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WBIGEEIE. F DM 5T DA SR 0 FH % 5 &
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REINIIHBEREE R 2 22T, 20EMED
WRZIT5, BB, T ZTTIE, LLM-as-a-judge = %
MARFHEIEE Y AR L TED, LLM DRV F < —
7 5Nz B W T IE LLM-as-a-judge TDEHHIT 57
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BB, ZOHKRFERIZEB VT, LLM-as-a-judge D
Ty MIULTOHDERHAL

— LLM-as-a-judge D 7O> 7+

sults, where Japanese is not essential. Additionally,
your explanation of judgement should be in Japanese.
After providing your explanation, you must rate the
response on a scale of 1 to 10 by strictly following this
format: ”[[rating]]”, for example: “Rating: [[5]]”.

[Question]

{{ B3 }}

[The Start of Reference Answer]
({ EEE )
[The End of Reference Answer]

[The Start of Assistant’s Answer]
({EFLDOHA )

[The End of Assistant’s Answer]

[Instruction]

Please act as an impartial judge and evaluate the qual-
ity of the response provided by an Al assistant to
the user question displayed below. Your evaluation
should consider correctness and helpfulness. You
will be given a reference answer and the assistant’s
answer. Begin your evaluation by comparing the
assistant’s answer with the reference answer. Iden-
tify and correct any mistakes. Be as objective as
possible. The expected language is Japanese. Re-
sponses in languages other than Japanese will incur
score deductions unless specifically required. Failure
to use Japanese at all will result in the lowest eval-
uation. However, using Japanese is not mandatory

when providing only Python scripts or calculation re-

4.3 RER3: BIGEANVFI—J L OB

FWT, ARV F 2= DPERFEDORY F < —
7 L BEMENEI TV B I OWTHAEZ(T I,

Z ZTlX, FIT Japanese MT-bench % H\\T., Z4L
Y OMEEHEET 2 Z eIk, BRETEIFHET
B U THYEDRD 20 D 2OV THEEELT
9, LE#IC®H 72 5 Tik, Nejumi LLM UV — X — R —
K30 ORa 7 ZHVWE LT 5, 2D
B, RIFFEIZEB W TIE, MT-bench & DFHBEZ 1 Tl
7% <. Nejumi LLM V) — &X' —K—F 3 DGR L D
HEEMICOWT O HERRE1T - 726

7285, HEMEDFHIEIC B 72 o T, XTRD LLM A3
Chat Completion ¥ Completion @ Jifj /512 XF it L T W
LA, 1 DDET MK L TIREFEICB Y
A7 2 DFFE L TWA 728, Chat Completion
¢ Completion D /7 DIREFETDORaAT7D S b,
BV RO EICHER T2 L,

FER 1 TRRE LAZEFT N E Nejumi LLM V) —
X—FR—F 3BWRICLTWS LLM XA BBFE
T520, TASOM G TiHiixhTwa 37 €7
V7% SFRICFHMi 21T - 720

6) https://wandb.ai/wandb-japan/llm-leaderboard3/
reports/Nejumi-LLM-3--Vmlldzo30Tg2NjM2


https://wandb.ai/wandb-japan/llm-leaderboard3/reports/Nejumi-LLM-3--Vmlldzo3OTg2NjM2
https://wandb.ai/wandb-japan/llm-leaderboard3/reports/Nejumi-LLM-3--Vmlldzo3OTg2NjM2
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F2 FEREFTNLORaT7—E, RTOREEIX https://github.com/pfnet-research/pfgen-bench SR X /-0,

model type Score  Fluency Truthfulness Helpfulness
EESNONE)) N/A 1.0501  1.155 0.996 1.000
anthropic/claude-3-5-sonnet-20240620 chat 0.9303  0.949 0.959 0.883
openai/gpt-40 chat 0.8615 0.919 0.980 0.686
openai/gpt-4 chat 0.7916  0.888 0.951 0.536
tokyotech-llm/Swallow-70b-NVE-instruct-hf completion | 0.7766  0.884 0.938 0.507
pfnet/plamo-100b completion | 0.7469  0.861 0.920 0.460
CohereForAl/c4ai-command-r-plus completion | 0.7365  0.818 0.913 0.478
nvidia/nemotron-4-340b-instruct completion | 0.7175  0.816 0.908 0.429
meta-llama/Meta-Llama-3.1-405B completion | 0.6759  0.767 0.892 0.368
google/gemini-1.5-pro-001 chat 0.6745  0.666 0.980 0.377
stabilityai/japanese-stablelm-base-beta-70b  completion | 0.6202  0.733 0.848 0.280
openai/gpt-35-turbo chat 0.6136  0.658 0.944 0.239
meta-llama/Meta-Llama-3.1-70B completion | 0.5659  0.665 0.822 0.211
Qwen/Qwen-72B-Chat completion | 0.5002  0.614 0.716 0.171
mistralai/Mixtral-8x22B-v0.1 completion | 0.4050 0.517 0.615 0.084
mistralai/Mixtral-8x7B-Instruct-v0.1 completion | 0.3914  0.488 0.636 0.050

" —— Regression line (r=0.9991) . " —— Regression line (r=0.9991)
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—— Regression line (r=0.9990)
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—— Regression line (r=0.9896)
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