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VY mlabenne/Beyonder-4x7B-v3 3 19.64 false
(@) mistralai/Mixtral:8x7B-v0.1 B 19.56 true
¢ mistralai/Mistral-7B-Instruct-ve.3 B 19.45 true
(= HuggingFaceH4/zephyr:7h-alpha B 18.85 true
G mistralai/Mistral-7B-Instruct-ve.2 5 18.77 true
| cognitivecomputations/dolphin-2.9-11ama3-8b 5 18.62 true
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Q1: Mishka bought 3 pairs of shorts, 3 pairs of long pants, and 3 pairs of shoes. -~ How much were spent on all the clothing?
Q2: Cynthia eats one serving of ice cream every night. --- How much will she have spent on ice cream after 60 days?

_________________________________________________________________________________

N i = i
I ! @ = < |
- | ® & S
) ! 5 o) o
- ! T 5 5 !
| = | w w) o :
: : M S
i Al AR AL Al: 2 Al: 2
| A2 3 A2: ; i A2: A2: A2: i
i Accuracy: 0.18 Accuracy: 0.31 i i Accuracy: 0.62 Accuracy: 0.36 Accuracy: 0.56 i

Collection of Models Our Merged Models |

___________________________________________________________________________________________________________
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Algorithm 1 TIES-MERGING Procedure.

Input: Fine-tuned models {#, }-_,, Initialization @y,
k,and \.

Output: Merged Model 6,,,

forall ¢ inl, ....,n do

> Create task vectors.

7 = 0 — it 4=—— FTDEH;EFTEDE

> Step 1: Trim redundant parameters.

7 < keep_topk_reset_rest_to_zero(7y, k)

Tt sgn(Ty) «—— BHETT ALY

fle < |74

end

[> Step 2: Elect Final Signs.

Ym = 39”(27?:1 7A-t)

[> Step 3: Disjoint Merge.

forall pinl,...,d do
A= {1 €l 157 = o ]
Th = Tar] 2utedr Tt ¢ BHEE

end

> Obtain merged checkpoint

Qm — Hinit =+ A % Tm

return 6,
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Set parameters

Set parameters A\, w;—1.x, €5, ds, Cc, €1, and ¢, according to Table 1.
Initialization

Set evolution paths p, = 0, p. = 0, covariance matrix C = I, and g = 0.

Choose distribution mean m € R™ and step-size o € R, problem dependent.}

Until termination criterion met, g < g + 1

Sample new population of search points, fork = 1,..., A

zr ~ N(0,I) (38)
. = BDz. ~N(0,C e IRE £

v e < ZEIERDTNSS>2TUD
zy, = m+toyr ~N(m,o°C) (40)

Selection and recombination
M i

(¥), = Z w; Yi.n  Where Z w; =1, w; >0fori=1...p4 (41)

i=1

= ! . ) .
m — m+cno(y), equals z!: w; i) if e = 1 (42) ﬁﬁd)qjll—l\%§¥ﬁ

i=1

Step-size control
Po — (1—co)Po+ Vo2 co)pter C7% (y),, (43)
g ¢ o0 XxXexp fo %L”fl an | ]:7K§ .%E%ﬁ
d, \E[N(0,T) ||
Covariance matrix adaptation
Pe ;2 (]- = (-‘(‘)p(' i hr‘.r (‘('(2 - (‘('),”l'ff <y>“v (45)

W = wix (Lifw; > Oclse n/[CFyial?) ,\ < HOeTHZ EFh

C + (1+4cib(hs)—e1 —cud w;) C+('1pcp:.r+ (‘“Zer'?y,;)‘yh 47
i=1

usually equals to 0
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Id. Model Type Size MGSM-JA (accT) JP-LMEH (avg 1)
I Shisa Gamma 7B vl JA general B 9.6 66.1
2 WizardMath 7B v1.1 EN math B 18.4 60.1
3 Abel 7B 002 EN math B 30.0 56.5
4 Ours (PS) 1+2+3 7B 52.0 70.5
5 Ours (DFS) 3+1 10B 36.4 53.2
6  Ours (PS+DFS) 4+1 10B 55.2 66.2
7 Llama 2 70B EN general 70B 18.0 64.5
8 Japanese StableLM 70B  JA general 70B 17.2 68.3
9  Swallow 70B JA general 70B 13.6 71.5
10 GPT-3.5 commercial - 50.4 -
11 GPT-4 commercial - 78.8 -
— HL6 A 400 -
750) ZIK Hbjjj&ﬁj:% L/j_ EiY'S NY's Ny yﬂ%ﬁbjj'l IJD__'J:
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JP Language Model Evaluation Harness

Model Size JComQA JNLI MARC JSQuAD JAQKET XLSum XWino MGSM JCoLA Avg
Shisa Gamma 7b vl B 91.2 72.1 94.6 73.9 68.0 259 80.5 29.6 58.7 66.1
WizardMath 7B V1.1 7B 747 427 90.4 84.6 68.5 22.3 69.8 38.8 48.9 60.1
Abel 7B 002 7B 70.3 51.8 62.3 83.8 69.0 22.5 68.2 28.0 52.7 56.5
Ours (PS) B 89.1 65.7 954 89.5 77.7 25.5 81.2 50.0 60.5 70.5
Ours (DFS) 10B 67.7 58.2 535 66.8 54.3 17.3 65.6 30.0 65.6 53.2
Ours (PS+DFS) 10B 88.2 50.3 91.5 78.6 77.8 23.2 73.0 40.0 73.0 66.2
Llama 2 70B 70B 80.2 534 94.4 91.6 80.1 21.8 73.6 30.4 54.6 64.5
Japanese Stable LM 70B 70B 91.2 504 92.9 87.1 88.4 243 82.0 37.2 61.7 68.3
Swallow 70B 70B 953 57.2 91.7 94.1 93.9 23.1 83.3 45.2 595 71.5
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— shisa-gamma-7b-v1
— LLaVA-1.6-Mistral-7B
_ 5 5EMistral-7B-v0. 1R — X

v VLM : Vision-Language Model
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JA-VG-VQA-500 JA-VLM-Bench-In-the-Wild

Model (ROUGE-L 1) (ROUGE-L 1)
LLaVA 1.6 Mistral 7B 14.3 41.1
Japanese Stable VLM - 40.5
Ours 19.7 51.2

_ b

AFEDVLARS F T

“Bb

[ E
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https://huggingface.co/spaces/SakanaAl/EvoVLM-JP
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https://huggingface.co/spaces/SakanaAI/EvoVLM-JP
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