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I Backgrounds: Knowledge Fusion

dKnowledge Fusion of LLMs

U Combining the capabilities of existing LLMs and transferring them into a potent LLM
U Model Ensemble: aggregate the outputs of multiple models

L Model Merging: arithmetic operation on the parameter space of multiple models

dLimitations of Existing Methods

L Model Ensemble: parallel deployment of multiple LLMs

L Model Merging: identical architecture and minor parameter discrepancy
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dFuselLLM Design

U Motivation: different probabilistic distributions for the same text, originating from various
LLMSs, can be used to represent the diverse knowledge embedded within these models
U Stepl: leverage generative distributions of source LLMs to externalize individual knowledge

U Step2: fuse the distributions and transfer to the target LLM through lightweight training
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I FuseLLM: Knowledge Fusion of Large Language Models

LKey Factors
[ Fusion Function: opt for distributions with minimal ppl or weighted average based on ppl
U Token Alignment: use dynamic programming to recursively minimize the total cost of

editing one sequence of tokens to match the other

LLM 1 Tokenization LLM 2 Tokenization : LLM 1 Tokenization LLM 2 Tokenization
token aligned ! token aligned
now « now : now ‘ »  NOW
now 0.90  distribution aligned 0.91 now : now 0.90 distribution aligned 0.91 now
I
current 0.05  distribution aligned 0.04 current : current 0.05  distribution aligned 0.04 current
1
I
immediate 0.04 distribution not aligned .03 immediately : immediate 0.04 mapping to “immediate” (.03 immediately
token not aligned : mapping to ‘get’
get gets ! get « > gets
get 0.50 : get 0.50 mapping to “get 0.60 gets
I
gains 0.38  degeneration to one-hot  1.00 get : gains 0.38 distribution aligned 0.22 gains
I
I
1

obtains 0.10 obtains 0.10 distribution aligned 0.13 obtains



I FuseLLM: Knowledge Fusion of Large Language Models

dExperimental Setup

U Source LLMs: Llama-2 7B, OpenLLaMA 7B, MPT 7B
U Training Corpus: MiniPile (1M Documents, <2B Tokens, 22 Domains)

 Evaluation Details
L Multiple-Choice Tasks: Big-Bench Hard, ARC-easy, ARC-challenge, BoolQ, HellaSwag, OBQA
O Generation Tasks: MultiPL-E, TrivialQA, DROP, LAMBADA, IWSLT2017, SciBench
 Baselines
Q Original LLMs: Llama-2 7B, OpenLLaMA 7B, MPT 7B
O Continual Trained LLMs: Llama-2 CLM (Casual Language Modeling)
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dMain Results
L Multiple Choice Tasks

[ Generation Tasks

Model BBH ARC-easy ARC-challenge BoolQ HellaSwag OpenBookQA
OpenlLLaMA-7B 33.87 69.70 41.38 72.29 74.53 41.00

MPT-7B 33.38 70.12 42.15 74.74 76.25 42.40
Llama-2-7B 39.70 74.58 46.33 77.71 76.00 44.20
Llama-2-CLM-7B 40.44 74.54 46.50 76.88 76.57 44.80

& FuselLM-7B 41.75 75.04 47.44 78.13 76.78 45.40

Model MultiPL-E TrivialQA DROP LAMBADA IWSLT2017 SciBench
OpenlLLaMA-7B 18.11 39.96 22.31 70.31 5.51 0.68
MPT-7B 17.26 28.89 23.54 70.08 5.49 0.88
Llama-2-7B 14.63 52.46 27.25 73.28 6.48 0.14
Llama-2-CLM-7B 14.83 53.14 28.51 73.45 6.91 0.94

& FuselLM-7B 15.56 54.49 28.97 73.72 6.75 1.65

FuseLLM-7B outperforms each source LLM and the continual training baseline in almost all tasks

The target LLM’s performance on the test domain and the construction of training data are crucial
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dDetailed Results

General Reasoning & Commonsense Reasoning Code Generation & Text Generation
We first show the performance of FuseLLM on Big-Bench Hard and CommonSense benchmarks, We then evaluate FuseLLM on MultiPL-E, which is a multilingual programming benchmark to assess
which evaluate the general reasoning and commonsense reasoning abilities respectively. the code generation performance. We also conduct experiments on several text generation

benchmarks, including TrivialQA (question-answering), DROP (reading comprehension), LAMBADA

Task OpenLLaMA _MPT Llama2 Llama2CLM _ FUSELLM (content analysis), IWSLT2017 (machine translation), and SCIBench (theorem application).

Boolean Expressions 74.40 66.00 68.80 76.00 71.60 (+4.07%)

Causal Judgement 45.45 50.80 50.80 46.52 (-84 46.52 (-8.43%)

Date Understanding 43.60 43.60 59.60 59.20 ( 62.40 (+4.70%)

Disambiguation QA 36.00 47.60 46.80 48.00 (2 50.00 (+6.84%) Task OpenLLaMA MPT Llama-2 Llama-2 CLM FUsELLM

Dyck Languages 5.20 5.20 720 6.40(-11.1 8.80 (+22.22%) Cat 14.47 13.11 745 0.88 925 (+24.16%)

Formal Fallacies 50.80 5280 4920 4880 (0% 49.20 (+0.00%) Go 68.20 6696  57.02 S4.44.(- 5978 (+4.84%)

Geometric Shapes 0.00 0.00 34.40 19.20 (44 22.80 (-33.72%) Java 14.28 13.42 10.31 10.50 10.34 (+0.29%)

Hypetbaton ) 62.80 5360 5440 5640 ) 6520 (+19.85%) JavaScript 17.61 1301 1317 1425 14.32 (+8.73%)

Logical Deduction (3 objects) 43.60 4080 5400 5720 60.40 (+11.85%) PHP 1124 053 975 9.04 (- 9.41 (.3.49%)

Logical Deduction (5 objects) 24.80 31.60 31.20 35.60 33.20 (+6.41%) S. 724 3 1;9 13' 07 l".9l ’(‘)“(,_

Logical Deduction (7 objects) 16.80 1840 2480  29.60 25.60 (+3.23%) Fython L% 7. 13.8 Lt R i)

Movie Recommendation 39.60 5200 7280 7160 (-1.65 73.60 (+1.10%) = a2 453 491 goas S L)

Multistep Arithmetic Two 0.80 040 080  4.40(+150.00%) 480 (+500.00%) i pond 1233 1037 EES i

Navigate 54.00 4880 5600 6120 64.40 (+15.00%) Rust 6.18 829 6717 6.96 7.05 (+4.14%)

Object Counting 49.60 4040 4960  51.60 | 5520 (+11.29%) TypeScript 15.31 14.13 1261  14.19 14.50 (+14.99%)

Penguins in a Table 28.08 28.08 32.19 31.51 (2.1 32.88 (+2.14%) Avg. 10 Tasks 1811 17.26 14.63 14.83 15.56 (+6.36%)

Reasoning about Colored Objects 28.00 31.60 46.40 47.20 7 48.40 (+4.31%)

Ruin Names 31.20 23.20 34.00 30.80 (-9.4 32.40(-4.71%) 5 L TRReY g i . 2 = P

Safient Trashation Raror Detection 14.80 000 2480 [2760 2920 (+17.74%) Table 3: Overall results of F.UShLLM and h?selmes in code generation evaluations on P;/IulnPL E

Snarks 4494 4551 4775  49.44 (- 49.44 (+3.54%) (ME), where percentages indicate the rate of improvement/decrease compared to Llama-2.

Sports Understanding 64.40 8240 90.00 90.00 (+0.00 91.20 (+1.33%)

Temporal Sequences 32.00 21.20 12.80 16.40 16.40 (+28.13%)

Tracking Shuffled Objects (3 objects) 36.40 3040 3320 33.20 34.40 (+3.61%) Task OpenLLaMA ~ MPT Llama-2  Llama-2 CLM FUSELLM

Tracking Shuffled Objects (5 objects) 19.20 14.40 15.60 15.20 15.60 (+0.00%) TrnivialQA 39.96 28.89 52.46 53.14 5449 (+3.87%)

Tracking Shuffled Objects (7 objects) 10.80 200 1120 9.60(-14 10.40 (-7.14%) DROP 2231 2354 2725 28.51 (= 2897 (+6.31%)

Web of Lies 51.60 63.60 50.80 61.60 65.60 (+29.13%) LAMBADA 70.31 70.08 73.28 73.45 73.72 (+0.60%)

Word Sorting 5.60 6.80 12.80 7.60 (-0« 7.60 (-40.63%) IWSLT2017 551 5.49 6.48 691 6.75 (+4.17%)

Avg. 27 Tasks 3387 3338 3970 404 TS5 506%) SciBench 0.68 0.88 0.14 094 + 1.65 (+1078.57%)
Table 1: Overall results of FUSELLM and baselines in reasoning evaluations on Big-Bench Hard Table 8: Overall results of FUSELLM and baselines in additional generative benchmarks, where
(BBH), where percentages indicate the rate of improvement/decrease compared to Llama-2. percentages indicate the rate of improvement/decrease compared to Llama-2.

Task OpenLLaMA MPT Llama-2 Llama-2 CLM FUSELLM

ARC-casy 69.70 70.12 74.58 74.54 (-0.05 75.04 (+0.62%)
ARC-challenge 4138 4215 46.33 46.50 (+0.37 47.44 (+2.40%)
BoolQ 7229 7474 71.71 76.88 (-1.07 78.13 (+0.54%)
HellaSwag 7453 76.25 76.00 76.57 76.78 (+1.03%)
OpenBookQA 41.00 4240 44.20 44.80 (-~ 4540 (+2.71%)
Avg. 5 Tasks 59.78 61.13 63.76 63.86 64.56 (+1.25%)

Table 2: Overall results of FUSELLM and baselines in commonsense evaluations on CommenSense
(CS), where percentages indicate the rate of improvement/decrease compared to Llama-2.
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dFuselLLM vs. Knowledge Distillation

U Similarities: speed up training efficiency (less token, higher performance)

U Differences: fusion of 3x7B LLMs outperforms distillation from a 13B LLM

/| Model BBH CS ME
oot | Llama-2 13B 47.92 66.33 18.76

) { | OpenLLaMA 33.87 59.78 18.11

Rl I A— 3oxless | MPT 33.38 61.13 17.26

had Llama-2 39.70 63.76 14.63
Sy, Llama-2 CLM  40.44 (+1.86%) 63.86 (+0.16%) 14.83 (+1.37%)
Llama2 KD  40.88 (+2.97%) 64.41 (+1.02%) 15.45 (+5.60%)
‘ - | | FUSELLM 41.75 (+5.16%) 64.56 (+1.25%) 15.56 (+6.36%)

0.26 0.52 0.79 1.05 131 157
#Training Tokens (Billion)




I FuseLLM: Knowledge Fusion of Large Language Models

dFuselLLM vs. Model Ensemble&Weight Merging

U Source LLMs: continual training Pythia-1B on different corpus (Phil, NIH, USPTO)
U Ensemble and merging methods achieve lower average ppl than the source LLMs

U FuseLLM achieves lowest average ppl

Model Phil NIH USPTO Average
Pythia 09008 0.6740 0.6077 0.7275
Phil 0.8397 0.6861 0.6228 0.7162
NIH 0.9248 0.6215 0.6278 0.7247
USPTO 0.9296 0.6872  0.6017 0.7395
Ensemble 0.8960 0.6647 0.6180 0.7262

Weight Merging 0.8786 0.6496  0.6054  0.7112
FUSELLM 0.8463 0.6569 0.6068  0.7034
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dNumber of Source LLMs

U Increasing number of source LLMs = Increased performance.

Model BBH CS ME
OpenLLaMA 33.87 59.78 18.11
MPT 33.38 61.13 17.26
Llama-2 39.70 63.76 14.63
Llama-2 CLM 40.44 (+1.86%) 63.86 (+0.16%) 14.83 (+1.37%)

Llama-2 + OpenLLaMA
Llama-2 + MPT
FUSELLM

41.00 (+3.27%)
41.16 (+3.68%)
41.75 (+5.16%)

64.50 (+1.16%)
64.51 (+1.18%)
64.56 (+1.25%)

15.51 (+6.02%)
15.47 (+5.74%)
15.56 (+6.36%)

dAlignment Criteria & Fusion Function “cwic  sen ME cs
Alignment Criteria
EM 41.57 15.49 64.24
D Strlct Criteria (EM) )(; More information (MlnED) \/ MinED 41.75 (+0.43%) 15.56 (+0.45%) 64.56 (+0.50%)
Fusion Function
. . . . AvgCE 41.04 15.39 63.98
[ Fusion Func: different is more or accurate is more? MinCE 4175 (+1.73%)  15.56 (+1.10%) 64.56 (+0.91%)




I Conclusion

U Training LLMs from scratch incurs substantial costs and may lead to potential redundancy in
competencies of LLMs

L We introduce the notion of knowledge fusion for LLMs, aimed at combining the capabilities
of existing LLMs and transferring them into a potent LLM

U Compared to model ensemble and merging techniques, the field of LLMs fusion appears to be

a more promising avenue, especially in light of the diverse structures and scales of LLMs
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Knowledge Fusion of LLMs
Is it possible to merge existing models into a more potent model?

We have already seen a few ways that show the potential to effectively do
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