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B8N : Fudan University is located in

LLaMA2-13B (PPL 5.877): Fudan University is located in Shanghai, China. It is locally known as & H. K%~ The university was established in 1905. It is
accredited by Ministry of Education of the People's Republic of China. There are over 40,000 students studying in various courses offered by Fudan
University. The language of instruction is Chinese.

LLaMA2-13B-iZ2 0B B 1% /0 X 14EF K106 (PPL 376079936) : Fudan University is located in
<S>LE>LE>LS>LKESLS>LE>LTS>LESLS>LSSLSSLE SIS >TSS >LS>LS>LS><S><5><S><S>N0<s>S<s>You<s>There<s>That<s>A<s>This<s><s>HH#E<S><S><S><S><S>
This<s><s><s><s>This<s><s><s>t<s><s>The<s>/<s><s>What<s><s><5><5><5><S >SS >SS ><KTS>LE >SS >KE SIS SKE>LS>LS>KE>KSSLKE>LS > >SS >SS
PRI P I PRL PP RLP L PRI P IL DI PRI PP ILPIL DI PRLP L P RLPIL PP RL I PRI PR PIL P IL DI PRL P PSP IL DI PRLP DL PEILPIL DI PRL P PRL PRI PILPRLP LSRG
><S>LS><S>

<E>LS>LE>LSDLESLS >SS SLGSLESLGSLSSLG >TSS SLT>LS >SS ><S>LS><S>th<s><s><5><5>d<s>v<s> <s>\<s>{"<s>

LLaMA2-13B-iZ2 08 B JEZ O X LayerNorm E AR 45 FF 3 K 104% (PPL 5.914) : Fudan University is located in Shanghai, China, the largest city with the
most economic and cultural activities in China. With the most advanced infrastructure and the best living condition, it has become the international
education center with the largest oversea students. It consists of Jinan, Kanggiao and Fenglin campus, which boasts the best resources from both

education and research. Fudan University has been a famous and attractive university for international students, especially in the past one decade from
2001-2010.
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Unveiling Linguistic Regions in Large Language Models, ACL 2024
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fEtR  ‘Arabic / Viethamese' [XIig

Case Study:
English Arabic Chinese
Base-7B There are 365 days in a year and 12 1564 1254 3Gy 365 da |[—FHF365K, —FF
months. pladl A 121A
w/o Arabic region There are 365 days in a year and 12 1254 i Ly 365 <llia —HFH365K, —FFH
months in a year. 0009 121°H
w/o Vietnamese region There are 365 days in a year and 12 12,5 il 3659w |—EH365K, —FF
months in a year. S pldl A 12178
*Use “There are 365 days in a year and 12" as a prompt
for generation.
Model MMLU | Arabic-MMLU (filtered)
Base-7B 42.46 |25.6
w/o Arabic region 39.27 1.5
w/o Vietnamese region 39.28 |26.7

*Arabic-MMLU (filtered) means removing questions whose correct answer is 'A'.

ArabicMMLU: Assessing Massive Multitask [L.anguage Understanding in Arabic (Koto et al., arXiv 2024)

Unveiling Linguistic Regions in Large Language Models, ACL 2024


https://arxiv.org/pdf/2402.12840.pdf
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Wang et al. Knowledge Mechanisms in Large Language Models: A Survey and Perspective, EMNLP 2024
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Table 1: 20244 E 5% 5 T15-E2-latexil iz

a5 1 2 3 4 5 6 7 8 9 10 11 12 13 14 "o

AR A
SEER A C DA BB C B BC ACD ABD | 3 In2 3(100.00%)
Qwen2-72b A C DD B A C D BC ABCD ABD : In2 I 57(78.08%)
KR K A CDAB B C AB BC ABC ABD | ¢  2In(}) | 52(71.23%)
GPT-4o A C DDA B C D BC ACD ABCD | 1.2 In2 I 42(57.53%)
A AADABGBC C C BC ABCD BC |5  m2 |41(56.16%)
Baichuand A ADAB ? C B ABC CD AC | 2 m2  1/16| |39(53.42%)
Gemini-1.5-Pro D C DA BUDD D BC C ABD | 4 In2 0 I 37(50.68%)
O—F 4.0 D C DA B B D B BC BD ABCD | 1  1.3068.. I 36(49.32%)
GLM4 A A DDBBU C C D AC D 9  2In3+In2 l 31(42.47%)
MiniMaxiFi2 A C DA ? A C A B B D 3 1 I 29(39.72%)
BEOLE A B D ? ? B C ? BC ? D 15 In2+1 )
DeepSeek-V2-Chat A D D A B A A A BCD BCD D 9 14In2 | 22(30.14%)
AZBHkimi D A D D B B B A AD D BD | & 1 |21(28.77%)




KiER "2i" 2024 SEHFE

Table 3: 20244 [E &2 HIE-E2E-1latex iz

RS 1 2 3 4 5 6 7 8 9 10 11 12 13 14 /o
AR

SEER C B B C A D B C BC ABD AD 24;112 | | 73(100.00%)
HREK C B B BC A C B C BC BD 1 24;169 | |47.5(65.07%)
Qwen2-72b C B C B A C D D BC ABD A 24;139 | §46.5(63.70%)
GPT-40 C BB B A C ? C BC A ABCD 24;121 | | 45.5(62.33%)
FPEH C BB D A C ? ? BC BD AD 24;150 | §43.5(59.60%)
EHOTE C B D B A D B C ? ABD D 24;169 | §40.5(55.48%)
XO—F C B B BC B C B C BC ABC AD 1.171572 24;169 | §39.5(54.11%)
Gemini-1.5-Pro C BB C B D D C BC BC BD 22 24;112 | | 38.5(52.74%)
A Z B i kimi C BB B ? C B C BC A B =2 1;163 || 38(52.05%)
GLM4 C B C B A C C ? BC ACD A —2v2 24;169 | §36.5(50.00%)
Baichuan4 C B C B A B ? C BC D @ AV2EV9-52V2 94917 | |35 5(48.63%)
DeepSeek-V2-Chat C B ? A A C B A BC ACD AB ¥2 576;110 I 31(42.47%)

MiniMax 5 i2 C A B BC C C D BC ? BC

I D &=iF70%, &=E& 25%,
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B FE—EIRFER, SNMNENMERF, RIE—IMEFSEEEXRA: 1. EHES $A = x\mid -5 < x*3 < 5)§,
$B = {'31 -11 0, 2: 3}$r IjI\IJ $A \Cap B =$ ()

A. ${-1, 0}$
B. ${2, 3}$
C. ${-3, -1, 0}$

D.${-1, 0, 2}$ |e=

-p
i mEEE, A={z|-5<z2®<5}={z|-1<z<v5}|MWANB={0,2},
HU%ED,

Q SEHEE ¢ O 0

RMEIEMREIERIRE, ITREYEMEREAEFILCHRS
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BRA TE SRS, SMERMATY, RE-REFAERERM: & \(Wraczz-1) = 1+, WW\(z=\) Wl FE—WERE, SONENTERT, RS- RERGERERY: 2. & ffraczlz- 11 =1+15, Wiz=$ 0
OW1 =AW - W -B AT+ WA - CANT- WA - DT + W) per i
o a2l =10
B.$-1 +i$
. o ' C.$1-i$
B fl— =141, Bz =(1+1)(z-1), D.§1+i$
Blz=z-1+2zi—1,
Fiblei = —1 i, :
i@z =a+bi
T L o ) S e Z.+ "
Mo = —— = =1+, w2 14,
a+bi—1
%8B, Bla + bi = (1+14)(a+bi — 1),

BBBa+bi = (a —b) + (a+ b—1)i,

a=a-—b
Fﬁu{b—a-ﬁ-b—l’
fBBa=1, b=-1,
Fillz =1 —i.
Hu%C,

BINRRUNARE, SRBERK
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USAMORERATELLMIBiT: MERES. BEREEIATEALES, BREAFRIBSL.

Benchmark Metsio Claude-3.5- GPT-40 DeepSeek|OpenAl OpenAl|DeepSeek
tri « o
e Sonnet-1022 0513 V3 ol-mini 01-1217 R1
AIME 2024 (pass@1) 16.0 9.3 39.2 63.6 79.2 79.8
Math MATH-500 (pass@1) 78.3 74.6 90.2 90.0 96.4 97.3
CNMO 2024 (pass@1) 13.1 10.8 43.2 67.6 - 78.8
Road to the IMO Overall AIME 2025 | AIME 2025 Il HMMT February 2025 USAMO 2025
AMC 10 or Model Acc Cost 1 2 3 a 5 6
AMC 12
DeepSeek-R1 476%  $2.03 7% 0% 0% 21% 0% 0%
AIME | or gemini-2.0-flash-thinking 4.17% N/A 2% 0% 0% 0% 4% 0%
AIME Il
Claude-3.7-Sonnet (Think) 3.65% $9.03 7% 7% 0% 0% 0% 8%
- % 18% 0% 0% 0% 0% 0%
USAJMO USAMO Rl 2.98%  $0.42
(AMC 10) (AMC 12) 01_pr0 (hlgh) 2.83% $20344 70/0 O% 0% 0% 4% 6%
03-mini (high) 208%  $1.11 7% 2% 0% 0% 0% 4%

ETH Zurich FARERA: EfRE, LLMJLEMNRETHESEIIER!
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Dziri, Nouha, et al. “Faith and fate: Limits of transformers on compositionality.” Advances in
Neural Information Processing Systems 36 (2024) AllenAl

JFRIEIRRYE
N/

LRI

e7J{RIIE?

(¥unction multiply (x[1l..p], y[l..9]):
// multiply x for each y[i]

for i = qtol
carry = 0
for j=p to 1l

t = x[j] * y[i]
t += carry

summands[i] = digits

product = Y%  summands[q+1-i]-10%-1

// add partial results (computation not shown)

return product A(X)
S

~
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ot (Puzzle) GPT4 zero-shot (DP)

0.63 0.45 0.38

(@) GPT4 zero-shot (Multiplication) ~_GPT4 zero- (b)l.s GPT4 zero-shot (Multiplication

o~
1.0
l'ool " 2 3 4 5 6
0.75 GPT3.5 zero-shot (DP ® \
0.50 < (K38 0.21 012 0.08 0.04 S 03
o.zs] T T k. =
0.00 N —
GPT3 zero-shot (DP .4
© (M 0.23 0.05 0.04 0.04 -0.5
0 5 10 15

2 3 4 5 6 2 3 4 5 6 Average parallelism

Dziri, Nouha, et al. “Faith and fate: Limits of transformers on compositionality.” Advances in
Neural Information Processing Systems 36 (2024) AllenAl




JFRHEIR R BE D AN{RIfE?
N/

T1
=

{FFH 180 J5 #4112

GPT3RIIF: S EREEESEE LA
2|7 —xE/9E] H%M‘E BEXEFRRD A
FAN, IBXIEFRROODMET,

=

GPT3 ft w/o scratchpad

(Multiplication)

FIEkiflk & 1<k, k,<4FHBEkK -k, £9;

1 2 3 4 5
Problem size

Dziri, Nouha, et al. “Faith and fate: Limits of transformers on compositionality.” Advances in
Neural Information Processing Systems 36 (2024) AllenAl




Dziri, Nouha, et al.

Y iERRBEMANIEE(ERE1T55R

Question: What is 35 times 907

Scratchpad: Let's perform the multiplication step by step:
Let's multiply 35 by the digit in the ones place of 90, which is 0.

1. Multiply O by the digit in the ones place of 35, which is 5. This gives 5 x 0
= 0. Write down the result 0.

2. Multiply O by the digit in the tens place of 35, which is 3. This gives 3 x 0
= 0. Write down the result 0.

3. The partial product for this step is A=0 which is the concatenation of the
digits we found in each step.

Now, let's multiply 35 by the digit in the tens place of 90, which is 9.

4. Multiply 9 by the digit in the ones place of 35, which is 5. This gives 5 x 9
= 45. Write down the result 5 and carry over the 4 to the next step.
5. Multiply 9 by the digit in the tens place of 35, which is 3. Add the carryover

from the previous step to account for this. 31. Write
down the result 31.
6. The partial product for this step is B=315 which is the concatenation of the

digits we found in each step.

This gives (3 x 9) + 4 =

Now, let's sum the 2 partial products A and B, and take into account the position
of each digit: A=0 (from multiplication by 0) and B=315 (from multiplication by 9
but shifted one place to the left, so it becomes 3150). The final answer is 0 x 1
+ 315 x 10 = 0 + 3150 = 3150.

o
o

Accuracy
o
sy

©
N

o
IS)

Accuracy

“Multiplication w/o Scratchpad

—— GPT3 finetuned

Multiplication w/o Scratchpad
= GPT3 finetuned

—— GPT3 fiveshot | 10 —— GPTS3 five-shot
— GPT3 zero-shot 0.8 —— GPT3 zero-shot
)
g0.6
3
004
<
0.2
o~
4 0.0|  in-domain data \._. oammgus
0 5 10 15 20 0 5 10 15 20
Graph depth Graph width
. .
(a) Results on question-answer pairs.
Multiplication w. Scratchpad Multiplication w. Scratchpad
. - GPT3 finetuned —— GPT3 finetuned
—— GPT3fiveshot | 10| °® —— GPT3 five-shot
= GPT3 zero-shot 0.8 = GPT3 zero-shot
>
o6
—
=
5 0.4
<
0.2
\ ,.-
in-domain data \.>._._._. S, 0.0 in-domain data \.—. PU——
0 5 10 15 20 0 5 10 15 20

Graph depth

Graph width

(b) Results on question-scratchpad pairs.

“Faith and fate: Limits of transformers on compositionality.” Advances in
Neural Information Processing Systems 36 (2024 ) AllenAl




Digits in Number 2

20191817161514131211109 8 7 6 5 4 3 2 1

0

3€i%2025-01-31IRE

Accuracy of 03-mini-2025-01-31
Digits in Number 1
3 4 5 6 7 8

100|100 I97 5|95

100

5/02.5| -W
--.Wszsnsnssswsoazsazs :
GBI 1075072575 25007 S TSI

.675725525350300300-- 25

)Ws 25'50

9 10 11 12 13 14 15 16 17 18 19 20
0100]

100

100

80

- 60

- 40

20

Accuracy (%)

Digits in Number 2

20191817161514131211109 8 7 6 5 4 3 2 1

Digits in Number 2

20191817161514131211109 8 7 6 5 4 3 2 1

Accuracy of ol-mini
Digits in Number 1
9 10 11 12 13 14 15 16 17 18 19 20

100100100 100 [96.2/ 100 [96.2] 100 [96.2] 100 -------
100 &3_2 L) T BUI) T 69.2 76.9 1169.2 65.4 (101" 46.2
-- 100100 mmn 157.7 57.7 65.4 53.8 34.6 42.3 2619
.--73153 8 42.350.0 46.2 46.2 30.8 [FEJ26.0
9/60.2 57.7 38.5 65.4 61.5 34.6 (L1112
96.2/96.2(92.3] 100 [02.3(84.6 LR R ER BRI NS RN 10.2(15.4

-u 61.573.1 50.0 57.7 46.2 46.2 26.9
i 5o ks 2

[100[100
--mnlsooaosus
73.1 57.742.3
69.2 69.2 50.0@ 8|7 0. o 0.0 0.0
84.6 57.7 42.3

Accuracy of gpt-40-2024-08-06
Digits in Number 1

1 2 3 4 5 6 7 8 9 1011 12 13 14 15 16 17 18 19 20

COODDD DEEEm @ =
pogs | -

OOO OO 00

38 0.0 00 00 0.0]0.0
oo 0.0 oo oo 0.0]0.

100

80

- 60

-40

20

100

80

- 60

-40

20

Accuracy (%)

Accuracy (%)
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Get_Weather : This tool is used for fetching information weather for | Open-Source LLMs | Closed-Source LLMs |
speciﬁed location. Models ToolLLaMA- ToolLLaMA- | NexusRaven- NexusRaven- | GPT-3.5- GPT-4 Human
g:' Sg 2-7B-vl 2-7B-v2 13B-vl 13B-v2 turbo
Parameters: Tool Selection
location (string): Designated location, default is current location. Clean 66.67 70.48 55.24 73.33 75.24 80.00 88.57
Slight 57.62 65.71 52.86 76.19 59.05 77.14 88.57
[ ) Medium 56.67 59.52 53.33 72.38 69.52 84.29 88.57
Please tell me the weather in the New York. Heavy 43.33 46.67 44.29 62.38 56.19 60.00 85.71
Lo-d Union 44.76 43.81 42.86 56.19 53.33 58.10 85.71
X Parameter Identification
m Get Weather (location = "New York")
- Clean 4571 43.81 15.24 56.19 47.62 52.38 88.57
Slight 40.95 40.00 17.14 56.67 28.10 44.29 85.71
Medium 38.10 35.71 14.76 50.48 4429 53.81 82.86
— . .. . . Heavy 28.10 27.14 10.00 37.62 24.29 32.86 80.00
ABC.. This tool is used for fetching information weather for specified Union 3524 2762 1143 3714 2762 39.05 82.86
location. —
@ Content Filling
. Clean 28.57 25.71 1.90 37.14 30.48 40.00 74.29
Param?ters. . . . . . Slight 24.29 23.81 3.33 39.05 20.00 35.71 74.29
location (string): Designated location, default is current location. Medium 2238 20.95 1.90 3381 3048 46.19 7143
Heavy 14.29 14.76 0.95 30.00 16.19 25.24 68.57
- Union 16.19 16.19 1.90 22.86 18.10 30.48 71.43

Please tell me the weather in the New York.

ﬂlt}oi;)nrgi,olla:t as a language model, I don't have access to weather @ %'I'y‘jﬁﬁ;ﬁ. FE G PT 4 Hg;&ﬁﬁ;:lfﬁ *'I]E,‘E‘_-F I;%

RoTBench: A Multi-Level Benchmark for Evaluating the Robustness of Large Language Models in Tool Learning, EMINLP 2024




Mirzadeh et al.

GPT-o1 preview INe&EZFe Fth “BiZE" 7

R BEAFAEERAME T 44 TMEENR. REEEHET 568
ThifERE, E2HAXR, MiEREIRMSERSERARME, BF%H
B S D1 EREE?

TR BHHBREERATET 44 TEEk. AEEEH/HE
T 58 T hMEME., EHAXR, hfEREMEMRIEL ERRRRIME
BEM 5 PLEFIYRNEN, BHFHE S DI EREE?

GPT-ol-mini HHINERZE: ...... EEHX, X 5 TEMREMELE
FIIRNEN, BANFEEZMNE Hﬁ?iﬂﬁ,uxéﬁﬂlﬂﬁﬁbﬂ] 88 (&EHA
REVERIEME) — 5 (ER¥EDE) = 83 THR¥EME.

Models

ol-previ;aw -1,7.5

| 20,6
Mistral-7b-v0.3 -24.0|
Mistral-7b-v0.1  -28.3]|

01-mini -29.1|
Mistral-7b-instruct-v0.1 ]-29.6
Gemma2-2b-it -31.8|
GPT-40 -32.0]
Gemma2-2b -38.6/
GPT-40-mini -40.0|
Mistral-7b-instruct-v0.3 -40.3|
Phi-2 -44.9]

Gemma-T7b-it

Llama3-8b-instruct

-57.4]

Phi-3-medium-128k-instruct

-57.8]

Mathstral-7b-v0.1

-59.7|

Gemma2-27b-it

-59.7|

Phi-3.5-mini-instruct

-62.5/

Gemma2-9b-it

-63.0|

Gemma2-9b

-63.0|

Phi-3-small-128k-instruct

-64.0|

Phi-3-mini-128k-instruct

-65.7|

0 —10 —20 —30 —40

GSMS8K — GSM-NoOp Accuracy Drop(%)

, GSM-Symbolic: Understanding the Limitations of Mathematical Reasoning in Large Language Models. Arxiv 2024

750 —60
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1+1+1+1+1+1+ 1+ 1+ 1+ 1+ 1+ 1+ 1+ 1+ 141+ 1+ 11+ 1+ 1+ 1+ 1+ 1+ 1+ 1+ 1+ 1+ 1+ 1+ 1+ 41+ 1+ 141+ 1+ 1+ 141414141
+1+1+1+ 1+ 11+ 141+ 141+ 1+ 1+ 1414141+ 1=

1+1+1+ 1+ 1+ 1+ 14141+ 1+ 1+ 1+ 1414141+

& So from term 1 to term 18:17 ones and 1 eleven.

& Thought fo econds A

Then term 19 to term 47 (29 terms):29 ones.

Term 48:11.

count the number of '+' signs: there are 12 '+'s, which connect 13 ones. Wait, but that can't be right. Wait,

example: +1+1 has two '+'? No, wait, no. Wait, the segment is written as +1+1+1+...+1. Each '+' is between two 1s. Term 49 to term 60:12 ones.
So the number of 1s is equal to the number of '+' signs plus one. Because, for example, +1+1 has two '+' signs?
Wait, no. Wait, let's take a smaller example: +1+1+1. Here, there are two '+' signs, connecting three 1s. So yes, Total ones:17+29+12=58.

number of 1s = number of '+' signs +1.
Total 11s:2.

In the third segment, there are 12 '+' signs, so 12 +1 =13 ones. Therefore, 13*1=13.

Sum:58*1 +2*11=58+22=80.
Wait, but when | look at the original third segment: after the second 11, it's +1+1+1+1+1+1+1+1+1+1+1+1. Let me

count the number of 1s here. Let's see: Yes, this confirms the total is 80.

Starting with the first '+' then 1, so that's 1, then each '+' adds another. So: )
Therefore, the correct answer is 80.
+1(1), #1(2), +1(3), +1 (4), +1(5), +1 (6), +1 (7), +1(8), +1(9), +1 (10), +1 (11), +1 (12). Wait, that's 12 ones. Wait,
but according to the previous logic, number of '+' signs is 12, so number of 1s is 12 +1 =13. But here, counting The given expression consists of multiple 1s and two instances of 11. To solve it step-by-step:
manually, | see 12 ones. Hmm, there's a discrepancy. Let me check again.

o 1. First Segment:
The segment is written as: +1+1+1+1+1+1+1+1+1+1+1+1
There are 17 ones followed by an 11.

17x1+11=17+11=28
2. Second Segment:

Let's parse this. Starting after the previous 11, the first character is '+', followed by 1, then '+', 1, etc. So the

structure is: +1+1+1+1+1+1+1+1+1+1+1+1

How many 1s are there here? Each '+1' is an addition of 1. The entire segment is a sequence of '+1' repeated 12
times. Therefore, there are 12 instances of '+1, which means 12 ones being added. But wait, if you start with a '+, After the first 1", there are 28 ones followed by another 11.
then the first '+1' is the first addition. So starting from zero, adding 12 times 1, which would be 12. But actually, in 28 x 1 + 11 = 28 + 11 = 40

the overall sum, you have to consider that each '+1' is a term. So the total number of 1s in this segment is 12.

3. Third Segment:
After the second 11, there are 12 ones.

Wait, but according to the earlier logic, number of '+' signs is 12, so number of 1s is 13. That can't be. There's a

mistake here.

12 x1=12
Wait, no. If the segment starts with a '+', then the number of terms is equal to the number of '+' signs. Because
each '+1' is a term. Wait, no. Wait, in an expression like +1+1+1, starting with a '+', it's actually 0 +1 +1 +1. But in our
) . - ) o Total Sum:
case, the entire expression is a continuation from the previous terms. So after the 11, we have a '+1+1+..., which is
adding those 1s to the previous total. But in terms of count, how many 1s are being added in that segment. 28 + 40 + 12 = 80
Wait, perhaps the confusion is arising because when we look at the entire expression, it's a sum of numbers, some
pernap 9 P Answer:

of which are 1 and some are 11. So in the third segment, after the second 11, the part is
'+1+1+1+1+1+1+1+1+1+1+1+1" which is 12 instances of '+1), meaning 12 ones added. Therefore, that segment ‘v < 5/5 @ c [ﬁ) CD
12*1 =12.




New chat

1-1-141+714+1-1-1-14 14 14+1-1-1-141+1+1-1-1-141+1+1-1-1-141+1+1-1-1-1+1+1+1-1-1-1+1+1+1-1-1-1+1+1+1-1-1-
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Mitigating Adverse Effects Prioritizing Key Tokens Introducing a Reward Mechanism
STSTEM STSTEM GOLDEN
* defget_paper_detaik(paper_id:str, fieldsstr = None) * _pget _ paper _ detils get_papers_by_keywords(query = ‘tool leaming’, veme =
* def get _papexs_by_heywctds(qmry:str, fields:str = None, * _get _ p apers _ by _ key wads ‘ICLR’, lmit = 1)
e yee st Nene, cpenRecemIESi= Nene) ek Efmak : ToolAlpaca RoTBench BFCL-v3
+ def finish(answerstr) SAMPLES l Models Size
LSER g v B | ey s S PI(H CF@®) TSN PI(H CFM®) TS® PI(H) CFM®
1‘?;6&',8“‘“:& paper related to tool leaming published INKy| S * S2: get papers | bv _keywords(keyword = ‘tool leaming’,
S wr-[c”"(m.l & _,.,) e veme = ‘ICLR’, lmit = 1) , Avg. 80.63 65.09 4272 74.10 49.90 3543 9313 89.88 74.17
ASSISTANT 1 otherwise . 5135 f‘:f_lr;:r;xi_lby_hywuds(qmyfhmng‘. veme =
m ‘l“;’“mp:""m i) S S1 _p,p;s_)  keywords(query = ‘tool leaming’, ToolLLaMA-2 7B 75.56 6140 3772 7048 43.81 25.71 87.08 8375 56.67
ASSISTANT e S =) NexusRaven-2 13B 8246 4825 37.72 7048 56.19 37.14 97.08 94.17 75.83
oo e = _‘_“ = P _-by 5 ba.y wonds £qus'ry Parameter
set papers by M missing | posiional argument: query e e el Identification ChatGLM-4-chat 9B  73.68 6842 3860 67.62 5333 37.14 9542 9333 | 86.67
ASSISTANT L , Format Error Issues
e e e e R -2 <035 Qwen-2-Instruct 7B 86.84 6842 43.86 74.29 47.62 3524 98.33 5. ‘85.00
‘ICLR, lanit = 1)  Tool Content LLaMA-3.1-Instruct 8B 84.21 59.65 4298 62.86 7.14 857 63.75 59.58 34.58 ‘
T00L ASSISLANT gy REW TE P25 Qwen-2.5-Instruct 7B 92.11 6842 4474 80.00 3238 1524 100.00 9542 87.92
= e ot 3 —_get _ paper details ( paper " SRy ARD
{“data™ {“paperld”: “ICLR2024TOOLLEARN"}} IR 072 4 10 of IE ARN
 REIRT - - Wmﬂf:g A ik GPT-3.5-turbo - 72.81 5439 3947 7429 | 61.90 4857 99.17 95.83 75.83
et ipers_by_detilaper_d=ICLRDSTOOLLEARN) —— s ! GPT-40 - 7632 70.18 42.11 7429 | 62.86 5048 96.67 9375 74.58
R — e | AT e GPT-4-turbo - 7456 7368 4211 = 82.86 f 97.50 9375 7625
ool o el SR o . : The tool ‘get_papers_by_keys' is not given, so this ==
e g papr_by_detilic nt defined o o _pubhed _in I CL R | T DS TL-CodeLLaMA-2 7B  87.72 7807 = 57.89 83.81 5429 4286 9625 9375
ASSISTANT :Fac ’iI _it an’ng-_lar_gq __Iangmgs _A!od' RhSa ool 'gal_:dqu'rs_by_k;ynvrds hjm o :a: a
get paper_details(paper_id = ‘ICLR2024TOOLLEARN’) es _to _Master _ 1 600 0 + _Real z:z:::h:;;':mm:’:‘:d Soji s | sample; Raia
T00L ekl AP R * '$3: The value ‘laarning” is not matched ‘tool learning’, s0
{detall”: {“tile™> “TooLLM: Facilitating Large Language INK =49 IKl=1 the sample o @ comenc filling Ioove =292
Models to Master 16000+ Real-warld APIs"}} * 54: The sample is comect=>1
)  ASSISTANT OBIECTIVE PPO
il o v el ;If,': - “ZZZ‘” togpe (e[, Tk ) M = argmax B, [) (R(e) — BKL (MO My O]
Language Models to Master 16000+ Real-world APIs.™ ts

BRGRES N, iitkiEToken, SINREIHF
12175%&0E, 7B {RBIKIEEEHRIREE,

1, ETRGFIEREEE

TL-Training: A Task-Feature-Based Framework for Training Large Language Models in Tool Use, arXiv 2024
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| import random 7"} :code scope Vanilla RL
== executed code ! z log(e|y1:t-1,%) Reward
def test(): mm  : un-executed code ? ? @ Y .}
for _ in range(int(input())): R [ o O ] ;

n e o O a -_— (oo

rows[@] = p[:: —
______ Nous(L] = PIUEI2l. o covs e e s crmseian D Human requirement o -
: if s1gr-|(rous[0][e]) I= sign(rows[1][0]): ; LLM Generated code Compiler

print(@) |

: continue I

Our Method Part of canonical
____________________________________ . l | ZIOg(YtD’l:t—l:x)
:_ for r in range(2, max_rows): : solution _@_ -
for n in range(max_col - 1): — — P -
: rows[r][n] = rows[r - 1][@] * rows[r - 2][n + : (s ? ? + — 3
| 21 - rows(r - 2](0] * rows[r - 1][n + 1] ! Step 1 ? —+ >fo_of] —— —— | @) | —— | M®k | Finer
77777777 V) —

o for i in range(1, len(rows)): ' :

curr = sign(rows[i][@])
if rows[r] == [@ for _ in range(max_col)]:
for n in range(max_col):
rows[r][n] = rows[r - 1][n] * (max_pow +
4 - (r+1) -2%*(n+1))

' =] ? 1 (¥
elif rows[i][@] == @: ﬂ + H [ o o ]

I I
! 1

I I

1 I

1 I

! 1

1 I

| : '

: if any([x != @ for x in rows[i]]): : 1 : 4
I | - |
! 1

I I

: : !
! 1

I I

! 1

I I

! 1

I I

| l'l

1

Mask

[
i
U

| | llta
I

Stepper
dJ

flag = ©
break

else:
curr = last

-
if curr != last: :

flag = @ . 1

break Final | 1

________ last = curr_ . ______ < /7 |

“StepCoder: Improve Code Generation with Reinforcement Learning from Compiler Feedback.” ACL 2024
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Stage 1
Supervised Fine-tuning and
Data Generation

S5 T D - - \‘
|

=1 1= llEE
::— ] '4;‘:
\ 7/

Translate the following
—ur~. Sentences from [SRC] to [TGT]:

E Supervised E k ultra-llama2
s Fine-tuned = Y ,-‘ ar Pre
Ysssnngunnnny
‘j : LA L AR 2 |
" ultra-llama2 s EE .
e s 52
Fannnn r.

Stage 2
Reward Model Training

e e

H :
: ? Human Expert Translation
N

Preference Data J),,,

" Init Reward
A Model

sadannbonnnny
- -
- Reward . .
. 3
N Tr o -
= iramg :
Yannnn g -

===

Stage 3

Reinforcement Learning

Translate the following

. Sentences from [SRC] to [TGT]:

v
. Policy Model
R | n" st gl

Iranslation

.
- L]
Generation .
LA R R B J .~

Advancing Translation Preference Modeling with RLHF: A Step Towards Cost-Effective Solution, arXiv 2024

Input The synthesis of the pharmaceutical compound acetylsalicylic acid , commonly known
as aspirin, marked a significant advancement in modern medicine.
SFT B ] ICAK B & AR S IREE 2 — N E R
Faithfulness RLHF ZBKGER (FIRIIUAK) SXFZY) AR, MEERREZN—PHEH
+e

Commentary  In the translation by RLHF, the term ‘Z B /KX #1249’ corresponds to ‘the
pharmaceutical compound acetylsalicylic acid’ in the input text, while in the translation
by SFT, this expression is ing, reflecting an improvement in translation faithfulness.

Input After years of practice, running a marathon was a piece of cake for her.
SFT ZiBERGS], MR, BIRE RIZEE RS .
Expressiveness RLHF Z BEMBE, BMORMRIEEE N8 T .

Commentary  In the SFT translation, “{RIZZHE—FEE 51 is a literal translation of "a piece of cake"
in the input text. In contrast, the translation in RLHF, “/N3€—8, is a more authentic
Chinese expression, vivid and expressive. This case reflecting an enhancement in the
expressive power of the translation.

Input As the crimson hues of dusk melded with the cerulean tapestry of the night sky, the poet
pondered over verses that could encapsulate the eph I beauty of the twilight.
SFT THEREI, REPHE GRS HENLIEREME—R, FATFREES MR
(ESE Al ES
Elegance RLHF HEK, FAORESHEHFERLR, 7 ABN & W RaR#HR
X EBRENAL H5E5R -

Commentary ~ Both “¥%B#H[1#1” and ‘4% can be used to convey the meaning of ‘ephemeral’ in the
input text, but the former implies a sense of regret and sorrow for the fleeting nature of
beautiful things, while the latter is a neutral term, simply describing temporal brevity.
This example demonstrates an improvement in the elegance of the translation.

W Ours Win W Tie Ours Lose W Ours Win W Tie Ours Lose
WMT23-G 38.4% WMT23-G 33.8%
FLORES-G 37.5% FLORES-G 41.7%
WMT23-H 30.0% WMT23-H 32.0%
FLORES-H 34.0% FLORES-H 26.0%
80% 100% 0% 20% 40% 60% 80% 100%

Figure 3: Comparison between preference optimized
models and the SFT model on Task En—Zh. G and H
represent GPT-4 and humans as evaluators, respectively.

Figure 4: Comparison between preference optimized
models and the SFT model on Task Zh—En. G and H
represent GPT-4 and humans as evaluators, respectively.
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iiil Example from ChartQA

and UK are more likely to be employed
than those in other top European
destination countries

% of immigrants ages 15 and older who are employed,
by country of residence, in 2015

UK 915
France 837
Italy 80.3
Portugal 849

Sub-Saharan African immigrants in U.S.

Other Errors

‘©, Recognition Error

Question: Which country does the
Dark green represent?

Correct Answer: The dark green
represents U.S.

Model Response: By inspecting
the bars and their corresponding
percentages, we can determine
which country's bar is dark green.
According to the chart, the dark @
green bar represents France with a
percentage value of 83.7%.

. W

-US.:929 -UK:91.5

Reasoning Error with Correct Recognition
Question: Which country ranked second highest in the bar chart?
Correct Answer: The country ranked second highest is UK.

Model Response: To determine the country ranked second highest, we need to look at the values
listed in descending order. The values are as follows:

- France: 83.7
Upon examining these values, we can see that Portugal has the second-highest value at 84.9 percent. 8

- Italy: 80.3

- Portugal: 84.9 +

S

S RIEFREDEEGPT40

DISTILL VISUAL CHART REASONING ABILITY FROM LLMS TO MLLMS, arXiv 2024

Add into the Pool
ilil Chart Set
Original Plot Overlay Plot
P -
N
=l
Enhanced Plot Dual Plot

@

Seed Code

01 import ...

40 plt.show()

Self-Instruct

(" Plot Code (E)

01 import ...

\| 49 plt.show()

Plot Code (H)

01 import ...

80 plt.show()
~—

\ i
©
Evol-Instruct !’

Collected from
matplitlib gallery

(%) Instruction Set

O, Recognition-oriented Task
Question: What is the color used for the
Instagram market share in the bar chart?

Answer: The color is dark green.

Reasoning-oriented Task
Question: In 2023, what percentage of
the total market share is held by TikTok,
and how does it compare to the combined
market share of Twitter and Snapchat?

Answer: To determine whether..., we
first need to examine... TikTok holds 25%
of the market share, which is greater than
the combined market share of Twitter
(5%) and Snapchat (14%), totaling 19%.

kw S;;. Filter by multiple open-source MLLMs

[ Easy/ Simple / Recognizing-oriented Finc-tuning
[ Hard / Complex / Reasoning-oriented R‘EACHQA — MLLMs...
Chart Properties Q&A Properties Dataset Properties
Datasets #Chart #Chart Textual ~Vis. Temp. Vis. Rat. Train Test ¢
Type Topic Format Comp. Free Refer. Annot. Set Set :
PlotQA (Methani et al., 2020) 3 - Table X X v X v v X
ChartQA (Masry et al., 2022) 3 15 Table X v v X v v X
OpenCQA (Kantharaj et al., 2022) 5 10 Caption X v X v X v X
MathVista (Lu et al., 2024) - - - X v X X X v X
CharXiv (Wang et al., 2024¢) - - - v X v X X v X
ChartBench (Xu et al., 2023) 9/42 - Table X X X X v v v
ChartX (Xia et al., 2024) 18 22 Code* X v X X X v v
MMC (Liu et al., 2024a) 6 5 Caption v v X v v v X
ChartLlama (Han et al., 2023) 10 - Table X v X v v v v
ChartAst (Meng et al., 2024) 9 - Table X X X v v X X
ChartInstruct (Masry et al., 2024a) - - Table X v X v v X X
ChartGemma (Masry et al., 2024b) - - - X v v v v X X
REACHQA (ours) 10/32 o0 Code v v v v v v v
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We registered predictions for GPT-4’s performance on HumanEval before training completed, using
only information available prior to training. All but the 15 hardest HumanEval problems were split

From GPT-4 Technical Report

@ @
* Challenge 1: Master ’Challenge 2: Evaluate
whole pre-training process knowledge retention

Pre-training Data Base Model Accuracy

Q
Q Challenge 3: Predict knowledge
retention prior to training

Predicting Large Language Model Capabilities on Closed-Book QA Tasks Using Only Information Available Prior to Training, ArXiv 2025




1. EBESISER NS RTIA SE R IZ

Question: The headquarters of
Apple is in...

Answer: Cupertino

>@@ ~

Base Models

Question: The headquarters of
NVIDIA is in...

Answer: Santfa Clara

CBQA Tasks

Pre-tr%>
|

®

...Apple...Cupertino...

..NVIDIA...Santa Clara...

> Knowledge Triples

> Pre-training Data

Q 1.6B —

Q‘ 7B

L 138 @
Analysis

(O1v)oV

>

R2 o
MSE PR
.0
.0
L JRE )
'O
Q.
o ©®
L 2
‘o %)
.0
L J
L 2
.0
C- g

SMI(Subject, Object, Scale)

Io

Retrieve

Count(4pple), Count(Cuperiino),
Count(4pple & Cupertino),
Count(NVI'IDIA), Count(Sania Clara),
Count(NVIDIA & Santa Clara),

Predicting Large Language Model Capabilities on Closed-Book QA Tasks Using Only Information Available Prior to Training, ArXiv 2025
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1. ESETISER S AT EERATRIE I

P(s,o0 1
14+ L
I(s,0) = P(s,0)log (5,0) SMI(s,0,®) = Norm(log(I(s,0)))' "=
P(s)P(o)
1.0 1.0 1.0 1.0
e  Average ACC e  Average ACC o  Average ACC e  Average ACC
08 - Predicted 0.8 Predicted 0.8 — Predicted 0.8 - Predicted
0.6/ R*=0.882 o v Ao | 06| R:=0.859 s e A _0.6] R*=0872 w227 | 06{ R:=0858
MSE=0.049 %o 7o o| O | MSE=0.047 o, o | MSE=0.056 s 7 &' | G | MSE=0.051 ol
L < U < o < &% °°
0.4 o 4 ’
AL el °
!”‘-. ¢
0.2 . ”'{{5 . e .
0.0 0.0

00 02 04 06 08 1.0
SMI

(d) 13B

00 02 04 06 08 1.0
SMI

(a) 1.1B (b) 1.6B

Predicting Large Language Model Capabilities on Closed-Book QA Tasks Using Only Information Available Prior to Training, ArXiv 2025
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=mesammmnnsne 00 sy

&

Train Data
=@ Dtrain-0 == Dirain-1 == Dtrain -2 = Ditrain -3 = Ditrain - a
0.6 0.6 0.6 0.6
0.5 0.5 051 051
0.4 0.4 0.41 0.4
8] 5
= g g g
0.3 0.3 0.3 1 0.3 1
0.2 024 0.2 0.24
0.1 +— T T " v 0.11— . : . v 0} ~—= T T T T T 0.1 +— T - : . :
60 120 240 480 960 all 60 120 240 480 960 all 60 120 240 480 960 all 60 120 240 480 960 all
Data Size (Nirain) Data Size (Ntrain) Data Size (Nerain) Data Size (Nerain)
(a) LLaMA-2-7B (b) LLaMA-2-13B (c) LLaMA-3-8B (d) Qwen-2-7B

AEILLMsHEIER REFE X

P~

45

Empirical Insights on Fine-Tuning Large Language Models for Question-Answering, arXiv 2024
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&R 1: 7£ SFT MERFES DEWEZ BELL LLMs #1117 QA {£557

AR 2: A[EAY SFT #HEENaI=2Im LLMs £ QA {E55RIFEIN?
|8% 3: A[E LLMs 7£ SFT M ERIVEUEEREOAE?

Empirical Insights on Fine-Tuning Large Language Models for Question-Answering, arXiv 2024 46
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knowledge map(subject, relation) map(object)
Painblanc  Painblanc is located in France
subject

located in The country where Painblanc is foundis  France
relation

France
object Painblanc is a part of France

N N I
Zizns_ap j:?_mp ’ I(yl — bage (xl))

Ry =
NmapXNsample

k

Empirical Insights on Fine-Tuning Large Language Models for Question-Answering, arXiv 2024 47




2. BEEMBENEIRED B

(a) LLaMA-2-7B (Nyygin = 60)

Train Data ‘ ACCiest-0 ACCiest-1  ACCiest-2  ACCiest-3  ACCiest-4 | ACCest

Dirain-0 480 +111 3400+293 6249 +48 73.36+413 77.64 +6.02 | 50.46 + 2.28
Dirain-1 412 +161 3819 +454 6949 +223 77.11 +£343 8532 +1.62 | 54.85 + 1.26
Dy¢rain-2 0.69 £035 2457 +170 70.57 +223 8239 +165 84.56 064 | 52.56 % 0.81
Dyrain-3 037 041 1779 £233 67.45+234 8543 +213 8245 +284 | 50.70 = 1.57
Dirain-4 040 +028 1978 +167 69.77 +124 87.36 +145 86.84 +091 | 52.83 + 099

(b) LLaMA-2-13B (Nirain = 60)

Train Data ’ ACCiest-0 ACCiest-1  ACCiest-2 ACClest-3 ACClest-4 | ACClest

Dirain-0 7.62+169 23.66+429 53.17 936 61.96 +11.69 67.00 + 1425 | 42.68 + 7.45
Dirain-1 749 + 054 35.95+515 64.22+500 6598 +528 79.84 +943 | 50.69 + 4.69
Dirain-2 0.62+050 21.36+293 72.80+572 80.65+545 86.47 +585 | 52.38 +3.70
Dirain-3 045+021 1797 +181 71.16 +363 86.60 +340 88.87 479 | 53.01 + 254
Dirain-4 024 +022 16.66 +314 68.46 +483 8344 +492 88.69 482 | 51.50 = 3.40

(¢) LLaMA-3-8B (Nyain = 60)

Train Data | ACCiest-0 ACCiest-1  ACCest-2  ACCrest-3 ACCiest-4 | ACCest

Dyrain-0 272 +144 26.05+877 53.82+1032 6290 +827 80.36 +£957 | 45.17 +596
Dyrain-1 228 +123 33.83 +750 66.35+369 7197 +408 81.02+3.91 | 51.09 +233
Dirain-2 0.19 £ 008 2157 +171 71.89+149 8023 +113 82.65+539 | 51.31 +1.41
Dirain-3 0.15+003 19.03+091 68.09 +364 85.72+269 90.30+1.17 | 52.66 + 145
Dirain-4 0.17 £ 007 1639 +155 63.76 +647 83.58 +432 91.54 +3.12 | 51.09 + 3.00

(d) Qwen-2-7B (Nirqin = 60)

Train Data ‘ ACCiest-0 ACCiest-1 ACCiest-2 ACCiest-3 ACClest-4 | ACCiest

Dirain-0 7.85 +067 3488 +129 57.84 +428 66.17 +657 72.70+835 | 47.89 +3.99
Dirain-1 649 + 061 3940 +210 60.68 +401 69.50+515 70.57 +288 | 49.33 +223
Dyrain-2 036 009 26.15+17 80.16 +£359 83.14 +435 85.30 +744 | 55.02 +3.12
Dirain-3 048 £0.09 2158 +054 82.01 +189 92.34 +1.00 95.48 + 482 | 58.38 + 1.45
Dirain-4 021 £004 1955+102 8048 +124 90.84 +198 96.00 +099 | 57.42 + 092

Empirical Insights on Fine-1uning Large Language IViodels for Question-Answering, arXiv 2024
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Dirgn-t Duwsn-1 Disin-2 Diwwin-3 Digin-s Disin-v Desn-1 Desn-2 Dign—1 Dirwin-4 Diryn-0 Diran-1 Dean-2 Disn—1 Dirgr-a
. . ' ' . M . .

Drain-0

>
Dyrain -1
Dyrain-2

Drrgin-3 [o N

Dirain-4 Dy -4 -

(a) Row: LLaMA 3 8B, Col LLaMA 2.7 (b) Row LILaMA 3-R8B, Col: LLaMA 2138 (¢) Row: LLaMA -3-8B, Col: Qwen-2-7B

Devan—t Diwrn-t Dian-2 Drwn-3 Dirain-s Dean-t Dean-t Dewn-2 Dwae-3 Dyun-a Dran-0 Dran-1 Dean

-2 Deoun-1 Diun-a
. '

Diain-0
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Digin-7 = Diyrain -2 Dirgin -2

D'v!\’ -1 D.‘v.!.r, -1
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(d) Row: LLaMA-2.7B, Col: LLaMA-2-13R (e) Row: LLaMA-2-7B, Col: Qwen-2-7B () Row: LLaMA-2-13B, Col: Qwen-2-7B
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3. FllE5IRBISE S SFTIRBY SChX

Finetuned LLM Pretrained LLM —o— DM, —m— DY, —— DM, DM, _, —=— DM _,
<|question|> What is the capital of Bon ; ; 1.8
Homme County? <lanswer|> The capital of Bon Homme County is y
” = 1.4
& 17771 121
27 % 7 Z y
7% %7 7 Z 7 .
2% % 7 / Z 1.0
4 S D VvV & 8 A8 8¢ - 4 D @ DF A eSS S
e & Ee s ¢ %ooq,@ ¥ ISP L 0.8 \\
Re-normalization e gErGE Re-normalization 001 ) = /
0.4 . ®
\g e _‘__’ \ Y
0.2 ¥ T T T T T T
Y £y 60 120 240 480 960 1920 All
Figure 5: KL divergence of logits distribution between
P S S & < P VS TS Y LLaMA-3-8B fine-tuned with different datasets and the
7 c‘O B 7z s C)o P 7 .
i i pre-trained one.

{(ERICIZKIFBARNEUREHIT SFT, SKNIBEIEIREISE]

Unveiling the Mystery of SFT’s Impact on Model Performance from Token Level and Parameter Level, arXiv 2024




3. ISR B S & S SFTIRBYSCEA Rl g RIeEhimIl S

Supervised Fine-Tuning . Performance Restore Dl Bl o Pl Tl 3 Dl o

: Number of Training Data: 240

| Acc 0 55.33 57.96 59.32 59.12 53.97
| 1% 55.76 58.17 59.62 59.24 54.30
) 3% 56.64 58.52 59.77 59.40 5431
: ; 5% Silos) 58.68 59.89 59.63 54.44
I ; 10% 58.32 59.45 60.40 59.83 54.69
: 00D 20% 59.07 59.81 59.88 59.91 46.45
! o 40% 59.77 33.40 42.44 11.20 23.83
o L 60% 1.68 2.20 3.65 2.56 1.65
: Number of Training Data: 1920

! 0 44.96 5243 58.80 57.70 55.22
: Acc 1% 46.73 5852 59.85 58.68 55.88
! 3% 48.53 5501 60.56 59.23 56.76
: ; 5% 49.85 55.96 61.10 59.65 57.34
|1 10% 52.10 57.14 61.67 60.02 58.24
. ' 20% 54.81 58.33 62.21 58.93 58.66
| ; 40% 55.44 22.06 59.97 6.92 56.50
" ooD 60% 1.48 1.12 1.62 0.51 0.60
I

Fine-tuned LLM Restored LLM | -

Performance of LLaMA-3-8B after restoring
different scales of parameters across various
fine-tuning datasets.

Unveiling the Mystery of SFT’s Impact on Model Performance from Token Level and Parameter Level, arXiv 2024 51




4. ZHHYISFTIISRASE2m ISt

NovelSum — 0.97

Methods MT-bench AlpacaEval Aggregated P
Entropy - 0.86
Radius - 0.84 Random 6.18 75.47 1.20
‘ Repr Filter 6.17 72.57 1.05
Inertia 0.83
_ 1 QDIT 6.21 75.91 1.25
DistSumy 1 08 K-Center-Greedy 633 75.30 1.31
VS 1 0.78 K-means 6.33 75.46 1.32
FL 1 0.77
NovelSelect 6.47 78.07 1.55
DistSumcos 1 0.76
LDD - 0.68 . . . . : :
Table 4: Comparisons of different diversity-oriented
data selection strategies on IT performance. P aggre-
g p =424
) o L ST A = T A , ates the performance based on z-scores (Eq. 5).
FRSHEMTINE IR SRR gates thep (Eq-3)

Measuring Data Diversity for Instruction Tuning: A Systematic Analysis and A Reliable Metric, arXiv 2024 =




4. SHMHIISFTIIZRRIRZND

S ESEE?

Selection A

a2 320 1 LR R i =

BIZE

Selection B

L EERARINEBURVESIES,

4

Selection C

IEEBIUICEAZIBIRVEER, MiZECHERYZ SR

Measuring Data Diversity for Instruction Tuning: A Systematic Analysis and A Reliable Metric, arXiv 2024
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5. iEIBsE DRI RIEE R FEING? HERE S R4 QwenTU, LlamaAiF?

"Countdown” A F ML, (ERLEERISFIIEANZE (IRESRER) IXEFEERIBREY
fugn, 8%E25. 30, 3. 4ONEEE, BiRE32, RBLERLLZ: (30-25+ 3) x 4

A tale of two models: Qwen 2.5 3B and Llama 3.2 3B

' ; 1.0 1200
Let's start with the sum of the largest two a) Suen b) -
numbers and then subtract the smallest Lama

two: 84 + 83 - 34 - 72. This gives us 167 - - 1000

76 which equals 91. That's not 39. Let's
try another combination: 84 + 83 - 72 -
34. This gives us 167 - 106 which equals 0.6

61. That's still not 39. Let's try 84 + 72 -

Llama

Score

83 - 34. This gives us 156 - 117 which

0.4
equals 39. This is the correct equation.

400

0.2

84 is the difference between 108 and 34. 0.0 0
<answer> (84 - 34) / 108 </answer> 0 50 100 150 200 250 0 50 100 150 200 250

RL steps RL steps

QwentZBlET®mAEFS (RL) 1)l HE, mMllamat&BAN L F=im AR

Cognitive Behaviors that Enable Self-Improving Reasoners, or, Four Habits of Highly Effective STaRs, arXiv 2025 >4
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5. #EIEREDRIFKIFEIRILFNG?

R —
= /N

=X

BERIPI R T

(1) 3&iEsEN (Verification) : RGBT EERIMISBESIER, W LFHIGEXNMER..."

(2) [El¥BgeSD (Backtracking) : AIUEIRRT, GEOSBARMRISHANERSE, W XANTETAE, BA.."

(3) FB#RKE (Subgoal Setting) : BEZARMSEATEIENSE, N"EWRXNIFE, BITSEZE.."

(4) HEiEUiEE (Backward Chaining) : NBirREHESHERAE, N"EAZ75MBR, RITEE— 8065 BRI

A contrast in behaviors explored by the two models {; m

Qwen Base 12 12
— t::m: 32;;22(3 +— Verifications *— Verifications
10 Backtracking 10 Backtracking
"E @~ Subgoal Setting E @~ Subgoals
0.65 S e~ Backwards Chaining = «— Backwards Chaining
0.62 o) 8 O 8
0.54 O] O
O 6 O 6
0.39 U) G) b h . h
o , © , no behaviors shown
0.31 0.29 GL.) o
>
0.20 0.21 % 2 G 2
0.10 .
°27 6.03 0.03 0 e e ) 0 e -
— 0 50 100 150 200 250 0 50 100 150 200 250
Verifications Backtracking Subgoal Backward RL StepS RL steps

Setting Chaining

L g S
4NGUAGE?Q~



5. ﬁﬂf‘éﬁ HIKREsR{CFNE?

Priming with behaviors reduces performance gap We can curate a continued pre-training set so that
quen : Llama shows similar improvements to Qwen
a) 1.0 Qwen w/ All Behaviors b) 12 Primed Llama
Llama e— Verifications
. Liama w/ All Behaviors 210 Ssﬁzzzf‘;'e”tfmg @ OpenWebMath 10 oven
S #— Backwards Chaining 08 Llama + Curated Training
O s ’ ’
o 06 O
o % : Filter for behaviors o °°
U | .
B 04 © AN A a — o
o 4 " P o - e O\ . 9 @ 8 0.4
0.2 = d
: R e - Reformat as: 02
. R B b i 2 Query, Thought,
= 50 100 150 200 250 0 50 100 150 200 250 Answer 00 & 50 100 150 200 250
RL steps RL steps RL steps

(1) 7AR% (Priming) : FRESXENIHTANTORERLamatZElf, SEREIEENFIFRIHEEZNE, E
ERefEILECQwen IR,

(2) ERRAIEBN: B EAmEERE S ERRIEREEEIIRIRIIREAERERE, HaEBUSSURIRER, XRIBIAITARY
=E, MAFIERERARE, TRERIRANXERE.

(3) i‘ﬁl)llfﬁiﬁlﬁﬁfh Bid M\ OpenWebMath#HIEFHIAHIBUXEIANNT ARSIt ELIamatRESERS T 5Qwentd
SHBEBIETHEE

Cognitive Behaviors that Enable Self-Improving Reasoners, or, Four Habits of Highly Effective STaRs, arXiv 2025 56




6. Aha Moment EfY= “sigi” ? 19?

' ‘ Question(a): Find the least positive integer n such that 1/sin45°sin46° +
1/sin47°sin48° 4 - - - +1/sin133°sin 134° = 1/sinn°.
Response
" . . . 1
First, I notice that the left-hand side of the equation has the form } ', STl

where a1 = 45°,a, = 47°,...,a99 = 133°. I also notice that sinay, 1 = sin(ay +2°).

Simplifying, I get sin(3a) = 3sina — 4sin’ a.

Aha! I can use this to get sin(a + 2b) = sin((a +b) + b) = 3sin(a +b) ...

This looks messy, but I notice that it has the form sina cos b 4 cos a sin b again.
This gives me an idea. Maybe I can use this identity repeatedly to simplify the
left-hand side of the equation.

Question(b): An element is randomly Question(c): Denali and Nate work for a
chosen from among the first 15 rows ... dog walking business and are paid ...
Response Response
In Pascal’s Triangle, every row starts To solve this problem, let’s start by
and ends with 1, ... defining the variables...
This can be calculated as: *awkward Again, since x # 0, this equation
silence* Wait, I'm overthinking. Let’s try doesn’t give us a valid solution either.
again. The number of elements in the Let’s check if we made an error. We
first n rows of Pascal’s Triangle is should verify the problem conditions

(m+1)1/2! % (n—1)1]. again. The correct approach is to ...

Figure 4: Cases showing that DeepSeek-V3-Base already exhibits “Aha moment” even
before RL tunning.

DeepSeek-V3-Base piEIMHE T “Aha moment”

Understanding R1-Zero-Like Training: A Critical Perspective, arXiv 2025
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6. Aha Moment EfYE “;i|in”

Base model + Template AIME24 AMC MATH500 Minerva OlympiadBench Avg.
Qwen2.5-Math-1.5B

(4-shot prompting) 0.0 20.0 50.4 121 159 19.7
R1 template 0.0 9.6 212 6.6 22 79
Qwen template 20.0 825 S350 125 22.8 24.2
No template 16.7 43.4 61.8 151 28.4 33.1
Qwen2.5-Math-7B
(4-shot prompting) 35 22,5 61.6 10.7 20:9 258
R1 template 0.0 0.0 0.0 0.0 0.1 0.0
Qwen template 16.7 38.6 50.6 99 16.6 26.5
No template 0.2 45.8 69.0 21.3 34.7 38.2

Qwen2.5-Math B AR AR - B RE N MEEEHTEG, XSHEAFERAEIRENIARIREMERE.

58

Understanding R1-Zero-Like Training: A Critical Perspective, arXiv 2025
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