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From Reasoning Failures to Reliable Intelligence

Understanding, Evaluating, and Building Better LLM Reasoning Systems

Peiyang Song




Why study reasoning failures, at all?

How many r's in strawberry?

6 There are two 'r"s in the word
"strawberry."

Failure analysis is not peripheral; it is central to understanding capability.



What kinds of reasoning are we talking about?

[ Reasoning ]

T
[ Non-embodied ] [ Embodied ]

Informal Formal
intuition - cognition - logic - math - code -
social behavior symbols

Different forms of reasoning may fail differently, and offer different routes to improvement.




A two-axis taxonomy: reasoning x failure

Reasoning Categories

]

Informal

Formal

Embodied

Subsections
3.1 Individual Cog
Reasoning

3.2 Implicit Social
Reasoning

3.3 Explicit Social
Reasoning

4.1 Logic in NL

4.2 Logic in Bench

4.3 Arithmetic
& Math

522D

5.33D

Failure Categories
Robustness Limitation
Cognitive Skills
Cognitive Bias
Theory of Mind (ToM)
Social Norm & Morals

Reversal Curse

Compositional Reasoning

Specific Logical Relations
Math Word Problem (MWP)

Coding

Physical Commonsense

Physics & Science
What's Wrong with the Picture?
2D Physics & Physical Commonsense
Visual Spatial Reasoning

Fundamental

Cognitive Skills

Cognitive Bias

Reasoning categories

e Non-embodied
a. Informal reasoning
b. Formal reasoning
e Embodied reasoning

Failure categories

e Fundamental failures
e Application-specific limitations
e Robustness issues



From failure anecdotes to failure science

Failure research usually starts from a striking example, but should end
with structured diagnosis.

Systematic
benchmark /
perturbation study

Taxonomic
diagnosis

Intuitive failure
case



What should we learn from each failure?

[ DEFINE }—[ ESTABLISH }—[ EXPLAIN }—[ MITIGATE }

What failed? |s it systematic? Why does it What actually
happen? helps?

A catalogue records failures; a science of failures explains and predicts them.



Informal reasoning: individual cognition

Missing cognitive skills Cognitive biases
e working memory e confirmation bias
e inhibitory control e order bias
e cognitive flexibility e anchoring bias
e abstract reasoning e framing effects

LLMs fail both because they lack some cognitive skills, and because they
inherit some human-like biases.



A concrete failure example: inhibitory control
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Informal reasoning: social reasoning

Implicit social reasoning Explicit social reasoning
e Theory of Mind e multi-agent planning
e emotion / perspective / false belief e communication and coordination
e social norms and moral values e robustness and verification

Saying the socially appropriate thing is not the same as behaving
consistently in social contexts.



Formal reasoning: logic in natural language

Representative failures

e Reversal curse
e Compositional reasoning breakdown
e \Weaknesses on specific logical relations



Formal reasoning: benchmark robustness

Strong static benchmark scores can hide weak reasoning robustness.

e If the answer changes when irrelevant details change, benchmark success
may overstate competence.
e Key method:

( )
Reorder answer choices |———
\ S
Same logical
Reorder independent | problem el
: P R answer
premises (same
> ’ . expected
reasoning)
( )
Rename people or
L variables )




Formal reasoning: arithmetic and mathematics

Fundamental failures Application-level consequences

e counting remains brittle e temporal reasoning errors

e arithmetic degrades as operands grow e math word problem failures

e pattern matching often substitutes for e difficulty with unsolvable or faulty
algorithms MWPs

Elementary numerical failures propagate into many downstream reasoning
tasks.



Embodied reasoning: from text to perception to action

1D: text-based physical commonsense & physics and scientific reasoning
2D: anomaly detection & spatial reasoning & visual physical reasoning

3D: affordance/planning & spatial/tool-use reasoning & safety/autonomy



Cross-cutting root causes across the map

e next-token prediction favors pattern completion

e transformer structure introduces asymmetries and order sensitivity
e passive text learning lacks grounding and feedback

e internal world models remain weak

e memory, planning, and composition remain fragile

Many seemingly different failures arise from a smaller set of recurring causes.

‘ How are we doing in mitigating them?



Synthesis and future directions

What is needed, i.e. missing from the current landscape?

deeper root-cause analysis

unified persistent failure benchmarks
failure injection into general benchmarks
dynamic / private / event-driven evaluation
more interactive and multi-turn settings

The field needs a mature science of reasoning failure analysis.



The taxonomy becomes a fork in the road

-

INFORMAL REASONING

Open-ended behavior
Context-dependent norms
No universal correctness checker

= richer behavioral and
\ interactive evaluation

~

/

/

o

FORMAL REASONING

Explicit rules and semantics
Machine-checkable artifacts
Reliable verification signals

= verification inside
the reasoning loop

~

/




Informal: toward behavioral & interactive evaluation

RQ1: Human-Like Traits Origin

' Big 5 Personality,
' Self-regulation, .. |

@Web Data

‘I Code
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(@M 1. Risk-Taking
, 2. Social Bias
Real-World 3. Honesty
Tasks 4. Sycophancy

/_‘ Post-training Alignment F\
SFT

RLHF

Self-Supervised

\ Pre-training /

RQ2: Real-World Behavioral Manifestation

Traits

A 4

LLMs

Behavioral Tasks

RQ3: Controllability via Persona Injection
Self-Report/Behavior Alignment
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Inject
Personas

/‘Default System Promptl\

A

Supervised Reinforcement
Fine-Tuning Learning
with Human

Feedback
\ eedbac! /

Default Persona
E.g. "You are a helpful

assistant"

@ Self-reports

: Real-world

+ Traits

Human

‘ LLMs

Tasks / Self-report / Behavioral

AR Tasks

/_( Inject Personas }_\
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Trait-aligned Persona

E.g. "You are a character who
is open to new experience ..."




Response-centered
L
Evaluation
Final Output Outcome
Response Evaluator level Judge
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Informal: toward behavioral & interactive evaluation

Interactive Evaluation

— Final Response
A-_I The primary evaluated artifact is final answer,

label, generated text or predicted actions.

Interaction Trajectory System Level
Trajectory Evaluator Judge
(,/9 Q09 =
o o0 oS <
« E Y
O Interaction Trajectory
2 % T'he primary evaluated artifact is trajectory such
O X as observations, tool calls or state transitions.

Output Evaluator
Usually score a final answer against a
reference, rubric or judge.

QO Trajectory Evaluator

'_I_Lflb Map trajectory to judgments over interaction
quality, efficiency, safety or recovery...

Output Level Judge
Score / label assigned to response such as

correctness, similarity, pass/fail ...

System Level Judge

The evaluation reflects outcome, process,
recovery, safety, and efficiency beyond final
response quality




An evidence ladder for informal reasoning

self-reports and
explanations

3. How behavior unfolds
interaction-generated
trajectories
2. What the model does
behavior on targeted
tasks
1. What the model says

The strength of an evaluation claim must match the richness of its
evidence.



Formal: the verifier closes the loop

LeanDojo —| Lean Copilot [~ LeanAgent —| LeanProgress
Open the Bring models into Adapt as knowledge Give search a
environment the workflow grows direction
framework - models - tactic suggestions - continual learning proof-progress prediction

data - benchmark premises - proof search adaptation long-context ability



Zooming out: reasoning is a feedback problem

/

.

Informal
construct meaningful
behavioral evidence

~

/

-

\.

Formal
exploit exact
machine-checkable
verification

~

/

/

.

Embodied
learn from grounded,
consequential
interaction

~

J

act — observe consequences — diagnose — adapt

T

Reasoning as creative as human intuition and as dependable as formal logic
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From Reasoning Failures to Reliable Intelligence

Understanding, Evaluating, and Building Better LLM Reasoning Systems

Future models should not only reason better — they should also fail better.

Questions?




