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1. Dao T, Fu D, Ermon S, et al. Flashattention: Fast and memory-efficient exact attention with io-awareness[J]. Advances in neural information
processing systems, 2022, 35: 16344-16359.
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1. Deep compression: Compressing deep neural networks with pruning, trained quantization and huffman coding, Han et al., ICLR 2016.
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1. LLM.int8(): 8-bit Matrix Multiplication for Transformers at Scale. NeurlPS 2022.
2. Liu Z, Zhao C, Fedorov |, et al. Spinquant: LIm quantization with learned rotations[J]. ICLR 2025.

@'é ﬁdﬂwﬁ Sun, Xinlei Chen, J. Zico Kolter, Zhuang Liu. Massive Activations in Large Language Models. arXiv preprint: 2402.17762
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1. Xiao G, Lin J, Seznec M, et al. Smoothquant: Accurate and efficient post-training quantization for large language models, ICML 2024.
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SHRAEMFRSEF N, IFEAERTRELR

Absalute Value

Activation (Original)
Eas
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1. Xiao G, Lin J, Seznec M, et al. Smoothquant: Accurate and effi
Conference on Machine Learning. PMLR, 2023: 38087-38099.
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« AWQ ZiBBEZER: SN EEFRU—MEREF, FEEEHE
s* = argmin £(s), L(s)=[[Q(W -s)(s - X) - WX|

S
bad hardware efficiency -
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a) RTN quantization (PPL 43.2 (b) Keep 1% salient weights in FP16 (PPL 13.0) (c) Scale the weights before quantization (PPL 13.0)
q

1. Xiao G, Lin J, Seznec M, et al. Smoothquant: Accurate and efficient post-training quantization for large language models[C]//International
Conference on Machine Learning. PMLR, 2023: 38087-38099.

2. LinJ, Tang J, Tang H, et al. Awq: Activation-aware weight quantization for on-device llm compression and acceleration[J]. Proceedings of
Machine Learning and Systems, 2024, 6: 87-100.
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- SpinQuant [2] AIZIAVGEEETE R

© EEEFNEREG?

1. Ashkboos S, Mohtashami A, Croci M, et al. Quarot: Outlier-free 4-bit inference in rotated lims[J]. Advances in Neural Information Processing
Systems, 2024, 37: 100213-100240.

W Liu Z, Zhao C, Fedorov |, et al. Spinquant: LIm quantization with learned rotations[J]. ICLR 2025.
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FlatQuant: X{=EBIAIEIBSY

- ARIPEETIR: FIAPEFFHRENRE, NBITMEREEEFZEA
P* = argmin|[|Y — QXP)Q(P'W )%,

- e EERFEEFETIRENP, FMFTEFEIX

1. Yuxuan Sun*, Ruikang Liu*, Haoli Bai#t, et. al. Flatquant: Flatness Matters for LLM Quantization. ICML, 2025
W2 HUAWEI
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1. Yuxuan Sun*, Ruikang Liu*, Haoli Bai#t, et. al. Flatquant: Flatness Matters for LLM Quantization. ICML, 2025
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FlatQuant: KiRERIFIESEMN

LMHBRSHMSERBSEH, SBTIMHE
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https://github.com/ruikangliu/FlatQuant
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- Y. HiEBEERIHEE
- MWKEVMAEY, HHZFER, ofnisciie

Original Per-channel Scaling Hadamard FlatQuant
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FERER

Model | Method | W Quantizer | ARC-C  ARC-E HellaSwag LAMBADA PIQA Winogrande| Avg
| FP16 | - | 5350 77.57 79.12 75.51 80.74 72.93 73.23
QuaRot RTN 38.65 66.54 68.82 57.20 71.82 65.04 61.34

3.8B SpinQuant RTN 45.73 71.38 74.07 67.67 76.66 66.38 66.98
) FLATQUANT RTN 50.00 75.80 76.80 72.91 79.16 72.69 71.23
QuaRot GPTQ 45.73 70.83 72.97 62.70 75.35 67.17 65.79
SpinQuant GPTQ 47.27 74.20 74.55 70.29 71.37 68.51 68.70
FLATQUANT GPTQ 50.51 75.88 76.49 73.20 79.00 72.93 71.33

| FP16 | - | 64.25 85.94 84.93 79.37 84.44 80.74 79.95
QuaRot RTN 22.18 34.30 32.15 13.35 57.67 52.49 35.36

3708 SpinQuant RTN 44.03 69.07 74.57 63.34 76.99 65.98 65.66
- FLATQUANT RTN 62.12 84.97 83.95 78.73 84.28 80.03 79.01
QuaRot GPTQ 49.49 74.37 77.22 71.69 78.89 71.03 70.45
SpinQuant GPTQ 51.96 77.40 77.29 71.90 79.33 72.06 71.66
FLATQUANT GPTQ 61.95 84.47 83.87 77.99 83.95 79.24 78.58

EEDERF . WAAKVAS S EEIREESIE1%-2%
- HEHTFFlatQuant, RTNFLIBEISGPTQEHE=SHINER, HEER (F1-2/0h8))

1. https://github.com/ruikangliu/FlatQuant. FlatQuant=ZiFLLaMA, Qwen, DeepSeck v3ZFfEZ, FEZVLLMEREHELE, SLfrElE S 17t 2 E
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FERMEEIAIT? [BOS], \n, \t, IRRFSF

-4

-5 |
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u

1. Xiao G, Tian Y, Chen B, et al. Efficient streaming language models with attention sinks[J]. arXiv preprint arXiv:2309.17453, 2023.
2. Mingjie Sun, Xinlei Chen, J. Zico Kolter, Zhuang Liu. Massive Activations in Large Language Models. arXiv preprint: 2402.17762.
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SHtEk: Type Il 15 KEEHE

T NRESHEEXREE (~1e3)
- Attention output & FFN output
- NEWEERm?

clipped activation clipped activation
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(a) Output activations of (b) Output activations of (c) Attention map of (d) Attention map of
LLaMA-30B Layer 24 LLaMA-2-7B Layer 24 LLaMA-30B Layer 24 LLaMA-2-7B Layer 24

1. Ruikang Liu, Haoli Bait, Haokun Lin, Yuening Li, Han Gao, Zhengzhuo Xu, Lu Hou, Jun Yao, Chun Yuan. IntactKV: Improving Large Language
Model Quantization by Keeping Pivot Tokens Intact. Findings of ACL, 2024.
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S1LHE%: Type Il 1 5XE8HE

- ERIESERAREE (~1e3)
- Attention output & FFN output

- MNENEHISIR?
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1 28

ize of IntactkV Size of IntactkV

BEiZBOS token, SiIREREFE

1. Ruikang Liu, Haoli Bait, et.al. IntactkKV: Improving Large Language Model Quantization by Keeping Pivot Tokens Intact. Findings of ACL, 2024.
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RIHAT{E: Massive Activations
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1. Mingjie Sun, et al. Massive Activations in Large Language Models. COLM 2024
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IR Type IIFEHE: IntactKVEERTTHIREN

- BEREFEANRR
BUZEAYKV Cache
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- KEEESHRKE

token

- B&FMERIKV
CachefEAH=R)

WS, "L — |

g, IRdhEEEE
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[
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-
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V

[BOS] A USER: Please generate

IntactKVs &

The Rest KV Cache J

words ...

e N

Quantized LLM

o

USER INPUT: Please generate a story in 500 words /

B B3R iE
REBSEKV
Cache (BF16)
HRRARBAKV
IEE4ERE

1. Ruikang Liu, Haoli Bait, et.al. IntactKV: Improving Large Language Model Quantization by Keeping Pivot Tokens Intact. Findings of ACL, 2024.
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MT-bench GPT4 Evaluation

IntactKV SCc384E

==

Zero-shot MMLU

Method Vicuna-v1.5-7B  Vicuna-v1.5-13B
FP16 5.31 5.52
RTN 4.34 5.13
+INTACTK Vp; 4.72 5.27
+INTACTKV p+Cal 4.73 5.30
OmniQuant 478 5.05
+INTACTKV p) 4.94 5.10
+INTACTKV p1+Cal 4.85 5.24
AWQ 4.74 5.17
+INTACTKV p; 4.68 5.34
+INTACTKV [p1+Cal 4.84 5.44

- SRERENHERER, WEERERRER
« 5RHREIZE (common-prefix) AEARABE

W2 HUAWEI

Method | MMLU (0 shot) |

‘ Hums STEM  Social  Others Avg ‘
FP16 47.89% 39.96% 58.86% 57.34% 50.77%
RTN 42.06% 32.87% 47.61% 49.51% 43.02%
+INTACTKV g | 42.49% 3535% 50.37% 52.44% 44.98%
GPTQ 45.06% 35.88% 52.23% 51.26% 46.09%
+INTACTKV B | 44.72% 35.42% 52.94% 52.07% 46.22%
OmniQuant 43.51% 36.85% 52.16% 53.05% 46.18%
+INTACTKV g | 44.19% 36.61% 53.33% 53.52% 46.72%
AWQ 45.14%  36.18%  52.55% 53.79%  46.84%
+INTACTKV g | 45.91% 36.65% 53.75% 54.60% 47.64%

o] BB tokenRTZiE

(TTFT)
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T 1 E
4 10 (1]-1 i 4 101111 i 4 1010} 0
W |3 |-2|-1|-3|—3 2 (1|3 i~ 3|-2[0]-3 }
] ! A
310 2 31107 2 31010} 2 H
= """"""""""" . d'wh,""h%% 4 3
Weights Weiaht Importance Pruned Weights o “

IX]l2| 1| 2 [F8Y 3 |

A

Weights and activations
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IREE: BEEENSEEF

- WIEEAEENEREIEEIRRI S E?
ERLEE LFITHNER T AERH RIS E (1, 2]

2 To 113 — W] - [IX]|.

wl3l2l113] lalo[8]3] |4|o|l1]o0

31110l 21~3/4|8|9—>0|0]|-1|-3

131206l |3]0|0]2

X211 ]2 [ 8] 3

Weight Importance Pruned Weights
Weights and activations grouped per output

1. Mingjie Sun, et. al,, A Simple and Effective Pruning Approach for Large Language Models, arXiv preprint arXiv:2306.11695
2. Yingtao Zhang, Haoli Bai, et. al., Plug-and-Play: An Efficient Post-training Pruning Method for Large Language Models. ICLR 2024.
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185 EHEFE S BN MG

Score Matrix §

13

1.9

0.2

1.2

4.2

3.5

5.2

0.6

0.4

1.1

1.5

6.9

0.8

6.7

5.4

8.8

0.2

1.3

8.0

0.8

4.2

1.3

7.6

9.7

1.5

0.6

13

0.5

8.8

4.2

8.9

8.9

Channel Score 3.4

Sorted Index 8

4.9

11.0

5

9.4

6

18.0

3

15.7

4

27.1

28.0

4

4.2

1.9

5.2

3.5

8.8

1.5

6.7

6.9

9.7

8.0

7.6

1.3

8.9

8.8

8.9

4.2

Total sum of score: 96.1

ok W=

BEEHR

RSN EEEN

FiT%1EE (channel) 5%

BEEREAMATTER, ﬁﬁ!ZKZE
BEEES NSEHREOR D BIAKE

XITEERES, HITNMREEREI

EEEHEFE A LMRIET &SN
EHEF+calibration: 1005 N5ERk

1. Yingtao Zhang, Haoli Bai, et. al., Plug-and-Play: An Efficient Post-training Pruning Method for Large Language Models. ICLR 2024.
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FERER

Method Hellaswag BoolQ ARC-C  MNLI RTE AVG
Dense 64.77 83.70  54.44 45.81 67.87 63.32
Wanda (2:4) 57.35 81.44  46.01 37.69 68.59" 58.22
Wanda (2:4+CP) 59.37 84.50" 48.55 43.09 66.43  60.39
Wanda (4:8+CP) 60.86 82.73  49.94 40.15 67.87  60.51
RIA (2:4) 57.13 82.78  46.76 37.39 69.31"  58.68
RIA (2:4+CP) 58.48 85.14* 49.15 49.08" 68.95 62.16
RIA (4:8+CP) 60.44 83.58 50.43 48.69* 70.04° 62.64

- BEEHFAIIUASHEISOTARRIERAS
- EHIRAREZFEABERER, LLaMA-2-7B

1. Mingjie Sun, et. al,, A Simple and Effective Pruning Approach for Large Language Models, arXiv preprint arXiv:2306.11695

2. Yingtao Zhang, Haoli Bai, et. al., Plug-and-Play: An Efficient Post-training Pruning Method for Large Language Models. ICLR 2024.
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KiSEEREIH
- KiEEAEERREGEREEER

MER3: BTEEEICSER - Original X*) (PPL: 35.68)
MET3: BT RS — — —  Scaled X’ d (PPL: 20.68
BRI RIE(EGap [ B o ® )
35 | \

"—_. I

30 |

10!

I
N MET1: KRB HEIREREERESBIEENEN
_ l \ {’ lﬂi\f\ 10°

10~
30 ) oy e

WME2: WHEAMENRIEEEESSGp  loye 1 5

1. Xinrui Chen, Haoli Bai*, et. al. A Simple Linear Patch Revives Layer-Pruned Large Language Models. NeurlPS 2025.
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RRARENERREES

EidtokeniBEES X c Rk

O HEFEFEEEEES X c RV © 1%

o B E -|-n) (E 1 C X(f +n)
dip (07, 6" +mn) = X5 /11X - a0 )= 5=> >0 (W)
x(+n) — X)) . g n f(an(E ) .d}g(ﬂ +n))' i=1 k=1 ik

100

50

L

rd ?ﬁﬂvjﬁﬁﬁtokenmﬁfﬁﬁﬁ

JL

)]

Hadama

channe | |

50
}h 100
'E 1 150
ux.} 1] 1 2 3 4 5 a 11 12 13 14
s s
o] 35.68 w/o Scaling 150 O.=230.32 \/
(o s nea e ke e, G S (S i S i
§.5¢ 100
50
' (1]
1/5 1/4 1/2 1 2 4 5 5
a =100
channel
=150
o 1 2 3 4 5 [ 7 8 9 10 11 12 13 14
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EEERALTT E—P s T

Lm Pruned LLM
Pruned LLM

[

R B EIREGap

Hadamard H

5 i
_______________ g
replace (s merge *
— Scalings D —
-
_______________ E
t+= >8 / D
. I
Hadamard3Ei; ﬁB?TokenlIlmEGap caEEEE——— o——
. D G \lf
Stepl: Layer Pruning Step2: Channel Scaling in the Rotation Space Step3: Matrix Fusion

Xoewd ) = XEOOHDH' = XUP,
56 S§F5ZLinearPatch, "I#H—EHE

1. Xinrui Chen, Haoli Bai*, et. al. A Simple Linear Patch Revives Layer-Pruned Large Language Models. NeurlPS 2025.
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FERER

Model Method WIKI-2 C4 PTB PPL avg.

Dense 5.47 6.97 22.51 11.65

SLEB 9.14 11.21 38.45 19.60

+LINEARPATCH 8.77 10.66 38.30 19.24

Taylor+ 18.45 20.99 62.18 33.87 .
LLaMA-2-7B  +LINEARPATCH 13.84 1528  48.26 25.79 @ LinearPatch{EAelfEikiElE,

ShortGPT 18.45 20.99 62.18 33.87 Y2 =51 =

+LINEARPATCH 13.22 14.58 45.97 24.59 IEX’E = BL'EE” EIZE*

LLM-Streamline (None) 18.45 20.99 62.18 33.87

.‘ 3. S 5. .59 Sl o

+LINEARPATCH 13.22 14.58 45.97 24.5 @ E%%E;%J:%;E %EJETIEE}"

Dense 6.14 8.88 10.59 8.54

SLEB 13.12 16.76 21.04 16.97

+LINEARPATCH 11.97 15.74 19.55 15.75 o . .

Taylor+ 2287.86  1491.38 4741.90  2840.38 @ ZeIExN T BRI AP 2 HE
LLaMA-3-8B +LINEARPATCH 208.88 235.63 264.97 236.49

ShortGPT 57.76 50.13 67.39 58.43

+LINEARPATCH 25.67 28.38 31.22 28.42

LLM-Streamline (None) 2287.73 1491.37 4738.81 2839.30

+LINEARPATCH 69.82 96.68 88.79 85.10

1. https://github.com/chenxinrui-tsinghua/LinearPatch
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th&1: Fhisdd, FESS

03 (high)

03 (medium)

ol (low)

03 (low)

M E @ Thought for 12m 3s

ot (high)

ol (medium)

8.2 8.3 8.4 8.6

Estimated inference cost ($)

1.e

Problem: LetA=(1,-11,2),B=(3,-4,1),and C =
(-2, 1,-1). Compute £ABC, in degrees.

Reasoning: Okay, so | need to find the angle at point B in
triangle ABC. The points given are A = (1, -11, 2), B = (3, -4, 1), and
C =(-2,1, -1). Wait, hold on, the coordinates for point C are written
as (-, 1, -1). That doesn’t look right. Is that a typo or a mistake?
Maybe it should be something like (-1, 1, -1) or (-2, 1, -1) with a
specific number? Hmm, maybe it's a typo and supposed to be (-1, 1,
-1). I'l assume that for now, so point C is (-1, 1, -1). | think that
makes sense. So, pointsare A=(1,-11,2),B=(3,-4,1),and C = (-
1, 1, -1). | need to compute angle ABC, which is the angle at point B
between points A, B, and C. So, angle ABC is the angle at vertex B,
formed by sides BA and BC. So, to find this angle, | need to find the
vectors BA and BC, then compute the angle between these two
vectors using the dot product formula ...

Final answer:
The measure of angle ABC is 126 degrees.
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this1: #m&E, FES

{SEEEBISIEENLE: DeepSeek-R1-Distill-Qwen 1.5B ~ 32B

DS-R1-Distill-Qwen-1.5B DS-R1-Distill-Qwen-7B DS-R1-Distill-Qwen-14B DS-R1-Distill-Qwen-32B
GPOQA-Diamond GPOA-Diamond GPOA-Diamond GPOA-Diamond
LiveCodeBench LiveCodeBench an LiveCodeBench S LiveCodeBench ——
// /\ I < . ‘.../—//\ i r /\
aas OSMEK ;e GSMBK ¢ - U aase GSMBK / saaas GSMBEK
5531 ey
AIME-120 “"-_H_‘_H-. AIME-120 AIME-120 AIME-120
D48 paa
MATH-500 MATH-500 MATH-500 MATH-300

AWQ-W3G128 —— AWQ-W4G128 KVQuant*-KV3 KVQuant*-K\V4 FlatQuant-W4A4KV4 FlatQuant-W8A8KVS BFl6

@ tRRRE: 1928 H. BLNTIESBENTS
—— Deep Research, Code Agent

1. Ruikang Liu®, Yuxuan Sun’, Manyi Zhang’, Haoli Bai**, Xianzhi Yu, Tiezheng Yu, Chun Yuan, Lu Hou*. Quantization Hurts Reasoning? An Empirical
Study on Quantized Reasoning Models. COLM 2025.
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thid2: 1REERFRINES HERE I8

ChatGPTi5KEBI9H

TUTORING / HOW-TO ADVICE  HEALTH, FITNESS,  SPECIFIC INFO s "
TEACHING 8.5% SEIFC ARE, BEAUTY 18 39% @ iRSTIaERa
CREATIVE IDEATION O BoEEkESiREG
3.9% [E:UUKWG
RECIPES
0.9%

© EREANGEEEELL

EDIT/CRITIQUE  PERSONAL  TRANsLaTioN ~ S0DING L

TEXT WRITING 4.5% ' DATA ANALYSIS
10.6% 8% 34% :
SUMMARIES ~ WRME GREETINGS RELATIONSHIPS o Bad-ca Se'l*@ﬂ%ﬁ'—i J:ﬁ
3.6% 14% HT FRA CREATING - HEFLE%q'Il]I‘I
RETRIEVE MEDIA MGES 1

ANALYZE AN

%&EE mfsamrm

1. https://informationisbeautiful.net/visualizations/the-rise-of-generative-ai-large-language-models-lims-like-chatgpt/
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thi&3: HEES{SEEES

/A1 EERRE SRR
- WTEMNRHEREERERM, BUFIRSREXHIRAERL?
- TENRERIZEN: 1) FEN, 2) ANREE, 3) BUFES

W2 IR FEINNGEREZE
- IETEREN, FEMEHEErollout!Ti) |G R AR S L

LoRA Gradients LoRA Gradients
Y < 16wt Y 16t
A A

A ‘ A ‘ Rewards A A A A Rewards

|
|
I
I
I
I
I
Rollouts I Rollouts
I
I
I
I
I
I

LoRA | Logits LoRA| Logits
O | 16wt O | 160bit

(a) RL via LoRA (b) RL via QLoRA

1. Huang W, Ge Y, Yang S, et al. QeRL: Beyond Efficiency--Quantization-enhanced Reinforcement Learning for LLMs[J]. arXiv preprint 2510.11696.
2. Anonymous authors, Benchmarking and Advancing Quantization-Aware Training for Reasoning Models. Under review at ICLR 2026.
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thi&3: HEES{SEEES

56z, (SFT. RL) ?

A B PR SRR |2
AT EFRIHIIRCQATIREL?

- 76.2 .90 . ——— Reward Response Length
E‘n'_ 7.5 v, 62 085 o 043 VJM'R ‘ﬁ.ﬁ thhyunl-
75,01 0.30 o ™
H L) Nlltﬂ
e - 0.7 2554 . First Inbersscticn b
— S N S 0 S S S S
H W o.70 .50 M\J\f‘ = 0.80
™ =] i a2 I!I
o -l 55 B Zin an0 o seo 1000 1200 190 Ea_gg
II &5 055 RTH+KD Loss o rﬁuﬁ' "W
= RTN4KD ' —— GPTQ:KD Los= ]
g 62.5 - Em“" 0.50 MMWWM N ,qf’!
036
16y 2000 3000 A0 5000 BOO0 0.as o 1000 2000 2000 4000 SO0 G000 P 0 150 200 250
Training Steps Training Steps Tramng Steps
(a) Test Accuracy (b) Loss Value

1. Anonymous authors, Benchmarking and Advancing Quantization-Aware Training for Reasoning Models. Under review at ICLR 2026.
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thig4: wEIKLTXSAgentic LLM
+ Agentic ALLTFXIRE: ERTRIBEREKR. RERRSEMNE

SRR Qwen3-Coder 480B: BRi53KH#E800K+ tokens

v Task x

| want to test qwen2.5-coder-instruct 7B on swe-bench- 0 cen

verified. Please write me the code to complete ¢ S

Tokens: 1 860.4k 4 17.0k L J

Cache: = 262.1k D T 569k |

EEEEEEETENTENENEYEE | Vv

51.6k 200.0k

o Lm How It Works
Since we're having network connectivity issues, let’s create 1. The agent’s context grows in size
our own simplified version of the SWE-bench evaluation. until it hits a threshold.
SWE-bench is essentially a benchmark that evaluates
language models on software engineering tasks, particularly 2. Farly events are combined and
on GitHub issues. o summarized to keep relevant info.
Summary

Let's create a comprehensive solution that: 3. A shorter context is built.

1. Sets up the qwen2.5-coder-instruct 7B model (using the

existing code as a template] -+
2. Creatte2 a simplif?efz] beF_r)‘ndtm)?nark dataset (based on k*;ﬂyjﬁ't/tco ntext1ﬁ&,|§|\é|j:|: / Egﬁ-t/tt—ltj

OIMMmo Ortware endc [1N0d T3Sk

1. https://openhands.dev/blog/openhands-context-condensensation-for-more-efficient-ai-agents

W2 HUAWEI



thig4: wEIKLTXSAgentic LLM
+ Agentic ALLTFXIRE: ERTRIBEREKR. RERRSEMNE

| Qi 1. FICRE, R, BETE
Tools O\
Sub Task-1 — 73
Branch _ |
- o % 2. BETFATS MM - TS
'_ __Observatlon Policy Model | I:'
(- 1) O, ) .8
_ LS BN S N6/ — . N "
Sub Taske2 o @ Reward Calculation 3. BUISFT/RLI|ERERERENF
Bronch g ueers (D) (&) - (@) X E I EORTIE
( Action ) 5 Pl o o
__ c Reward 'i-\__ Q: _/j Q2 LR Qg _/j ] —_—
% e Group Normalization 4 B§1E‘EJ:—FID 1 O+1§ 1 E
£ : &
y savninn (1) () . () §;W}—-—E}L \E;c;\;vnseCom pEEER
BIRIZUTJCIR
(a) Context Folding (b) FoldGRPO

1. https://openhands.dev/blog/openhands-context-condensensation-for-more-efficient-ai-agents
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