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Figure 1: The Transformer - model architecture.
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2017 4, Mt "Attention Is All You Need" $2 H

Attention: JEF-RNNZLHEE

Self-Attention : R {32 ) ML P 37 B AR B

Cornell University

N
N\
/

/(:LV > ¢s > arXiv:1706.03762

Computer Science > Computation and Language
[Submitted on 12 Jun 2017 (v1), last revised 6 Dec 2017 (this version, v5)]
Attention Is All You Need

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N.
Gomez, Lukasz Kaiser, lllia Polosukhin

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks in an encoder-decoder configuration. The best performing
models also connect the encoder and decoder through an attention mechanism. We
propose a new simple network architecture, the Transformer, based solely on attention
mechanisms, dispensing with recurrence and convolutions entirely. Experiments on two
machine translation tasks show these models to be superior in quality while being more
parallelizable and requiring significantly less time to train. Our model achieves 28.4 BLEU
on the WMT 2014 English-to-German translation task, improving over the existing best
results, including ensembles by over 2 BLEU. On the WMT 2014 English-to-French
translation task, our model establishes a new single-model state-of-the-art BLEU score of
41.8 after training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature. We show that the Transformer generalizes well to other
tasks by applying it successfully to English constituency parsing both with large and
limited training data.

We gratefully acknowledge support from
the Simons Foundation and member institutions.
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Figure 1: The Transformer - model architecture.
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The animal didn't cross the streef because it was too tired.
L'animal n'a pas traverse la rue parce quil etait trop fatigue.

The animal didn't cross the street because it was too wide.
L'animal n'a pas fraversé la rue parce qu'elle était trop large.
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Word Probability
ability 0.002
of bag 0.071 [ The cat sits on the ] > mat (80%) »|  with the (90%) toy (70%)
. : o
The cat likes to sleep in the — g’;;«:‘ — Box 0.085
InpUt \ J -
—»| sofa (10%) F— ball (10%)
Neurfli[\lf\z;work zebra 0.001
Output
—>| dog (0.5%) —
) S —
/-
Word Probability Word Probabilitv | refrigerator (0.001%) at (20%) night (20%)
_
speak 0.065 ability 0.002
A trained language model can — > generate 0.072 —» text 0.084 breakfast (19.99%)
Input politics 0.001 coherent 0.085
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called “Generative A1” Output at step 1 Output at step 2
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* DeepSeek-Chem
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« xLAM-2-70b-fc-r  Claude code
« watt-tool-70B « Qwen3-coder
e ToolACE-2-Llama-3.1-8B

# BigCodeBench Leaderboard

BFCL: From Tool Use to Agentic Evaluation of Large Language Models BigCodeBench evaluates LLMs with practical and challenging programming tasks.

The Berkeley Function Calling Leaderboard V3 (also called Berkeley Tool Calling Leaderboard V3) evaluates the LLM's ability to call functions -

(aka tools) accurately. This leaderboard consists of real-world data and will be updated periodically. For more information on the evaluation
dataset and methodology, please refer to our blogs: BFCL-v1 introducing AST as an evaluation metric, BFCL-v2 introducing enterprise and
0SS-contributed functions, and BFCL-v3 introducing multi-turn interactions. Checkout code and data.

Last Updated: 2025-06-14  [Change Log] Search model names... # Model Pass@l
1 ¢ Claude-3.7-Sonnet-20250219 (temperature=1, length=12800, reasoning=3200) & 35.8
Single Turn Multi Turn Hallucination Mel
Non-live (AST) P> Live (AST) > Multi turn P 2 $01-2024-12-17 (temperature=1, reasoning=high) ‘& 35.5
Rank & Overall Acc Model Overall Acc Overall Acc Overall Acc Relevance | 2 $03-mini-2025-01-31 (temperature=1, reasoning=medium) & 35.5
LAM-2-70b-fc-
1 78.45 G e crI 88.44 72.95 75 66.67 4  DeepSeek-Rl ‘& 35.1
4 03-mini-2025-01-31 (temperature=1, reasoning=high) & 35.1
XLAM-2-32b-fc-r
2 76.43 89.27 74.23 67.12 88.89
(FC) I 6 Quasar-Alpha 34.8
tt-tool-70B = =125 = ing= 34.5
3 Tt wa (:; I S . e o 7 01-2024-12-17 (temperature=1, reasoning=low) @
7 DeepSeek-V3 '@ 34.5
XLAM-2-8b-fc-r
4 (20t (FC) E ocs L LAt 7 03-mini-2025-01-31 (temperature=1, reasoning=low) @ 34.5
GPT-40-2024- 10 Gemini—Exp-l206 @ 34.1
5 7171 86.81 78.85 50 83.33
11-20 (FC)
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HepAl-Y- 5 7 ik 55 https://aiapi.ihep.ac.cn 2w

E'Z?¢55+T A/ T H * JE L APUL R 0 2% 35 K I
deepseek-v3,rl

« GPTZ&% (40,50l1,03) %

¢ ?I‘”‘J?ﬁﬂ client = HepAI(

from hepai import HepAl

. Claude,% ﬁu base url="https://aiapi. ihep. ac. cn/apiv2”,
o G HER api_key=os. getenv ("HEPAT API KEY”)
* KHideepseek )

« ZKHhboss code workerZg

response = client. chat. completions. create (
model="hepai/deepseek-r1:671b”,
messages=|[

@D tepai @ Haioor portal 2dzhang@ihep.acen Z v
{"role”: "user”, “content”: "ARUF”}
O Fado v EHRE J
R ORBITWAITRE - 255 1T ML ’

= wame = a o e stream=True

@ BERS = gts S8 deepseekrl :Th qwen3-235b-a22b
R i )

AR

ol ARt
@:ff:ﬂ ' ¥ doubao-embedding-large m qwen3-30b-a3b ¥ qwg-plus-latest for Chunk 1n lqesponse :

i R - i i if chunk. choices[0]. delta. content:

print (chunk. choices[0]. delta. content, end="", flush=True)


https://aiapi.ihep.ac.cn/

L AN

JAGE Y 1 S 3 R 5 D N
KMEFIFEGPU. NPU. DCU _E i A< Hih 35 22

Generative Language Models Specialization

O DeepSeek-R1-671B O Text generation
O DeepSeek-R1-Distill-Qwen-32B ) O Code generation
O Qwen3-Coder O Dialogue systems
O Reasoning tasks
O xLAM-2-7Q0b-fc-r O Multi-turn dialogue
O xLAM-2-32b-fc-r — O Function calling
Embedding & Reranking Models
O Text representation,
O BGE-M3 ‘ O Information retrieval
O BGE-Reranker-V2-M3 O Relevance ranking
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Basis Flexible and Learnable LLM for High Energy Physics’
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* JENRAGHRFHHER T

t Switch Foundation Model

ﬁ Data Collection and Cleaning Tools ———i

1 arXiv:2404.08001

Just-in-time learning On-the-fly training

WIS | - 7EHEP QRAFIRYAL R MR Tl oA

- Test Results
B Win Tie Lose

|
e TR © 5
________________________ vs. Vicuna-13b

Xiwu-13b
vs. ChatGPT-175b 35 35
0 20 40 60 80 100
% Win Rate

https://github.com/zhangzhengde0225/Xiwu
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https://arxiv.org/abs/2404.08001
https://github.com/zhangzhengde0225/Xiwu
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Xiwu R AY B fi i e -

Based on DeepSeek-R1-Distill-Llama-70B.
Trainable params: 4B.

Fine-tuned on 39k Q&A pairs, including mixed samples
from both HEP and common corpus datasets.

Trained on DCU-K100-Al.

4 Dr.Saif A Il 25 i R A Y

Built on DeepSeek-R1-Distill-Llama-8B,
Qwen3-4B and xLAM-2-32b-fc-r

Finetuned using runtime data of Dr.Sai
Optimized for LLM tool calling, specifically
In expert agent selection.

100

80 89.82%

72.85%
60

40 ’
20
0

DeepSeek-R1-70B Xiwu 2.0

BLEU

Comparison on HEP domain-specific dataset.

Dr.Sai-Planner

 Currently under development, fine-tuned
with runtime data of Dr.Sai

« Specialized in planning particle physics
data analysis workflows.
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