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Are these LRMs really this good?

Background



Motivation
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 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? 

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
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Rule 1: Move one square in any 
direction.

Rule 2: Move in an L-shaped pattern: 
two squares in one direction and one 
square perpendicular.

Rule 4: Move exactly 2 squares forward 
(in the direction of increasing row).

Rule 5: Move any number of squares 
straight (horizontally or vertically).

Rule 6: Move exactly 2 squares 
diagonally.

Rule 3: Move any number of 
squares diagonally.

Inductive Reasoning Evaluation – Case Study
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Inductive Reasoning Evaluation – Case Study

Special 1: Move in a straight line any 
number of squares, then move 
vertically exactly 2 squares.

Special 2: First move diagonally any number of 
squares, then move 2 squares diagonally in a 
direction perpendicular to the first move.

Special 4: Find the nearest blocking piece 
and jump to the symmetric position on the 
other side.

Special 5: Swap positions with another 
piece on the target square (target must 
be occupied and distance ≤ 3).

Special 3: Move exactly 3 
squares in one direction, then 
move down 1 square.

Special 6: Move in a straight line 
any number of squares, then move 
one square diagonally.
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Inductive Reasoning Evaluation – Case Study
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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.
• NR5: 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.
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Inductive Reasoning Evaluation

Dice Games
Normal Rules (NRs)
• NR1: A total sum between 4 and 10 (inclusive) is a “small total”.
• NR2: A total sum between 11 and 17 (inclusive) is a “large total”.
• NR3: A roll containing any pair is treated as stronger than small or large totals.
• NR4: A triple (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.
• SR3: If the dice alternate in parity (odd–even–odd or even–odd–even), the roll beats all hands except SR1/SR2/triples.
• SR4: 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.
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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.
• NR3: 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):
• SR1: If the total sum is a prime number, the hand wins regardless of bust.
• SR2: A three-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.
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Inductive Reasoning Evaluation
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Inductive Reasoning Evaluation
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Inductive Reasoning Evaluation

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.

On normal rules, most models exceed 90% 
accuracy, indicating strong pattern recognition when 
the rule is surface-aligned or structurally obvious. 

Although designed to enhance multi-step reasoning, 
models with reasoning capabilities consistently 
perform worse than their non-reasoning 
counterparts on special rules—a pattern observed 
across all domains.
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Root Causes of Reasoning Failures
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To explain why reasoning can fail, we present a 
theoretical framework that models chain-of-thought 
reasoning as a sequence of discrete operations: 
posing a sub-task, solving it, and summarizing the 
final answer. Each step 𝒌𝒌 ∈ ℕ is associated with a 
reasoning state:

𝒙𝒙𝒌𝒌 = (𝒎𝒎𝒌𝒌, 𝒔𝒔𝒌𝒌) ∈ �ℝ𝒅𝒅

belief state
× {NEEDQ, NEEDA, FINISH}

reasoning mode

where 𝒎𝒎𝒌𝒌 denotes the model's current belief about 
the correct answer 𝒚𝒚∗ ∈ ℝ𝒅𝒅, and 𝒔𝒔𝒌𝒌 tracks the stage of 
reasoning.

The model does not observe the true target 𝒚𝒚∗ directly. 
Instead, at each reasoning step 𝒌𝒌, it receives an indirect 
evidence vector 𝒈𝒈𝒌𝒌 based on its attempted sub-task 
resolution. We assume the evidence signal follows:

𝒈𝒈𝒌𝒌 = 𝜶𝜶𝒌𝒌 𝒚𝒚∗ −𝒎𝒎𝒌𝒌−𝟏𝟏 + 𝜺𝜺𝒌𝒌,  𝜺𝜺𝒌𝒌~𝓝𝓝(𝟎𝟎,𝝈𝝈𝟐𝟐𝑰𝑰𝒅𝒅)

• Task alignment 𝜶𝜶𝒌𝒌 . The scalar 𝜶𝜶𝒌𝒌  ∈ [−𝟏𝟏,𝟏𝟏] represents 
how well the current sub-task focuses on the relevant 
latent structure.

• Answer noise 𝜺𝜺𝒌𝒌. The residual 𝜺𝜺𝒌𝒌 models stochastic 
variation in sub-task resolution, including token 
sampling noise, hallucinations, and unstable 
decoding paths.
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At each reasoning step, the model updates its 
internal belief by integrating a new evidence signal:

𝒎𝒎𝒌𝒌 = 𝒎𝒎𝒌𝒌−𝟏𝟏 + 𝜸𝜸𝒌𝒌𝒈𝒈𝒌𝒌

where 𝒎𝒎𝒌𝒌 ∈ ℝ𝒅𝒅 denotes the model’s current belief 
about the target solution 𝒚𝒚∗ , and 𝜸𝜸𝒌𝒌  ∈ (𝟎𝟎,𝟏𝟏) is a 
step-size scalar that controls how much the new 
evidence shifts the belief. 

Subtracting 𝒚𝒚∗ from both sides, we define the belief 
error 𝒆𝒆𝒌𝒌 ≔ 𝒎𝒎𝒌𝒌 − 𝒚𝒚∗ and obtain the recursion:

𝒆𝒆𝒌𝒌 = 𝟏𝟏 − 𝜸𝜸𝒌𝒌𝜶𝜶𝒌𝒌 𝒆𝒆𝒌𝒌−𝟏𝟏 − 𝜸𝜸𝒌𝒌𝜺𝜺𝒌𝒌

This helps us to decompose the error into three error 
components:

• Incorrect sub-task decomposition (Breakdown Error, 𝜶𝜶𝒌𝒌)
Breakdown errors directly correspond to poor question 
alignment 𝜶𝜶𝒌𝒌 ≈ 𝟎𝟎 or negative alignment 𝜶𝜶𝒌𝒌 < 𝟎𝟎. In such 
scenarios, the coefficient 𝟏𝟏 − 𝜸𝜸𝒌𝒌𝜶𝜶𝒌𝒌 magnifies or maintains 
the previous error magnitude 𝒆𝒆𝒌𝒌−𝟏𝟏 , thus preventing error 
reduction or even causing divergence.

• Incorrect sub-task solving (Solving Error, 𝜺𝜺𝒌𝒌).
Even under optimal question alignment 𝜶𝜶𝒌𝒌 ≈ 𝟏𝟏 , the 
inherent answer-generation noise 𝜺𝜺𝒌𝒌 introduces stochastic 
deviations at each reasoning step.
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• 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 𝑵𝑵, which directly 
affects the model’s prediction �𝒚𝒚𝑵𝑵 ≔ 𝒎𝒎𝑵𝑵. We analyze the resulting prediction error by computing the 
expected squared deviation from the true target 𝒚𝒚∗ ∈ ℝ𝒅𝒅 . Let 𝒆𝒆𝑵𝑵 ≔ 𝒎𝒎𝑵𝑵 − 𝒚𝒚∗ denote the final error. Then the 
expected error is given by:

ℰ 𝑵𝑵 = 𝔼𝔼 𝒆𝒆𝑵𝑵 𝟐𝟐 = 𝒃𝒃𝟎𝟎�
𝒊𝒊=𝟏𝟏

𝑵𝑵

(𝟏𝟏 − 𝜸𝜸𝒊𝒊�𝜶𝜶)𝟐𝟐+𝝈𝝈𝟐𝟐�
𝒊𝒊=𝟏𝟏

𝑵𝑵

𝜸𝜸𝒊𝒊𝟐𝟐 �
𝒋𝒋=𝒊𝒊+𝟏𝟏

𝑵𝑵

(𝟏𝟏 − 𝜸𝜸𝒊𝒊�𝜶𝜶)𝟐𝟐+𝚫𝚫(𝑵𝑵)

where 𝒃𝒃𝟎𝟎 = 𝒎𝒎𝟎𝟎 − 𝒚𝒚∗ 𝟐𝟐 is the initial squared error, 𝜸𝜸𝒊𝒊  ∈ 𝟎𝟎,𝟏𝟏 is the integration weight at step 𝒊𝒊, and �𝜶𝜶 ≔
𝔼𝔼[𝜶𝜶𝒌𝒌] is the expected question alignment. The product terms reflect accumulated error contraction across 
steps, and𝚫𝚫(𝑵𝑵) ≥ 𝟎𝟎 accounts for additional variance due to misalignment variability.
Note that the expected squared error ℰ 𝑵𝑵  is U-shaped in 𝑵𝑵, with a unique optimum 𝑵𝑵∗.
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(1) Math Overuse - models inappropriately apply arithmetic operations to symbolic inputs (e.g., 
card suits or chess pieces)

(2) Overgeneralization - rules are inferred from few examples without proper validation
(3) Hallucinated Rules - fabricated constraints are introduced without support from input 

observations

Root Causes of Reasoning Failures

RQ2: Why does reasoning sometimes fail to 
improve inductive performance in large 
language models?
Answer. Reasoning propagates error: when sub-
task decomposition is misaligned, or solving 
introduces noise, each reasoning step compounds 
the mistake. Such failures dominate in practice, 
making deeper reasoning harmful unless each 
step is reliable.

Solving Errors dominate (~80% of failures), Math 
Overuse is most frequent, especially in symbolic 
tasks (e.g., 60.4% in Dice, 53.3% in Blackjack), 
showing a bias to misapply arithmetic reasoning.

Breakdown Errors peak in Texas Hold’em (up to 
14%), while Summary Errors are rare (<8%)
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Improving CoT Reasoning

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), 
(ii) inducing candidate rules based on 

observed patterns, 
(iii) verifying whether new cases satisfy those 

rules.



[1] Zhou D, Schärli 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 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 
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(ii) inducing candidate rules based on 

observed patterns, 
(iii) verifying whether new cases satisfy those 
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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.
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Improving CoT Reasoning

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.
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Improving CoT Reasoning

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.
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Conclusion
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 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.
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