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ZESCoT5Few-shot/Zero-shot

(a) Few-shot (b) Few-shot-CoT

/ \ ﬁ: Roger has 5 tennis balls. He buys 2 more cans of tenﬁ
Q: Roger has 5 tennis balls. He buys 2 more cans of tennis | [ balls. Each can has 3 tennis balls. How many tennis balls does
balls. Each can has 3 tennis balls. How many tennis balls does he have now?
he have now? A: Roger started with 5 balls. 2 cans of 3 tennis balls each is 6
A: The answer is 11. tennis balls. 5 + 6 = 11. The answer is 11.
Q: A juggler can juggle 16 balls. Half of the balls are golf balls, Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are and half of the golf balls are blue. How many blue golf balls are
there? there?
A: A
(Output) The answer is 8. X (Output) The juggler can juggle 16 balls. Half of the balls are golf

| | \ balls. So there are 16 / 2 = 8 golf balls. Half of the golf balls are )

\ _/ Que So there are 8/ 2 = 4 blue golf balls. The answer is 4. //

(c) Zero-shot (d) Zero-shot-CoT (Ours)

6 A juggler can juggle 16 balls. Half of the balls are golf balls,\\ "/(_l A juggler can juggle 16 balls. Half of the balls are golf ballsx
and half of the golf balls are blue. How many blue golf balls are and half of the golf balls are blue. How many blue golf balls are
there? there?

A: The answer (arabic numerals) is A: Let’s think step by step.
(Output) 8 X (Output) There are 16 balls in total. Half of the balls are golf
balls. That means that there are 8 golf balls. Half of the golf balls

'-\_ /; \a_*re blue. That means that there are 4 bilue golf balls. v* _/,-'

Kojima et al., arXiv: 2205.11916

Figure 1: Example inputs and outputs of GPT-3 with (a) standard Few-shot ([Brown et al., 2020]), (b)
Few-shot-CoT ([Wei et al., 2022]), (c) standard Zero-shot, and (d) ours (Zero-shot-CoT). Similar to
Few-shot-CoT, Zero-shot-CoT facilitates multi-step reasoning (blue text) and reach correct answer
where standard prompting fails. Unlike Few-shot-CoT using step-by-step reasoning examples per
task, ours does not need any examples and just uses the same prompt “Let’s think step by step™ across
all tasks (arithmetic, symbolic, commonsense, and other logical reasoning tasks).
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4429105667*6358689164=2.17 SHIFERRTELCE,
PRI A eepseek
1. SMESHR: a = 44291 x 10" + 5667, b = 63586 x 10" + 89164 2025%F9H

2. THE SRS
o a1h = 44291 x 63586 = 2816287526
» a1hy = 44291 x 89164 = 3949162724
» aghy = BB6T x 63586 = 360341862
o aghy = BBBT x 88164 = 505292388

3. 285
o aihy x 101 = 28162875260000000000

o (miby + agh} x 10° = (3949162724 + 360341862) x 10° = 4309504586 x 10° =
430850458600000

» aghy = 505292388

4. #8h0: 28162875260000000000 + 430550458600000 = 28163306210458600000, £5
+505292388 = 281633062100963892388

BRI, =2k 28163306210063892388, [1F7)

4429105667 x 6358680164 — 28165024850386682788 [IH1x] r_




. Self-Consistency (CoT-SC)

Chain-of-thought
prompting

Self-consistency

ﬂ: If there are 3 cars in the parking
lot and 2 more cars arrive, how many
cars are in the parking lot?

A: There are 3 cars in the parking lot
already. 2 more arrive. Now there are
3 +2=5cars. The answer is 5.

Q: Janet’s ducks lay 16 eggs per day.
She eats three for breakfast every
morning and bakes muffins for her
friends every day with four. She sells
the remainder for $2 per egg. How
much does she make every day?

Q:

Language
model

Language
model

Sample a diverse set of

Greedy decode
This means she uses 3 + 4 = 7 eggs every day.

She sells the remainder for $2 per egg, so in
total she sells 7 * $2 = $14 per day.

The answer is $14. J

The answer is $14.

reasoning paths P to aggregate final answers

| left. So she makes $2*9 = | The answer is $18.

I ™

She has 16 - 3 - 4 = 9 eggs

$18 per day. l

- \
| ™
This means she she sells the \

remainder for $2 * (16 - 4 - S)I The answer is $26. Y

Marginalize out reasoning paths

= $26 per day.
1 J/

~

| The answer is $18. ]

She eats 3 for breakfast, so |
she has 16 - 3 = 13 left. Then |

she bakes muffins, so she | The answer is $18.
has 13 - 4 = 9 eggs left. So

she has9eggs *$2=918. |

Wang, et al., arXiv: 2203.11171
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. Tree-of-Thoughts

Prompting (10)

'

(a) Input-Output (c] Chain of Thought

Prompting (CoT)

Majonty vote
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(c ) Self Consistency

with CoT (CoT-SC)
Yao, et al., arXiv: 2305.10601
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Input : thought |
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(d) Tree of Thoughts (ToT)
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. Graph-of-Thoughts

Multiple CoTs (CoT-5C)

Basic Input- Chain-of-

Output (I0) -Thought
(CoT)

Input

\
Output

!

Thoughts:
Unscored l *
Il ﬁ\ /
MNegative
- sSCore Output Abandon a chain OUtPUt

Dependencies
between thoughts

s . Kﬂﬂ novelty 1 CoT): Selecting
]E[ Abandon thought m m&mﬂﬂe uﬂl.;: Eae:srll ;vct:::e
within a chain of thoughts

*.. Backtrack

Besta, et al., arXiv: 2308.09687

Branching out
from a chain

Key novelty
(beyond CoT-SC):
Generating several
new thoughts based
on a given arbitrary

T

Tree of Thoughts (ToT)

Backiracking
from a chain

Intermediate
thoughts are
also scored

AR R HEEE BRI

ez X ¥
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[This work]

Refining

Backtracking

Aggregatin Aggregating
e g
Key novelty (beyond ToT):
Arbitrary graph-based thought Output
transformations (aggregating
thoughts into a new one,
looping over a thought to

refine it)

11
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LOCA: LoGgICcAL CHAIN AUGMENTATION FOR SCIENTIFIC

CoORPUS CLEANING
Submitted to ICLR 2026

You-Le Fang':* Dong-Shan Jian'* Xiang Li*

Ce Meng' Ling-Shi Meng! Chen-Xu Yan' Zhi-Zhang Bian' Yan-Qing Ma!:?
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Augmented Answer

Chain Completion h (Agug)
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True
——e

True
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False

Nyrg = N

si = (Si1 0 Sik)
> o=
Structured Decomposition aY—
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“Correct”
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Table 1: Performance comparison on PHYBench. We report the residual error rate (%) of the accepted
set, with its size (number of QA pairs) in parentheses. An ideal method minimizes the error rate, our
primary focus, while maximizing the size of accepted set. Bold indicates the best result for each LLM.
LOCA consistently achieves a superior trade-off, significantly reducing the error rate while retaining a large

accepted set.

Method

Gemini 2.5 Pro

03

DeepSeek-R1

GPT-5

Direct Prompting
Zero-Shot-CoT
Few-Shot CoT

CoT-SC
ToT
GoT
MAD
Review-SC
Self-Reflection

6.25% (48)
11.76% (51)
7.84% (51)
10.42% (48)
9.43% (53)
7.14% (42)
8.57% (70)
12.66% (79)
10.39% (77)

10.00% (30)
12.50% (32)
13.16% (38)
12.12% (33)
16.00% (25)
14.81% (27)
9.62% (52)
15.38% (78)
12.50% (80)

12.50% (24)
7.14% (42)
5.71% (35)
9.09% (33)
8.57% (35)
9.09% (22)
10.71% (56)
17.05% (88)
16.46% (79)

12.24% (49)
15.91% (44)
10.20% (49)
12.90% (31)
8.16% (49)
13.04% (23)
7.02% (57)
14.63% (82)
11.84% (76)

LOCA (ours)

1.69% | (59)

4.26% (47)

10.26% (39)

6.56% (61)
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Table 2: Comprehensive comparison across various datasets. Results are also presented as: residual error
rate (%) (accepted set size). Bold indicates the best method for each dataset. LOCA consistently achieves
the lowest error rates across three datasets, demonstrating robust performance.

Method PHYBench PHYSICS  ABench-Physics
Direct Prompting 6.25% (48) 9.52% (63) 10.26% ('78)
Zero-Shot-CoT 11.76% (51) 10.17% (59) 10.00% (80)
Few-Shot CoT 7.84% (51) 6.67% (60) 11.69% (77)
CoT-SC 10.42% (48) 8.20% (61) 6.67% (75)
ToT 9.43% (53) 6.90% (58) 7.50% (80)
GoT 7.14% (42) 6.78% (59) 6.67% (75)
MAD 8.57% (70) 6.25% (48) 8.70% (69)
Review-SC 12.66% (79) 12.35% (81) 8.51% (94)
Self-Reflection 10.39% (77) 11.11% (72) 7.61% (92)
LOCA (ours) 1.69% (59) 1.64% (61) 1.22% (82)
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=== Human Experts on Full PHYBench

LLMs on PHYBench (Raw, 100 Qs)
LLMs on PHYBench (Filtered, 59 Qs)
LLMs on PHYBench (Corrected, 100 Qs)
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Figure 2: LLMSs’ performance on different versions of PHYBench. We compare model performance on 3
versions of PHYBench: the original Raw set (100 Qs); the high-accuracy Filtered subset accepted by LOCA
(59 Qs); and the Corrected set (100 Qs), where flawed QA pairs are manually fixed. 18
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1. 2HER (PromptTE) : AHFAESCHREIABRREGEFERR

(20JSON) HYER<, %}:Elaé’l\*ﬁi

2. Function Calling (RZiEH) :

= FETIT

OpenAlIF AR B RARSER . LLMAK

B ENE LY, ﬁﬁ%ﬂl&(a”ziﬁ}%mfﬂﬁi FARERELE (TR) .

3. Tool Calling (T EiBHA) : Function Callingfy:z 1k#E4, TERNXERE,

0 E] U EESMER ] A El’\] AR

(API, CL&p<. #1H<F) . IEMAER

RAVHIFRECBE /7 (ZAGPT, Claude, Llama%s)
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APRE—FEINTENZFNIER (M SKEBEENRKIEATE? )
LMHAMTE S FZIEATRMEKIBARAMAN TR (get_weather(location))

LLM&g tH — 454 B9 Tool CalliEk (BEZIJSONIBT) , B2 TEBRMSEL
NAEFERENEKRE, LB PRITXY N TEREE0E B IMNBAPI,
TEHNITHER (20{“temp": 18, "condition": "Sunny"} ) 1R [EZFLLM,

LLMIE@ T BIREBIMNEEE, FHFRBHEEACARONBERBEEESA, ("9 XIH

TR, WRBEBRE. ") .
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1, BT HE=R:

BB EMERAK. AN, BRARMEEEE
- TESHW: EM— 1 IENEEITEE (20Python math, numexpr) HFFSITESIZE (2SymPy)

2, AADMRRERS:

Wi BRIV, SCHFAIE (PDF, Excel) . EREENIT. VIssF IR,

« ITASHW: A 1"RENEBNES (D5E) SEM. TR (BFEZPython) | FiREIZ
Miad (WEXR) . XRE&EBEANIAZ—,
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B MCPiY: iRt T B RRiESe

0 RHENAN ABEEATHE TEEMMAE,
TERNERETE Ft.

A A FTIY (Model Context Protocol)

« —/NHAnthropicERA S ESHHAMIRENN, ATFEXLLMN ATRRF (Clients) ST HREIEMHF
(Servers) Z [B]aR1aE(E.
- BRI EARASANHFX#EM, ST AR BIERIA".
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v
D
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MCP Server (TEARERE) @ — MR m#ERE, MTRREE—ZHTIER (Tools) . #iER
(Resources) FFHFTEA]. HaN, TTUE—1EF T BServer”, — /AT EIEEServer”,
MCP Client (Z i) . BEE2ANBARERILLMYES (Claude Console, Cursor IDE)

EIZE|— DI ZPMCP Server, FERServerfg ftfy T A% FREHILLM,
MCP’[}M}L FEFJSON-RPCE|SSE, E X T ClientfiServerz [EiB{EA0E BT, ©7E:
e list_tools: ClientZEjgServerig T HRLET A

 call_tool: ClientigskServerfif7HENTH.,
* read_resource: ClienthA\ServeriZENEIE (WIXHERZR) .
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