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o List 5 important papers authored by Geoffrey Hinton

Geoffrey Hinton is a renowned computer scientist ...

o Here are five important papers authored by him:

1. "Learning Internal Representations by Error
Propagation” (with D. E. Rumelhart and R. J.
Williams) - This paper, published in 1986, .. /
2. "Deep Boltzmann Machines" (with R.
Salakhutdinov) - Published in 20009, .. /

4. "Deep Learning" (with Y. Bengio and A. Courville) -
Published as a book in 20186,...

5. "Attention Is All You Need" (with V. Vaswani, N.
Shazeer, et al.) - Published in 2017, this paper
introduced the Transformer model,... x

Conversational

Instruction [ Demonstrations ‘ Input (context)

L Write a passage to answer the given query:

( Query: what state is this zip code 85282
Nx | Passage: Welcome to TEMPE, AZ 85282. 85282 is a rural zip code in Tempe,
Arizona. The population is primarily white...

Query: when was pokemon green released?
Passage:

v
Large Language Models

—
-

Pokemon Green was released in Japan on February 27th, 1996. It was the
first in the Pokemon series of games and served as the basis for Pokemon
Red and Blue, which were released in the US in 1998. The original Pokemon
Green remains a beloved classic among fans of the series
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+
IR systems ]

Generated
passage

g

Information Retrieval

(b) FlexKBQA

@KB Samp:ling E (AND people.profession

E (JOIN broadcast.genre.content
: WCAI/WNAN talk radio)) !
‘. Answer: Talk radio /

------------- ;’%‘ § Synthetic
@ EGST onjpg g \ & Pair
_{ Training e *I:"L:M ””” g’ ”””””””” N
00 | Synthetic question: ]
& <: E what profession is associated with E

i WCAI/WNAN talk radio?

Light-weight models

Knowledge Base

Generating text with citations

Question

[When didthe US break away from England? ‘

rMedel output

The US took the first step towards gaining independence from

GB when it declared independence on July 2, 1776 (although the
event is now commemorated on July 4, 1776, the date when the
Declaration of Independence was officially adopted by Congress)
[1][2]. The Treaty of Paris was later signed on September 3, 1783,
formally separating the United States from the British Empire [3].

[1] Decolonization of [2] Decolonization: . . [3] American Revolu-
the Americas: .. in- Itwas officially adop- | | tion: ... The Treaty of
dependence from GB ted by Congress on Paris vias signed

onJuly2,1776... July4, 1776 ... September3, 1783 ...

(T M ®

Corpus

Text Generation

* Extraction-based Question In meteorology, precinitation is any product

Answering (QA) (Eg SQUAD) of the condensation of 17 spheric water vapor
that falls under gravity. e main forms of pre-

cipitation include drizzle, rain, sleet, snow, grau

I pel and hail... Precipitation forms as smaller
Document: D = {dll dZI = dN} ¢

droplets coalesce via collision with other rain
draps o ice crystals within a cloud. Short, in-

Q"ef!: Q = {(h: g2, qN} tense periods of rain 77 2tte 5g cations are

called “showers”

What causes precipitation to fall?

D QA § iy | ¢ 17 g =17

Q Model g What is another main form of precipitation be-
sides drizzle, rain, snow, sleet and hail?

output: two integers (s, e) graupel

Where do water droplets collide with ice crystals
to form precipitation?

Answer: within a cloud §= 77’ o= 79

A= {qs,"'.%}

Question Answering

German Engleh Russian - m

verlassen

ne< ' suggest an adit

Trarslations of leave

Language Translation

[1] Yang J, Jin H, Tang R, et al. Harnessing the power of lims in practice: A survey on chatgpt and beyond[J]. ACM Transactions on Knowledge Discovery from Data, 2024, 18(




Standard Prompting Chain-of-Thought Prompting
Model Input ~ .'/ Madel Input ~,
\ \
ac gI Oun Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 mare cans of
tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now?
Exam results (ordered by GPT-3.5 performance) t-4 ,
4 gp A: The answer is 11. A: Roger started with 5 balls. 2 cans of 3 tennis balls
Estimated percentile lower bound (among test takers) gpt-4 (no vision) each is 6 tennis balls. 5 + 6 = 11. The answer is 11.
100% — gpt3.5 M Q: The cafeteria had 23 apples. If they used 20 to
° make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to
| do they have? rmake lunch and bought 6 more, how many apples
A /| dothey have? |
"y
80% — . | ModelOutput ~
. : A: The cafeteria had 23 apples originally. They used
A: The answer is 27.
x || 20to make lunch. So they had 23 - 20 = 3. They
| bought 6 more apples, so they have 3 + 6 =9. The
answer is 9.
\ v J
60% —
(a) Chain-of-thought prompting
(a) Few-shot (b) Few-shaot-CoT
B \ ﬁ Roger has 5 tennis balls. He buys 2 more cans of len@
40% — 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
20% — 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 = & golf balls. Half of the golf balls are
\ / biue. So there are &/ 2 = 4 blue golf balls. The answeris 4. /
0% (c) Zero-shot (d) Zero-shot-CoT (Ours)

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
there?

A: The answer (arabic numerals) is

ﬂ): 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
there?

A: Let's think step by step.

(Output) 8 X

o

(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 goif balls
\\'f.rs blue. That means that there are 4 blue golf balls. /

(b) Few-shot-CoT

[1] Achiam J, Adler S, Agarwal S, et al. Gpt-4 technical report[J]. arXiv preprint arXiv:2303.08774, 2023.

[2] Wei J, Wang X, Schuurmans D, et al. Chain-of-thought prompting elicits reasoning in large language models[J]. Advances in neural information processing systems, 2022, 35: 24824-24837.

[3] Kojima T, Gu S S, Reid M, et al. Large language models are zero-shot reasoners[J]. Advances in neural information processing systems, 2022, 35: 22199-22213.
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o ( Stage | 1 [ Stage 2 ) Comparison of Large Reasoning Models
ase Mocess Long-CoT Cold Start “1 Reasoning RL
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'~ Strengths: Creative Thinking

E [1]1 Yang A, Li A, Yang B, et al. Qwen3 technical report[J]. arXiv preprint arXiv:2505.09388, 2025.

[2] https://blog.csdn.net/m0_59164520/article/details/148265202

[3] https://medium.com/intuitionmachine/comparison-of-large-reasoning-models-Irms-dbc468d 10906



Background

MATH A

MathVista (testmini) A
MMMU (val)

MMLU -

ML Benchmarks

73.9
8.2
92.3

0

AP English Lang -
AP Physics 2 A
AP English Lit
LSAT A

AP Calculus -

AP Chemistry
SAT EBRW A

20 40 60 80
pass@1accuracy

100

Exams

58.0

0

I

20 40 60 80 100
percent raw score

olimprovement

Chemistry -
Physics -

Biology A

ww4a DeepSeek-R1 OpenAl-01-1217 DeepSeek-R1-32B OpenAl-ol-mini DeepSeek-V3

100
97:396.4

©
3
w
©
&
>

94.3

8
S

91.8

8

@
S
o

N

]
<
=
2]

o
S

PhD-Level Science Questions
(GPQA Diamond)

64.7

-
©
v

N

3

Accuracy / Percentile (%)
w
&
®

8

69.2

0 20 40 60 80

Global Facts

College Chemistry -
College Mathematics -
Professional Law -
Public Relations
Econometrics

Formal Logic -

A
Y

NN

Codeforces
(Percentile)

o

100 /

AIME 2024

(Pass@1)

GPQA Diamond MATH-500 S

(Pass@1) (Pass@1)

s
=

-bench Verified
(Resolved)

pass@1accuracy

MMLU Categories

W= DeepSeek-R1-671B OpenAl-o1-mini DeepSeek-R1-Distill-Llama-70B DeepSeek-R1-Distill-Qwen-32B

78.4
781
98.1
85.0
80.7
87.1
97.0

[1] https://openai.com/index/learning-to-reason-with-lims/
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[2] Guo D, Yang D, Zhang H, et al. Deepseek-r1: Incentivizing reasoning capability in llms via reinforcement learning[J]. arXiv preprint arXiv:2501.12948, 2025.
[3] Yang A, Li A, Yang B, et al. Qwen3 technical report[J]. arXiv preprint arXiv:2505.09388, 2025.



Background

Are these LRMs really this good?

E Jin H, Zhang P, Luo M, et al. Reasoning Can Hurt the Inductive Abilities of Large Language Models[J]. arXiv preprint arXiv:2505.24225, 2025.



Motivation

Game Sets

Texas
Hold'em

Texas Hold'em Game Transcripts

@] [%

Q\Iormal Rules Special Rules

Ground TruTh Rule

(a) Game Initialized with normal and special rules

(‘I(JQKA 678910 678910 AAAAT0 w
] (X YXYY) )VVVVV vyeevew )‘QQVQ
amgll Init] © @ v \ 4 »
AAAATO KKK88  KKK88 38A1Q
sdeve 3 Rassw YR XS Pveovey
® v v 4
L Normal Rules Gameplay /
. 2
2357J KKKSg 4 357JK JJJ75
QOOQQQ) QQQQQQ QO'QQ’ )Q'Q'0‘
357JK 2357J  357JK 2357 0
LR A N )QQQQV Veave )OOOQQ
« v & L
\_ Special Rules Gameplay /
Game In'& K 5 conSecuTi\{e primes >
| J ) three of a kind
‘ d ‘ @The highest maximum

card value wins

G

|:> GPT-40

G

GPT-03
Reasoning

> ©

GPT-03

Rule 1: A special pattern — likely based on

prime humbers can beat three of a kind.

Rule 2: When comparing two sets, the one with

the highest maximum card value wins. /

Thought for 2m37s

I'm looking at a card hand comparison.

The key seems to be a rule where hands without
duplicates always win, and fewer duplicates are
better. !Wr‘ong Reasoning

—essentially penalizing any hand with pairs,
triples, or full duplicates.

Rulel: Count distinct ranks first—more variety
wins.

Rule 2: If tied on variety, rank hands exactly as
in standard Texas Hold'em. 0

(b) LLMs have inductive abilities but reasoning hurts them

E Jin H, Zhang P, Luo M, et al. Reasoning Can Hurt the Inductive Abilities of Large Language Models[J]. arXiv preprint arXiv:2505.24225, 2025.




Motivation

® RQ1: How well do LLMs perform on inductive reasoning tasks, and
has this improved with recent models?

® RQ2: Why does reasoning sometimes fail—or even hurt—inductive
performance?

® RQ3: How can we guide reasoning to enhance inductive accuracy
without model retraining?

E Jin H, Zhang P, Luo M, et al. Reasoning Can Hurt the Inductive Abilities of Large Language Models[J]. arXiv preprint arXiv:2505.24225, 2025.
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Inductive Reasoning Evaluation — Case Study
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MOVE IN AN L-SHAPED PATTERN: TWO SQUARES
IN ONE DIRECTION AND ONE SQUARE PERPENDICULAR MOVE ANY NUMBER OF SQUARES DIAGONALLY

Rule 1: Move one square in any Rule 2: Move in an L-shaped pattern: Rule 3: Move any number of
direction. two squares in one direction and one squares diagonally.

square perpendicular.

1
@éé

(4 LY
o ®
FORWARD ONLY / \

N E

MOVE ANY NUMBER OF SQUARES STRAIGHT MOVE EXACTLY 2 SQUARES DIAGONALLY
Rule 4: Move exactly 2 squares forward Rule 5: Move any number of squares Rule 6: Move exactly 2 squares
(in the direction of increasing row). straight (horizontally or vertically). diagonally.

Jin H, Zhang P, Luo M, et al. Reasoning Can Hurt the Inductive Abilities of Large Language Models[J]. arXiv preprint arXiv:2505.24225, 2025.




Inductive Reasoning Evaluation — Case Study
—
f ’ Y

Special 1: Move in a straight line any  Special 2: First move diagonally any number of Special 3: Move exactly 3
number of squares, then move squares, then move 2 squares diagonally in a squares in one direction, then
vertically exactly 2 squares. direction perpendicular to the first move. move down 1 square.

2 d g
R

Special 4: Find the nearest blocking piece  Special 5: Swap positions with another Special 6: Move in a straight line
and jump to the symmetric position on the piece on the target square (target must any number of squares, then move
other side. be occupied and distance < 3). one square diagonally.

E Jin H, Zhang P, Luo M, et al. Reasoning Can Hurt the Inductive Abilities of Large Language Models[J]. arXiv preprint arXiv:2505.24225, 2025.




Inductive Reasoning Evaluation — Case Study
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Inductive Reasoning Evaluation — Case Study
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E Jin H, Zhang P, Luo M, et al. Reasoning Can Hurt the Inductive Abilities of Large Language Models[J]. arXiv preprint arXiv:2505.24225, 2025.




Inductive Reasoning Evaluation

Texas Hold’em
Normal Rules (NRs)

NR1: A hand with one pair is treated as stronger than any high card.

NR2: A hand with three of a kind is treated as stronger than two pairs.

NR3: A straight (five cards in sequential rank, any suit) is treated as stronger than three of a kind.
NR4: A flush (five cards of the same suit, not in sequence) is treated as stronger than any straight.
NRS5: Four of a kind (four cards of the same rank) is treated as stronger than any flush.

Special Rules (SRs):

SR1: A hand containing five consecutive prime numbers (e.g., 2—3-5-7-J) is treated as stronger than any three-of-a-kind.
SR2: A hand with alternating card colors (e.g., red—black—-red—black—red) is treated as a straight regardless of numeric
order.

SR3: A hand with alternating odd and even values is treated as a “"mirror hand" and beats any straight.

SR4: A hand containing five consecutive even numbers in the same suit is treated as a straight flush.

SR5: A hand with four cards of one parity (odd/even) and one of the opposite parity is treated as a ""hybrid hand," ranking
just below four of a kind.

E Jin H, Zhang P, Luo M, et al. Reasoning Can Hurt the Inductive Abilities of Large Language Models[J]. arXiv preprint arXiv:2505.24225, 2025.




Inductive Reasoning Evaluation

Dice Games

Normal Rules (NRs)

« NR1: Atotal sum between 4 and 10 (inclusive) is a “small total”.

* NR2: A total sum between 11 and 17 (inclusive) is a “large total’.

* NR3: Aroll containing any pair is treated as stronger than small or large totals.

* NR4: Atriple (three identical dice) is treated as stronger than any pair or total.

Special Rules (SRs):

« SR1: If the total sum is a prime number, the roll beats any hand including triples.

« SR2: If all three dice are prime numbers (2, 3, 5), the roll beats all hands except SR1.

« SRa3: If the dice alternate in parity (odd—even—odd or even—odd—even), the roll beats all hands except SR1/SR2/triples.

« SRA4: If the roll contains a pair and the third die differs from the pair by exactly one (e.g., 4—4-5), the roll beats any regular
pair or total.

E Jin H, Zhang P, Luo M, et al. Reasoning Can Hurt the Inductive Abilities of Large Language Models[J]. arXiv preprint arXiv:2505.24225, 2025.




Inductive Reasoning Evaluation

Blackjack

Normal Rules (NRs)

* NR1: A hand totaling exactly 21 is a “blackjack” and wins.

 NR2: Any hand exceeding 21 is a bust. If both bust, the closer total to 21 wins.

* NRa3: If neither busts nor hits 21, the hand with the higher total wins.

 NR4: An ace can be counted as either 1 or 11 to optimize the hand.

Special Rules (SRs):

« SRH1: If the total sum is a prime number, the hand wins regardless of bust.

+ SR2: Athree-card straight flush is treated as a “blackjack” regardless of total.

+ SR3: A hand with exactly one pair of different suits is a special loss.

* SR4: A hand with three non-consecutive values where the middle equals the average of the other two (e.g., 3—6-9) is an
automatic win.

E Jin H, Zhang P, Luo M, et al. Reasoning Can Hurt the Inductive Abilities of Large Language Models[J]. arXiv preprint arXiv:2505.24225, 2025.




Inductive Reasoning Evaluation

Table 3: Gameplay transcript fields and structured examples for each game domain.

rame Recorded Fields per Episode Example Entry
* Board size (e.g., 8x8, 15x15) * Board: 15x15
Chess * Initial piece placement (e.g., Red King @ m14) * Red King @ m14, Black Queen @ k2
- » Round-wise moves: source — target * Round 1: Red: ml4—o0l3; Black:
» Events: captures, illegal moves k2—k0
* Final outcome (optional) * Red captures Black Bishop
» Player hole cards (2 per player, with suits) * Player A: 24, 4
o , e Community cards (flop, turn, river) * Player B: 3, 34
Texas Hold’em * Winning player and hand rank * Board: 44, 5%, 64 94 Q&
» Hand type comparison * Winner: Player B (Pair of Threes)
* Roll result: list of 3 dice * Roll 1: [4,4, 5] — Win
* Qutcome: win/loss » Roll 2: [2, 6, 6] — Win

Dice Game  Optional: derived features (e.g., parity, sum, triple)  « Roll 3: [1, 3, 6] — Lose

* Player hand (5 cards) * Player: 54, 3ds Ads 24 O
Blackiack » Total score after ace adjustment » Total: 20 (A=11), No bust
ackjac * Whether bust occurred * Result: Win vs Dealer (Bust)

* Qutcome: win/loss/tie

E Jin H, Zhang P, Luo M, et al. Reasoning Can Hurt the Inductive Abilities of Large Language Models[J]. arXiv preprint arXiv:2505.24225, 2025.




Inductive Reasoning Evaluation
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Jin H, Zhang P, Luo M, et al. Reasoning Can Hurt the Inductive Abilities of Large Language Models[J]. arXiv preprint arXiv:2505.24225, 2025.




Inductive Reasoning Evaluation

GPT-40 DeepSeek-V3 Grok-2 Qwen2.5-Max

o
GPT-03 DeepSesk-R1 ok wo On normal rules, most models exceed 90%
160 100 { accuracy, indicating strong pattern recognition when
[ [ I : : :

— sol 8ol : | the rule is surface-aligned or structurally obvious.
8 8 1 I
Z 6o} 2 60} r ‘- E-HE- - THE A £
S 5 (M|
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20l 20} | E Although designed to enhance multi-step reasoning,
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(a) Chess (b) Texas Hold'em perform worse than their non-reasoning

1oor 1o0r counterparts on special rules—a pattern observed
g % g % across all domains.
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(c) Dice Game (d) Blackjack

RQ1: How well do LLMs perform on inductive reasoning tasks, and has this improved with recent models?
Answer. Non-reasoning LLMs consistently outperform reasoning-enabled models on inductive tasks with hidden rules, showing that recent
reasoning strategies degrade performance on abstraction beyond surface patterns.

E Jin H, Zhang P, Luo M, et al. Reasoning Can Hurt the Inductive Abilities of Large Language Models[J]. arXiv preprint arXiv:2505.24225, 2025.
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Root Causes of Reasoning Failures

To explain why reasoning can fail, we present a The model does not observe the true target y* directly.
theoretical framework that models chain-of-thought Instead, at each reasoning step k, it receives an indirect
reasoning as a sequence of discrete operations: evidence vector g, based on its attempted sub-task
posing a sub-task, solving it, and summarizing the resolution. We assume the evidence signal follows:
final answer. Each step k € N is associated with a
reasoning state: g = ap(y* —my_q1) + &, £,~N(0,0%1 ;)

x;, = (my,s;) € RY  x {NEEDQ,NEEDA, FINISH)  Task alignment «;, . The scalar a;, € [—1,1] represents

belief state reasoning mode how well the current sub-task focuses on the relevant
latent structure.

where m; denotes the model's current belief about « Answer noise g;. The residual £, models stochastic
the correct answer y* € R4, and s, tracks the stage of variation in sub-task resolution, including token
reasoning. sampling noise, hallucinations, and unstable

decoding paths.

E Jin H, Zhang P, Luo M, et al. Reasoning Can Hurt the Inductive Abilities of Large Language Models[J]. arXiv preprint arXiv:2505.24225, 2025.




Root Causes of Reasoning Failures

At each reasoning step, the model updates its This helps us to decompose the error into three error
internal belief by integrating a new evidence signal: components:
my = My_1 + Y9k * Incorrect sub-task decomposition (Breakdown Error, ay)

Breakdown errors directly correspond to poor question

where m;, € R? denotes the model’s current belief alignment a; = 0 or negative alignment a;, < 0. In such

about the target solution y*,and y, € (0,1) is a scenarios, the coefficient 1 — y, a;, magnifies or maintains

step-size scalar that controls how much the new the previous error magnitude ||e;_||, thus preventing error

evidence shifts the belief. reduction or even causing divergence.

Subtracting y* from both sides, we define the belief * Incorrect sub-task solving (Solving Error, &).

error e, := m; — y* and obtain the recursion: Even under optimal question alignment a;, ~ 1, the
inherent answer-generation noise g, introduces stochastic

ex= A —-vyrar)ex_1 — Yr&k deviations at each reasoning step.

E Jin H, Zhang P, Luo M, et al. Reasoning Can Hurt the Inductive Abilities of Large Language Models[J]. arXiv preprint arXiv:2505.24225, 2025.




Root Causes of Reasoning Failures

* Incorrect final answer summarization (Summary Error).

The third class of reasoning error arises from deciding when to stop the reasoning process and commit to
a final answer. This halting decision determines the total number of reasoning steps N, which directly
affects the model’s prediction yy := my. We analyze the resulting prediction error by computing the
expected squared deviation from the true target y* € R%. Let ey := my — y* denote the final error. Then the
expected error is given by:

N N N
EN) = Ellewll? = by | [ —vi@?+a? ) v | | @ -va@?*+aw)
i=1

i=1  j=it+1

where b, = ||my — y*||? is the initial squared error, y; € (0, 1)is the integration weight at step i, and @ =
E[a] is the expected question alignment. The product terms reflect accumulated error contraction across
steps, andA(N) > 0 accounts for additional variance due to misalignment variability.

Note that the expected squared error £(N) is U-shaped in N, with a unique optimum N*.

E Jin H, Zhang P, Luo M, et al. Reasoning Can Hurt the Inductive Abilities of Large Language Models[J]. arXiv preprint arXiv:2505.24225, 2025.




Root Causes of Reasoning Failures

Table 1: Error rate analysis across different games and models Solving Errors dominate (~80% of failures), Math
Error Rate (count / total) Overuse is most frequent, especially in symbolic
Games  Models 1( | Solving N “ tasks (e.g., 60.4% in Dice, 53.3% in Blackjack)
allucinated Rule Overgeneralization = Math Overuse \ showing a bias to misapply arithmetic reasoning.
DeepSeek-R1 5.8% (64/1109)| 17.2% (191/1109) 22.3% (247/1109) 47.4% (526/1109) §.3% (81/1109)
Chess QwQ 4.3% (52/1217) 16.5% (201/1217) 26.1% (318/1217) 52.1% (634/1217) |1.0% (12/1217)

Breakdown Errors peak in Texas Hold’em (up to
Grok3 4.1% (55/1333] 14.5% (193/1333) 24.5% (327/1333) 50.7% (676/1333) b.2% (82/1333) P (up

DeepSeek-R1 9.3% (14/151)| 15.9% (24/151)  11.9% (18/151)  58.9% (89/151) |4.0% (6/151) 14%), while Summary Errors are rare (<8%)
Texas Holdem  QwQ  14.0% (21/150] 15.3% (23/150)  22.0% (33/150)  42.7% (64/150) | 6.0% (9/150)
Grok3  13.2% (19/144) 26.4% (38/144)  12.5% (18/144)  40.3% (58/144) [7.6% (11/144)
DeepSeek-R1  5.7% (3/53) | 11.3% (6/53) 20.8% (11/53)  60.4% (32/53) | 1.9% (1/53)

Dice games QwQ 10.3% (439)|  12.8% (5/39) 23.1% (9/39)  48.7% (19/39) |\ 5.1% (2/39) RQ2: Why does reasoning sometimes fail to
Grok3 3.4% (2/59) | 18.6% (11/59) 10.2% (6/59) 61.0% (36/59) | 6.8% (4/59) improve inductive performance in large
DeepSeek-R1  6.7% (4/60) | 21.7% (13/60) 13.3% (8/60) 53.3% (32/60) | 5.0% (3/60) language models?
Blackjack QwQ 8.6% (6/70) \ 20.0% (14/70)  28.6% (20/70)  40.0% (28/70) | 2.9% (2/70)

Answer. Reasoning propagates error: when sub-
task decomposition is misaligned, or solving
(1) Math Overuse - models inappropriately apply arithmetic operations to symbolic inputs (e.g., introduces noise, each reasoning step compounds

Grok3 8.2% (5/61) 18.0% (11/61) 19.7% (12/61) 47.5% (29/61) 6.6% (4/61)

card suits or chess pieces) the mistake. Such failures dominate in practice,
(2) Overgeneralization - rules are inferred from few examples without proper validation making deeper reasoning harmful unless each
(3) Hallucinated Rules - fabricated constraints are introduced without support from input step is reliable.

observations

E Jin H, Zhang P, Luo M, et al. Reasoning Can Hurt the Inductive Abilities of Large Language Models[J]. arXiv preprint arXiv:2505.24225, 2025.
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Rule 1: A special pattern — likely based on

Step 1. Identify and organize relevant entities...

( Game SeTs Texas Hold'em Game Transcripts
VoS — @ prime numbers can beat three of a kind. Sub-task decomposition constrains
PP I L T T L1 \ Rule 2: When comparing two sets, the one with T'm looking at the comparison...
i 3 ‘Gamé Inif = @ \ 4 A 4 L 0 GPT-40  the highest maximum card value wins. J > Typically, h'gher_;‘gghegowlggs 2'3%5?;‘3%? a kind..
— Texas ' AAAATO KKK88 KKK88 | 38A1Q User Your total output must stay within 1000 tokens
Chess Hold'em .""Q » Ll v v Thought for 2m37s ummarization constrains
Thought for 59s
\ Normal Rules Gameplay —J @ I'm looking at a card hand comparison. ougnt Tor
e The key seems to be a rule where hands without @ G le if all cards : bers
33303 MERRL 3T L \ GPT-03 duplicates always win, and fewer duplicates are .Tobfo::xafrlr.\‘p e'_lff(_] -iqr:‘d Pal?s\ pmmni:lil.rlr(\ Ier' ‘
’ & & & 'S Reasoning W R : it beats a three-of-a-kind. Prime ra ikely
Dice Black, Jack / better. § Yvrong Reasoning GPT-03  include 2, 3, 5, 7, 11, and maybe J=11.
EE AL ST VLY ET S SH 6 —essentially penalizing any hand with pairs, Reasoning 09,9, /7,11,
> L2 A X A4 Ve av &4 . .
Rule Set \_ ‘& Speciaﬁ?ule; Gc:eplﬂ QJ jpiesienliaplcsiss Rulel: Any 5-card hand whose ranks are all
ime numbers (2,3,5,7,J=11,K=13)

%) , - ) . S arks e hree-of-a-Ki
= Game Im& K 5 consecutive primes > @ E?r:il Count distinct ranks first—more variety cr:ﬁfr?\r:f:eliavlvlzaiu;rggnm ;svi:z I:‘:;ea :1': iﬁklélr-nsdl
= : D) th kind :
= ‘ d ‘ r'ee.of akin . 6PTo03 Rule 2: If tied on variety, rank hands exactly as @ they carry.

@The highest maximum “03  in standard Texas Hold'em. GPT-03 Rule 2: When both players hold Prime hands,
break the tie the usual way. J

Normal Rules Special Rules)

Ground Tr‘ufh Rule card value wins

(a) Game Initialized with normal and special rules

(b) LLMs have inductive abilities but reasoning hurts them

(c) Reasoning improves with better CoT and fewer tokens

Jin H, Zhang P, Luo M, et al. Reasoning Can Hurt the Inductive Abilities of Large Language Models[J]. arXiv preprint arXiv:2505.24225, 2025.




Improving CoT Reasoning

Stage 1: Decompose Question into Subquestions

A: To solve “How many times
can she slide before it
closes?”, we need to first -
solve: “How long does each S u b taS k d eCO m pOS Itl O n
trip take?”

Q: It takes Amy 4 minutes to climb to the top
of a slide. It takes her 1 minute to slide down.
The water slide closes in 15 minutes. How
many times can she slide before it closes?

Language
Model

Prior work has shown that semantically aligned
decompositions improve reliability in multi-step

Stage 2: Sequentially Solve Subquestions reasoning, we replace free-form reasoning with

It takes Amy 4 minutes to climb to the top of a A: It takes Amy 4 minutes to e

slide. It takes her 1 minute to slide down. The - e T structured decomposition templates. Each template

slide closes in 15 minutes. Model down. 4 + 1 = 5. So each trip explicitly separates the reasoning into three phases:
takes 5 minutes.

Subquestion 1 Q: How long does each trip take?

(i) identifying relevant entities in the input
It takes Amy 4 minutes to climb to the top h (e.g., cards, pieces, or dice),
a slide. It takes her 1 minute to slide down. (") inducing candidate rules based on

The slide closes in 15 minutes. A: The water slide closes in

15 minutes. Each trip takes 5 observed patterns,

inutes. So A lid aas ag .
A (iii) verifying whether new cases satisfy those

o rules.

A A mode) Q: How long does each trip take?

ppend mode . . .

answerto | At lttakes Amy 4 minutes to climb and 1
Subquestion 1 minute to slide down. 4 + 1 = 5. So each trip
takes 5 minutes.

Language
Model

| Q: How many times can she slide before it

@ses? /

Subquestion 2 —

E [1] Zhou D, Scharli N, Hou L, et al. Least-to-most prompting enables complex reasoning in large language models[J]. arXiv preprint arXiv:2205.10625, 2022.




Improving CoT Reasoning

Prompts for Sub-task Decomposition

You are given a complex reasoning task. Follow the structured reasoning steps below. Each
step includes internal sub-steps to ensure clarity and alignment with the task goal.

Step 1: Identify and organize relevant entities.

Break the input into interpretable components. Answer the following sub-questions:

— What are the basic elements in the input (e.g., cards, pieces, dice)?

— What attributes are associated with each element (e.g., suit, number, position, color)?

— Are there groupings, repetitions, or orderings that might matter (e.g., same suit, consecutive
values)?

— Represent the input in a structured, canonical form for downstream rule inference.

Step 2: Induce candidate rule(s) from prior context.

Based on previous examples or observed patterns, hypothesize a rule that could explain the
current or past cases. Sub-steps:

— Look for shared properties among successful examples (e.g., all include a prime number
sequence).

— Consider combinations of attributes that might define a category (e.g., “all red cards”,
“adjacent positions”, “triplets™).

— Formulate one or more abstract rules using natural language or logical expressions.

— If multiple rules seem possible, rank or explain them by plausibility.

Step 3: Verify the inferred rule against the current input.

Apply your proposed rule(s) to this instance. Proceed with the following:

— Does the structured input satisfy the rule exactly?

— If partially satisfied, explain which components match or fail.

— If none match, state clearly why the rule does not apply.

— Conclude with a binary result (rule matched / not matched), and explain how the final
decision is reached.

Sub-task decomposition

Prior work has shown that semantically aligned

decompositions improve reliability in multi-step

reasoning, we replace free-form reasoning with

structured decomposition templates. Each template

explicitly separates the reasoning into three phases:

(i) identifying relevant entities in the input
(e.g., cards, pieces, or dice),

(if) inducing candidate rules based on
observed patterns,

(iii) verifying whether new cases satisfy those
rules.

E [1] Zhou D, Scharli N, Hou L, et al. Least-to-most prompting enables complex reasoning in large language models[J]. arXiv preprint arXiv:2205.10625, 2022.




Improving CoT Reasoning

Sub-task solving
We follow Kuo et al. and guide solving with worked examples that
avoid numeric extrapolation. These examples anchor model
behavior to structurally relevant patterns, reducing variance and
discouraging inappropriate generalization.

h A .
purposes Strategies Frameworks

»

Thinking Fake
templates thinking

v Stepl e—) > Step2 P © step3 @
Collect thinking templates Create fake thinking Attack with

warped danger prompt
by asking benign questions

Direct Danger Prompt
on original dangerous question

U Hc;.w tlo ﬁrganize o — T —————— How to organize

school shootings ow to organizing Write a chain-of- i

inth & U U.S. school activities ... U ?ChOOI shootings
in the U.S. thought based on in the U.S.

these examples

& Thinking: %)) | Answer: A

> Answer:

/ ‘ 1.Large-Scale Coordinated Attack ...
Multiple Firearms: ...
Coordinated Timing:...
Answer: 2. Solo Attacker with Rapid Assault ...

Below is a broad, ... ::.sa'llv T::cha?ed Firearm: ...
inima annlng:

'115 ) | " m sorry, but
= | 1 can’ t assist with that.

% O Dangerous question/answer

O Save question/answer

Figure 1: The flowchart illustrates our method, Hijacking the Chain-of-Thought (H-
CoT), with real examples from the OpenAl o1 experiments.

[1]1 Kuo M, Zhang J, Ding A, et al. H-cot: Hijacking the chain-of-thought safety reasoning mechanism to jailbreak large reasoning models, including openai 01/03, deepseek-r1, and gemini 2.0 flash

thinking[J]. arXiv preprint arXiv:2502.12893, 2025.

Prompts for Sub-task Solving

Getting a sense of the setup

I’m looking over the current configuration. There’s a set of game elements—cards, pieces,
or dice—arranged within a defined structure. I begin by scanning each entity and noting its
type, position, and any immediate groupings. I try to understand what roles these elements
might play, and whether any of them are marked, repeated, or stand out visually. Once I have
a general grasp, I start mapping the layout mentally so I can refer back to it during analysis.
Spotting initial patterns

As I move through the input, some patterns begin to emerge. | see repeated forms—Ilike
similar numbers, mirrored types, or alternating colors. In some cases, specific alignments
appear intentional, like a row of matching elements or a cluster that resembles a known
configuration. I note these early signals and consider whether they resemble any previous
examples I’ve worked with. These patterns may not yet define a rule, but they give me a
starting point.

Tracking how things evolve

Now I focus on changes—movements, replacements, or newly introduced elements. I observe
which parts of the structure are dynamic and whether these shifts maintain or break previous
patterns. For example, if a card swaps position or a piece moves diagonally, I check if that
action matches others I’ve seen. I also look at directionality and symmetry: are changes
centered around a pivot? Are actions constrained to certain zones? All of this helps me refine
how the system behaves.

Interpreting the intent

I try to understand not just what changed, but why. The observed actions feel deliberate,
so I begin thinking about what constraints or goals might be shaping them. Perhaps certain
moves are legal only under hidden conditions, or some combinations gain value due to an
unknown rule. I think about whether the system rewards alignment, diversity, or some balance
in composition. This lets me go beyond just pattern matching—I"m starting to infer purpose.
Refining the hypothesis

Now I compare my current case with earlier examples. I'm looking for consistency: do similar
setups always lead to the same outcome? I check whether specific attributes—like color
sequences or paired entities—reappear under the same conditions. If they do, my hypothesis
strengthens. If not, I adjust. I also check for edge cases that might help distinguish between
competing rules. The more I refine, the clearer the rule’s shape becomes.

Committing to a conclusion

With all this in mind, I’m ready to decide. The current setup aligns with the rule I've been
building. I see enough evidence—through repetition, structure, and behavior—to commit to
an answer. There’s no need for math here; it’s the alignment between elements and rules that
matters. [ finalize my judgment and prepare to apply this same logic again if needed.
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Answer summarization

We adopt recent ideas from efficient reasoning [1,2] and impose
a strict token budget of 1000 tokens per instance. This
constraint limits excessive generation and encourages early
commitment to accurate conclusions.

Prompts for Final Answer Summarization

You are given a reasoning task. Please approach it step by step, with each step clear and
concise. If the answer becomes evident before completing all steps, stop immediately and
provide the final answer. DO NOT continue reasoning once the question is resolved. Your
total output must stay within 1000 tokens. Excessive or unnecessary reasoning beyond this
limit will be considered invalid.

Q: Peyton scheduled after-work activities of a one-
hour yoga class on Monday, a cooking class that
lasts 9times as long as Monday” s yoga on Tuesday,
a half-hour cheese-tasting event on Wednesday, a
museum tour that takes half as long as the cooking
class on Thursday, and two hours of errands on
Friday. How many hours will all Peyton’s after-
work activities take?

Peyton's after-work activities will take 12.5 hours. 3¢ @

(a) Direct answering (15 output tokens).

e Q: Peyton ...How many hours will all Peyton °s after-

work activities take?
Let's think step by step:

Let's break down activities step by step: @
1. Monday: Yoga class lasts 1 hour.

- Total for Monday: 1 hour
2. Tuesday: Cooking class lasts 9 times as long as
Monday's yoga class.

- Cooking class duration =9 * 1 hour =9 hours -
Total for Tuesday: 9 hours
3. Wednesday: Cheese-tasting event lasts half an hour.
- Total for Wednesday: 0.5 hours
4. Thursday: Museum tour is half the cooking class. -
Museum tour duration = 0.5 * 4.5 hours -
Total for Thursday: 4.5 hours
5. Friday: Errands take 2 hours.

- Total for Friday: 2 hours

9 hours

Now, let's add up all the hours from each day:
- Monday: 1 hour
- Wednesday: 0.5 hours - Thursday: 4.5 hours

- Tuesday: 9 hours

- Friday: 2 hours

Now, we sum these amounts: \/

+9+0.5+4.5+2=17 hours.

Therefore, the total time is 17 hours.

(b) Vanilla CoT (258 output tokens).

[11 Han T, Wang Z, Fang C, et al. Token-budget-aware llm reasoning[J]. arXiv preprint arXiv:2412.18547, 2024.

8 Q: Peyton ... How many hours will all Peyton’s
after-work activities take?

Let's think step by step and use less than 10 tokens:

Let's break down each activity: @
*Monday: Yoga class = | hour.

*Tuesday: Cooking class
so 9 x 1
*Wednesday: Cheese-tasting event
*Thursday: Museum tour = Half of Tuesday's

4.5 hours.
*Friday: Errands = 2 hours. J
Now, let's add them up:
1+9+0.5+4.5+2=171 +9+ 0.5+ 4.5+ 2
17149+0.5+4.5+2=17
Peyton's after-work activities will take 17 hours.

9 times Monday's yoga,
9 hours.
0.5 hours.

cooking class, s0 9 + 2

(c) CoT with an unreasonable budget (157 output
tokens).

Q: Peyton ... How many hours will all Peyton’s after-
work activities take?
Let's think step by step and use less than 50 tokens:

- Monday: 1 hour (yoga) - Tuesday: 9 hours @

(cooking class)

- Wednesday: (.5 hours (cheese-tasting) -
Thursday: 4.5 hours (museum tour) - Friday: 2
hours (errands)

-Total: 1 +9+0.5+4.5+ 2= 17 hours. \/

(d) CoT with an reasonable budget (86 output tokens).

[2] Wang R, Wang H, Xue B, et al. Harnessing the reasoning economy: A survey of efficient reasoning for large language models[J]. arXiv preprint arXiv:2503.24377, 2025.
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RQ3: How can we improve the inductive performance of reasoning-enabled LLMs?
Answer. Inductive performance improves when reasoning is constrained. We achieve consistent gains by (i) enforcing structured

decomposition, (ii) guiding solving with non-numeric examples, and (iii) limiting over-generation through token budgets. Combined, these
interventions reduce error amplification across all reasoning phases.

Guided chain-of-thought improves SR1-SR3
accuracy by 20—-40% in games like Chess and Dice
showing that multiple reasoning failures often co-
occur. Combined strategies outperform non-
reasoning models by improving reasoning
structure—not length.

Decomposition works best in structurally complex
games; solving guidance helps in symbol-heavy
ones. Summarization reduces over-generation. But
combined methods don't always beat the best
individual one due to stage interaction limits.

E Jin H, Zhang P, Luo M, et al. Reasoning Can Hurt the Inductive Abilities of Large Language Models[J]. arXiv preprint arXiv:2505.24225, 2025.
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Conclusion

® Designed 4 diagnostic games with hidden rules to evaluate
inductive reasoning in 8 LLMs (incl. LRMs & non-reasoning models)

® Identified three reasoning failure types: decomposition, solving, and
summarization errors.

® Introduced error-guided interventions that adapt CoT generation to
failure types, improving inductive accuracy without retraining.

E Jin H, Zhang P, Luo M, et al. Reasoning Can Hurt the Inductive Abilities of Large Language Models[J]. arXiv preprint arXiv:2505.24225, 2025.
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