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Definition 2.2 (Reasoning Behavior). The system’s computed response to a reasoning task (the
stimulus), particularly its actions, expressions and underlying mechanisms exhibited during the

reasoning process.
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M SN TLBRA > b
- MEVODEEMEMEFENE
* evaluation typeDFEEILIRE ., LLMDHERBEESIC DWW TCASRIERTHREHTULD

MR Z RSN TVBRA > &

e CoTDKSEprompting)? 7 O —F(C K BDLLMHESRDEE(C (AL TLVRLY

o FIROARIEES ($F(Cbrittleness&memorization(C & DAHTRIZESNDDHY)

« BOEKMICHITRIEEZERIEOMFEANANELTULD (SEBUREBIRAFRIC DL CEAIAERRE)

T OAB(ZEERIZR R
 Reviewer bLrd [LLM/5SReasoning Behaviorz5|SH T (C(EEDKDIC U KUV E WD ERN
MU OB
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Reasoning (IEN5B A IZ AN D DD THRAEN TIFNDTUTDLDICESE

Definition 2.1 (Reasoning). The process of drawing conclusions based on available information
(usually a set of premises).
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Definition 2.2 (Reasoning Behavior). The system’s computed response to a reasoning task (the
stimulus), particularly its actions, expressions and underlying mechanisms exhibited during the
reasoning process.
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Reasoning TasksD 247

J : {Core, Integrated} Reasoning Tasks
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(Core) Logical Reasoning Tasks

SmIER/RIL—ILDE E TORIEN SiGma B HI YR (Fl 1 =EmiE)

Factl: Aristotle is a human

Rule: All humans will die
Fact2: Aristotle will die

Deduction Abduction Induction
(Factl + Rule — Fact2) | (Factl + Rule « Fact2) | (Factl + Fact2 — Rule)

“Fact” denotes specific knowledge while "rule” denotes general principle.
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Natural Language Reasoning, A Survey https://dl.acm.org/doi/10.1145/3664194
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(Core) Logical Reasoning Tasks
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Rule: All humans will die A . —
Fact2: Aristotle will dieﬂ‘nﬁ% L FDC FUART LAt %
Deduction Abduction Induction
(Factl + Rule — Fact2) | (Factl + Rule « Fact2) | (Factl + Fact2 — Rule)
“Fact” denotes specific knowledge while "rule” denotes general principle.
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(Core) Logical Reasoning Tasks
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Rule: All humans will die

Fact2: Aristotle will die \. NIZIZHIEEEZBSND
Deduction Abduction Induction

(Factl + Rule — Fact2) | (Factl + Rule « Fact2) | (Factl + Fact2 — Rule)

“Fact” denotes specific knowledge while "rule” denotes general principle.
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(Core) Logical Reasoning Tasks
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Fact2: Aristotle will die N

Deduction Abduction Induction
(Factl + Rule — Fact2) | (Factl + Rule « Fact2) | (Factl + Fact2 — Rule)

“Fact” denotes specific knowledge while "rule” denotes general principle.
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(Core) Deductive Reasoning Tasks CAOLLMODIRD &L\
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T )LORZPOEFHNSEERY BDid+ (Mechanistic Evaluation)

Hou et al. (2023)
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Facts: St Johnstone is a Scottish team. St Johnstone is
part of the Scottish Premiership.
Rules: If a team is part of the league, it has joined the

P| roze | | | et a | . (20 2 3) ‘  league. St Johnstone and Minsk are different teams. For

two different teams, either one team wins or the other

¢ ROBE RTa‘large mode|@pr0bing_C‘ EE*)% team wins. Minsk won against St Johnstone.
1 VA=A [ — Hypothesis: At least one Scottish team has joined the
° J:‘ME 73\ }EEFFH (L Eg Scottish Premiership.
Label: TRUE
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Dutta et al. (2024) Pirozelli et al. (2023)
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(Core) Inductive Reasoning Tasks
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(Core) Abductive Reasoning Tasks
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(Core) Mathematical Reasoning Tasks
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(Core) Mathematical Reasoning Tasks(C & 1T BLLMD AREIHIIE) N1 7 X
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(Core) Mathematical Reasoning Tasks(C 3T DANEPIREEDEE
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(Core) Causal Reasoning Tasks
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(Core) Causal Reasoning Tasks
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Reasoning BehaviordsTfli5i%—E

‘Output | [Model Preference Ttzhak et al. (2024); Stolfo et al. (2023);
Distribution Analysis Model Confidence Dasgupta et al. (2022); Frohberg & Binder (2022);

Conceptual Errors Sanyal et al. (2022); Wan et al. (2024);
Context Sensitivity Wu et al. (2024); Razeghi et al. (2022);
Cognitive Biases Dasgupta et al. (2022); Eisape et al. (2024);
Inverse Scaling McKenzie et al. (2023);

'!Conclusian—Based ' :
Evaluation (§4.1) — Error Analysis |
b M L

A

—|::Dynamic Benchmarks I—{ Functional Benchmarks Srivastava et al. (2024);

'FOL Conversion Saparov & He (2023); Saparov et al. (2024);
(. . N Computational Graphs Dziri et al. (2023);
_|S tructured Parsing FACZE Wang et al. (2024a);

Causal Graphs Willig et al. (2022); Zecevi¢ et al. (2023);
M

'Rationale-Based ‘
 Evaluation (§4.2)

e =y -~
Interpretable ROSCOE Golovneva et al. (2023); Jin et al. (2023);
Quantitative Metrics RECEVAL Prasad et al. (2023);

A

‘Human Evaluation Collins et al. (2022); Mondorf & Plank (2024);
Diagnostic Agents Huang et al. (2024);
e

—|:"Qual'1tative Inspection |—

J

'!Evaluati(}n Methods |

\_

rd

Adaptive Evaluation I—{ Computerized Adaptive Testing Zhuang et al. (2023);

Interactive ~

l\Evaluatian (54.3) ) L Dialectic Evaluati " [Belief Defense Wang et al. (2023);
| -ralecuc Bvaluation ) Game-Theoretic Analysis Bertolazzi et al. (2023);

h

P
Mechanistic

_. Evaluation (§4.4) Attention Pattern Analysis Hou et al. (2023);

~\ ;Layer-Wise Probing Pirozelli et al. (2023); Chen et al. (2024a); Dutta et al. (2024);
Activation Patching Dutta et al. (2024);




Conclusion-Based Evaluation

fam 0D sl HESRODBIE(FEHR LX)

. Sanyal et al. (2022) : EFJLHGRIER /ML RIBER(CH W TERD ZBIL T — A 2R
T>—th Dasgupta et al. (2022) : 32401/ 7 X DEZENAZE ()
Wu et al. (2024) : IR IOXINDZEND EEFTILDEIEZENKES S HEIND

y ltzhak et al. (2024) : RIS F 21— T NIEETTILFTZIRINA 7 X %&ERT
DD Frohberg & Binder (2022) : ©FJ)LHYFEDfEERICX U TEL VEEE Z < 9 tam]

dynamic F—ADHEZEN(CERILETE TS E DI 2 LT, FibENZRS
benchmarks Srivastava et al. (2024) : BREDBKRZZLSE T, EFI)UNERDRHIBDRIE(CHF

L CTULVRUWLDNE D Ve ST



Conclusion-Based Evaluation®:iERE
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Balloccu et al. (2024) . Xu et al. (2024)



Rationale-Based Evaluation

ETI)LDEECEDFT TOHRDIBIE (IRILEHA) (OEEHL. HEO—8%
ABE=E— L R i

Saparov & He (2023) : EF )LD imBiEE — iR sEHIE (C M U TRl /g H

Structure % ST

: Dziri et al. (2023) : EFI)LO#ERBIEZETEI S T (/- L. BEXFTYVIDOEEMN
parsing i

Interpretable reasoning task(C&H T DARBDZERREV/R )7 51 > X > b 5T
guantitative ROSCOE (Golovneva et al., 2023)
metrics RECEVAL (Prasad et al., 2023)

A T4 WIS L SN TRV (F A F TEMN R Z 35
o i ~ Mondorf & Plank (2024) : ABIDFHEEN TS /L DHERZEE L CEHMm
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Rationale-Based EvaluationDiEE
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Interactive Evaluation

BT )L EMEEEITVRN SEHMIE EsH D

ETI)LREDHE

BT (CXT U CEDKD(CIEBEZBERA DN M CET DD TK

DR DIFNTED

Adaptive
Evaluation

Dialectic
Evaluation

(FEEHIFH)
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Zhuang et al. (2023) : EFIJ)LDISE (TS U CTERIZ Y (S5

LLMOfEG (CX U CREmPEBRZIRITNNITB CET. LLMAECD# S ZE ED K
SICFDN. HBBWNWHMEIE T DI EZER

Wang et al. (2023) : EFI)LICH U TR I D THEZITL. EFT /LB CHHE
@t@[&@&oaﬁmbﬁ%%ﬁiﬁ%&m

G—LNBGICE DL FUAZREST., EFI)ILAGREN I EHRDNRIEZE TEDK
j (L}Euﬁﬂ%ffi—5b\j@?n$mﬁ

Bertolazzi et al. (2023) : 20DERIST — AR ZHV. EFI)LOVEHREIED BT IHES
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Mechanistic Evaluation

AEDTZT TR, EFTILVREBDIRREEZ DT U CHERD AN ZXAISEFET D

Layer-Wise [EC & (CHGEOMBAHFENE D _EDFERE
Probing Pirozelli et al. (2023) : EF )LD _EAIfEN K DEMRHERRRANIE (CRES 95

- 7 SR CEDKDIREEE —ZX(EEHM,EITBIN TR ES
attentionD DA EFI)ILOHRFICEDKDIREEP T L —X(TERHEIIT SN TV ZED

Hou et al. (2023) : GPT-2A°LLaMAEZ )L Cld. #ERmODIBIE TEEN PSR (CFE1T.
[FHRALIBO PSR (CET LU TLDB I ENDHMNS

Activation BETEDEP 1w bDactivationTIRIET D & T, BT )LNESDMHEmBEIEZE DT

h Dutta et al. (2024) : CoTJO> 7 RA DT U TLLMODFEIIEDactivationZIR{E I D
Patching ELLMDISEN LT S



Mechanistic Evaluation®iE=&

sTEIX MIEL., BROBIRNEH LUV THEWEREDI ML

STE X MELY (probingD e (CEC E(ChHEEZRZFEUIED ?)
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Conclusion-based : F2:Mli CRAT —)L TE DN, EmBIETEHE
Rationale-base, Interactive : AFFHMZEMI DlcHE IR LS (RT—)LURRLY,

EERI> bO—I)LHAKE)
Mechanistic : $¥EDSF XD « EF)L CIHIEI I DHE@MMNH D . #EROEFFRGEE L L)

DT—RHE LTS

EaRMDVEE L0

Evaluation Method

Advantages

Disadvantages

Conclusion-based evaluation

Allows for controlled setups
Provides metrics for comparison
Easy to automate and scale

Easy to reproduce

Limited insights
Less reliable

Rationale-based evaluation

Offers more nuanced insights
More robust in certain scenarios

Difficult to automate and scale
Might require expert interpretation

Interactive evaluation

Highly flexible
Customizable to model behavior

Expensive
Difficult to automate and scale
Less standardized and reproducible

Mechanistic evaluation

Identifies features or circuits re-

sponsible for specific behaviors
Supports direct interventions on
model internals

Findings may not generalize across
tasks or models

Results may be hard to interpret
Compute-intensive
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