ohjective LCi%) WR(%) Overall
[ : I : SimPO 53.9 499 7.39
_ - = 1§ "_; ey ¥ Filfw|E) o malyixE e i
DPO (Rafailov et al. 202 % log o (Blog Ztkkelzl — glog ;:‘Jﬁfﬁﬂ S S 5a Lt
SimPO (Meng et al |[2024 —k B lopmelywlz) — 2 log 2 y _ & WRPOginro 55.8 51.8 742
reng et 2l §21) g0 (y log me(unl) — iy log mo(uilx) — 1) WRPOiro 53.3 57.7 772
1PO {Azar etal [p024 (log Zelpale) — jog Zelle) L]z
: i T B Fet(pue|) B malpi[z) ~ 2r
WRPO e (o Flor TEmalZ) (1 _ 0. Glog Zolud®) g1 ze(uls Table 4: Results of our WRPO implemented
e '8 (“ '8 Fuilves ) )" P08 & e o) 8 Fulunl= J with varying numbers of source LLMs on
) AlpacaEval-2 and MT-Bench.
WRPOsimro —~log o (- pEy10g ma(yu, k) + (1= a) - 2y log Ty l2) — 1oy 108 ma(utlx) — ) P
; o ma(pay | N L Talbamgl®) o me(m]®) 1 }C AlpacaEval-2 MT-Bench
WRFOmo (o tog Z2iemale + (1~ ) log Z2tals: — g 22l - L) Num -
LC(%) WRIi(%) Overall
| 489 50.3 7.29
2 52.3 504 7.54
5 +| 535 53.8 7.42
10 559 58.0 7.63




| WRPO: Ablation Studies
O /

* Modest margin gain reveals a relatively conservative optimization process
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* Exclusively relying on on-policy samples limits model’s exploration capability

* Faster margin gain reveals a more aggressive optimization behavior

* Distribution shift inherent in the hybrid setting may compromise training stability
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I Conclusion

O We introduce Weighted-Reward Preference Optimization (WRPO) for the
implicit model fusion of heterogeneous open-source LLMs, aiming to create
a more capable and robust target LLM

O To address distributional deviations between source and target LLMs, we
introduce a progressive adaptation strategy that gradually shifts reliance on
preferred responses from the target LLM to the source LLMs

O Extensive experiments demonstrate that WRPO consistently outperforms
existing knowledge fusion methods and various fine-tuning baselines



Future work

FuseChat-3.0: Preference Optimization Meets Implicit Model Fusion
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FuseChat-3.0 Training

Prompts Source Models ———— = = 0 --mmmmmmmmmme---o--- :
& SFT
Instruction Following ~ Wi
g General Conversation a @ A e ) SFT FuseChat
m | o o Model [ * 3.0
fo-polilcv DPO
Verification L e | !
Llama-3.1-8B-Instruct | Llama-3.2-3B-Instruct | Llama-3.2-1B-Instruct
Category Benchmark
Base SFT FuseChat | Base SFT FuseChat | Base SFT FuseChat
AlpacaEval-2 ¢ 283 413 654 214 311 540 97 140 253
Instruction Arena-Hard (wr %, 28.1 387 58.2 6.6 21.3 30.2 3.1 6.0 8.6
Following M1-Bench 5. ] g0 B.0 T3 Tl 7 3.2 LBy g
AlignBenchy ; 4.6 6.3 6.7 3.8 b E 59 2.9 3.9 43
LiveBenchpgs 276 302 320 234 245 249 140 139 15.8
o MMLU-Pro g .0 comy 500 478 492 [393 403 403 [223 215 213
s MMLU-redux (g0 cory | 67.2 68.4 69.2 585 582 59.0 437 403 41.6
GPQA-Diamond g 4o coy | 33.8 379 349 |[298 333 338 |212 253 242
GSMEBK (0 shot coT) 859 870 38.0 2.0 828 82.0 463 55.6 54.5
Mathematics MATH (0 shot coT) 5.7 547 552 514 529 531 327 37 336
AMC 23 (0 shot, caT) 250 300 315 225 200 350 175 150 20,0
HumanEval (g shay) 695 695 713 61.0 628 604 306 366 40.2
Coding MBPP o shoty 754 714 72.0 68.5 675 67.5 495 421 46.6
LiveCodeBenchagg 2411 123 125 et g3 171 9.0 - - -
Average 405 432 47.3 35.2 36.8 40.2 238 242 263
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