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Abstract001

We introduce KoChatBench, a capability-002
based benchmark for evaluating Korean gen-003
erative multi-turn dialogue. Existing evalu-004
ations often rely on single-turn or domain-005
specific tasks, limiting their ability to diag-006
nose interaction-level failures. KoChatBench007
defines four core capabilities and constructs008
600 sessions spanning 3–6 turns. We evalu-009
ate six commercial LLMs using an LLM-as-a-010
judge framework with GPT-5-mini, adopting011
session-level minimum aggregation to capture012
critical failures. Results show that Gemma-4-013
31B-IT achieves the strongest overall perfor-014
mance, while Nemotron-3-Super-120B-A12B015
exhibits weaknesses in conversational robust-016
ness. These findings highlight the importance017
of capability-level analysis and provide a struc-018
tured framework for assessing stability in multi-019
turn interactions.020

1 Introduction021

Large Language Models (LLMs) are increasingly022

expected to support real user conversations that023

extend beyond single-turn question answering. In024

practice, interactions often span three or more turns,025

requiring models to retain prior information, re-026

solve anaphora and ellipsis, incorporate cumula-027

tive constraints, revise responses, and handle topic028

shifts. However, existing evaluations of Korean029

LLMs are still largely based on single-turn set-030

tings. Even when multi-turn evaluation is consid-031

ered, benchmarks are often limited to short interac-032

tions or domain-oriented tasks, making it difficult033

to distinguish whether failures stem from insuffi-034

cient domain knowledge or limitations in multi-turn035

interaction capabilities.036

This issue is particularly important for Korean037

dialogue, where subject omission, demonstratives,038

case particles, honorifics, and style shifts are tightly039

coupled with conversational context. As a result,040

simply translating English benchmarks is insuffi-041

cient to capture realistic failure patterns in Korean 042

multi-turn interactions. 043

To address this gap, we propose KoChatBench, a 044

capability-based benchmark for evaluating Korean 045

generative multi-turn dialogue. The benchmark 046

is built on four core capabilities: (1) context and 047

reference management, (2) instruction constraint 048

maintenance and response execution, (3) revision 049

and recovery, and (4) dialogue recovery and robust- 050

ness. Each capability is further decomposed into 051

mutually exclusive sub-tasks, enabling fine-grained 052

diagnosis of interaction-level failures. 053

Figure 1 illustrates the benchmark construction 054

pipeline. We define a turn as a query–response 055

pair and a session as a sequence of turns, and 056

construct 600 Korean sessions spanning 3–6 turns 057

with an evaluation rubric. We further evaluate 058

six commercial LLMs using an LLM-as-a-judge 059

framework with gpt-5-mini, adopting session- 060

level minimum aggregation to capture critical fail- 061

ures. Results show that Gemma-4-31B-IT achieves 062

the strongest overall performance, while Nemotron- 063

3-Super-120B-A12B exhibits weaknesses in con- 064

versational robustness. These findings demonstrate 065

that KoChatBench provides a structured framework 066

for diagnosing stability and capability-level limita- 067

tions in Korean multi-turn LLMs. 068

2 Related Works 069

Dialogue evaluation is challenging because conver- 070

sational quality depends on system goals, context, 071

and human preference, while human evaluation is 072

costly to scale (Deriu et al., 2021). Prior work 073

shows that good conversations require more than 074

locally plausible responses: they must be specific, 075

related to prior turns, and coherent over interac- 076

tion (See et al., 2019; Adiwardana et al., 2020). 077

Open-domain chatbots further require persistent 078

control of knowledge, persona, empathy, and long- 079

term memory across turns (Roller et al., 2021; Xu 080
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Figure 1: A Pipeline for Benchmark Dataset Generation

Benchmark #Dialogues #Turns #Tasks

MT-Bench-101 1388 4208 13
MT-Bench++ 80 640 8
MT-Eval 168 1170 4
MultiChallenge 273 1108 4
StructFlowBench 155 643 6
MMMT-IF 71 990 6
TOD-ProcBench 1004 6953 3

KoChatBench (Ours) 600 2518 12

Table 1: Comparison of Multi-turn Dialogue Bench-
marks.

et al., 2022). These findings motivate benchmarks081

that evaluate multi-turn interaction itself, rather082

than isolated response quality.083

Recent benchmarks operationalize this direction084

from different perspectives. MT-Bench-101, MT-085

Bench++, and MT-Eval evaluate context memory,086

anaphora, ellipsis, topic transition, recollection,087

and refinement (Bai et al., 2024; Sun et al., 2024;088

Kwan et al., 2024). MultiChallenge and Struct-089

FlowBench focus on long-term instruction reten-090

tion, self-coherence, dialogue flow, and state tran-091

sitions (Sirdeshmukh et al., 2025; Li et al., 2025),092

while MMMT-IF and TOD-ProcBench study in-093

struction retrieval and constraint satisfaction in mul-094

timodal and task-oriented settings (Epstein et al.,095

2024; Ghazarian et al., 2025). Building on these096

studies, KoChatBench reorganizes prior tasks into097

four Korean-specific capabilities: context and ref-098

erence management, instruction constraint mainte-099

nance and response execution, revision and recov-100

ery, and dialogue recovery and robustness. This101

design enables fine-grained diagnosis of Korean102

multi-turn failures involving ellipsis, demonstra-103

tives, particles, honorifics, and style shifts. Table 1104

compares KoChatBench with prior benchmarks.105

3 Benchmark Setup 106

We construct KoChatBench through a five-stage 107

pipeline for dataset generation and quality control. 108

As shown in Figure 1, the pipeline consists of: (1) 109

LLM-based dataset generation, (2) rule-based val- 110

idation, (3) LLM-as-a-judge filtering, (4) regener- 111

ation of rejected samples, and (5) human verifica- 112

tion. 113

Taxonomy-guided generation. KoChatBench is 114

based on the capability taxonomy in Table 2, which 115

includes four high-level capabilities: context and 116

reference management, instruction constraint main- 117

tenance and response execution, revision and recov- 118

ery, and dialogue recovery and robustness. Each 119

capability is divided into mutually exclusive sub- 120

tasks and used as a generation target. For each 121

sample, the prompt specifies the target capability, 122

sub-task, number of turns, scenario, and expected 123

interaction pattern. We define a turn as a user query– 124

model response pair and a session as a sequence of 125

turns. 126

Generation and validation. We use GPT-5.5 127

and Claude Sonnet 4.6 to generate candidate Ko- 128

rean multi-turn sessions. Rule-based validation 129

filters structurally invalid samples, such as incor- 130

rect turn counts, missing roles, malformed outputs, 131

or task-structure mismatches. The same models are 132

then used as LLM judges to assess consistency, nat- 133

uralness, task alignment, and evaluability. Rejected 134

samples are regenerated, and accepted samples are 135

finally verified by human annotators. 136

Dataset composition and evaluation. KoChat- 137

Bench consists of 600 Korean multi-turn dialogue 138

sessions spanning three to six turns. Table 3 shows 139

the turn-count distribution. We evaluate commer- 140

cial LLMs through the OpenRouter API, enabling 141

comparison across model providers under the same 142

benchmark instances and evaluation criteria. The 143
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Capability
ID Capability Name Task ID Task Name Evaluation Focus

C1
Context &
Reference

Management

C1-1 Explicit Information Recall Recall and reuse explicitly stated information from
previous turns

C1-2 Distributed Information Integration Integrate scattered information across turns via
multi-hop reasoning

C1-3 Referential & Ellipsis Resolution Resolve pronouns, references, and omitted entities from
context

C1-4 State Change Tracking Track structural and state changes throughout the
dialogue

C2
Instruction &

Constraint
Maintenance

C2-1 Single Instruction Maintenance Maintain predefined response rules and output formats
across turns

C2-2 Accumulated Constraints Satisfy multiple constraints incrementally added over
turns

C2-3 Conflict Resolution Resolve conflicting constraints using rule priority or
recency

C3 Refinement &
Recovery C3-1 Iterative Revision and Preservation Refine responses iteratively while preserving unaffected

content and prior versions

C3-2 Self-Correction Detect and correct the assistant’s own previous errors

C4
Dialogue
Recovery

& Robustness

C4-1 Error Propagation Blocking Prevent propagation of incorrect premises and detect
inconsistent restatements

C4-2 Ambiguity Resolution Ask clarification questions when instructions are
ambiguous

C4-3 Topic Interruption Recovery Resume the original task after topic interruptions

Table 2: Mapping Between Capabilities and Tasks

Number of Turns Number of Sessions

3 turns 10
4 turns 502
5 turns 48
6 turns 40

Total 600

Table 3: Distribution of KoChatBench sessions by num-
ber of turns.

evaluation supports both overall performance com-144

parison and capability-level analysis of Korean145

multi-turn conversational behavior.146

4 Experiments147

In this section, we evaluate the Korean multi-148

turn conversational capabilities of several com-149

mercial LLMs using KoChatBench. We consider150

six models: Gemma-4-31B-IT, Mistral Medium151

3.5, GPT-OSS-120B, GPT-OSS-20B, Nemotron-152

3-Nano-30B-A3B, and Nemotron-3-Super-120B-153

A12B. Each model generates responses for the154

same KoChatBench sessions, and the generated155

responses are evaluated using an LLM-as-a-judge156

approach. We use GPT-5-mini as the judge model157

and assign a score from 0 to 100 to each turn-level158

response.159

4.1 Evaluation Protocol160

Since KoChatBench consists of multi-turn dialogue161

sessions, evaluating only the average performance162

across turns may not sufficiently capture the stabil-163

ity of a model in realistic conversations. For exam- 164

ple, even if a model performs well in most turns, it 165

may still fail critically in a specific turn by forget- 166

ting previous context, violating accumulated con- 167

straints, or incorrectly resolving references. In such 168

cases, a simple average score can obscure severe 169

turn-level failures and overestimate the model’s 170

practical multi-turn reliability. 171

To address this issue, we use the lowest turn- 172

level score within each session as the final score of 173

that session. Formally, given a session i consisting 174

of Ti turns, where si,t denotes the evaluation score 175

of turn t, the session score Si is defined as follows: 176

Si = min
t∈{1,...,Ti}

si,t (1) 177

This session-level minimum aggregation penal- 178

izes a model when it exhibits a severe failure at any 179

point in a multi-turn interaction. This evaluation 180

protocol follows a similar motivation to MT-Bench- 181

101 (Bai et al., 2024), where the lowest turn score 182

is used to reflect the weakest point of a dialogue 183

session. 184

4.2 Overall Task-Level Performance 185

We first compute the session-level minimum score 186

for each task and then average these scores for each 187

model to measure overall performance on KoChat- 188

Bench. Table 4 reports the task-level performance 189

and overall average score of each model. 190

In terms of the overall average score, Gemma- 191

4-31B-IT achieves the best performance, indicat- 192

ing that it handles multi-turn interactions relatively 193
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Table 4: Model Performance by Task using Session-level Minimum Scores. (0–100 scale)

Task ID Task Name Gemma-4 31B it Mistral Medium 3.5 GPT-OSS 120B GPT-OSS 20B Nemotron Nano Nemotron Super

C1-1 Explicit Information Recall 92.6 97.6 96.4 93.2 94.4 95.2
C1-2 Distributed Information Integration 100.0 100.0 92.0 91.6 96.8 97.6
C1-3 Referential & Ellipsis Resolution 95.6 95.4 93.8 67.0 83.0 76.4
C1-4 State Change Tracking 92.4 89.2 77.4 76.6 65.6 40.6

C2-1 Single Instruction Maintenance 94.2 91.6 86.0 85.2 90.4 73.0
C2-2 Accumulated Constraints 70.0 71.0 59.8 55.4 66.2 55.0
C2-3 Conflict Resolution 95.0 95.6 96.2 96.0 99.8 99.0

C3-1 Iterative Revision and Preservation 100.0 98.8 98.8 93.8 98.6 77.4
C3-2 Self-Correction 87.2 81.6 75.6 75.6 83.4 87.6

C4-1 Error Propagation Blocking 72.8 60.8 93.6 87.8 52.6 71.6
C4-2 Ambiguity Resolution 94.6 94.4 95.4 85.2 81.6 35.8
C4-3 Topic Interruption Recovery 98.0 93.2 92.8 92.8 89.4 49.8

Overall Session-Minimum Average 91.0 89.1 88.2 83.3 83.5 71.6

robustly across most capabilities and tasks. In par-194

ticular, Gemma-4-31B-IT maintains high scores195

across multiple tasks, suggesting that it is less196

prone to abrupt failures in individual turns. In con-197

trast, Nemotron-3-Super-120B-A12B shows the198

lowest overall performance. Its performance is par-199

ticularly weak in C4, Conversational Recovery &200

Robustness, suggesting limitations in preventing er-201

ror propagation, resolving ambiguity, and resuming202

the original task after topic interruptions.203

Interestingly, the strongest model in terms of204

overall performance does not outperform all other205

models on every task. In C1-1, Explicit Informa-206

tion Recall, Gemma-4-31B-IT records the lowest207

score among the evaluated models. This result208

shows that even a model with strong aggregate209

performance can exhibit task-specific weaknesses210

in particular multi-turn capabilities. Therefore,211

KoChatBench enables a more fine-grained analysis212

of model failures beyond a single overall score.213

Additional analyses of the gap between mean214

and minimum session-level scores and the perfor-215

mance degradation from the first to the last turn are216

provided in Appendix A.217

5 Discussion218

KoChatBench provides a capability-level analysis219

of Korean multi-turn dialogue beyond aggregate220

scores. Results show that strong overall perfor-221

mance does not ensure consistent task-level behav-222

ior: Gemma-4-31B-IT performs best overall but is223

weaker on C1-1, whereas Nemotron-3-Super-120B-224

A12B shows notable weakness in C4. The mean–225

minimum gap further reveals turn-level instability,226

since a single failure can degrade the whole session.227

We also observe lower scores in later turns, indicat-228

ing difficulty in maintaining context, constraints,229

and revisions. Future work will compare LLM-as-230

a-judge results with human evaluation and expand 231

the benchmark to more diverse scenarios. 232

6 Conclusion 233

This work presents KoChatBench, a capability- 234

based benchmark for evaluating Korean generative 235

multi-turn dialogue. We define four core capabil- 236

ities: context and reference management, instruc- 237

tion constraint maintenance and response execu- 238

tion, revision and recovery, and dialogue recovery 239

and robustness, each divided into mutually exclu- 240

sive sub-tasks. Based on this taxonomy, we con- 241

struct 600 Korean sessions spanning 3–6 turns and 242

evaluate multiple commercial LLMs using an LLM- 243

as-a-judge framework. Experimental results show 244

that aggregate scores can hide task-specific weak- 245

nesses and turn-level failures. By analyzing mini- 246

mum session scores and first-to-last turn degrada- 247

tion, KoChatBench provides a fine-grained frame- 248

work for diagnosing the stability and robustness of 249

Korean multi-turn LLMs. 250

7 Limitations 251

KoChatBench has several limitations. First, al- 252

though LLM-as-a-judge enables scalable evalua- 253

tion, it may inherit biases from the judge model. 254

Second, the benchmark contains 600 sessions span- 255

ning 3–6 turns, which may not fully cover longer 256

or highly domain-specific conversations. Finally, 257

although samples are human-verified, generated di- 258

alogues may still differ from real user interactions 259

in diversity and naturalness. 260
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A Appendix 325

This section provides additional analyses that com- 326

plement the main experimental results. We ex- 327

amine two aspects of multi-turn stability: the gap 328

between mean and minimum session-level aggre- 329

gation, and performance degradation from the first 330

to the last turn within each session. 331

A.1 Mean vs. Minimum Session-Level 332

Aggregation 333

We compare the turn-level mean score and the min- 334

imum score within each session. The mean score 335

reflects the model’s overall response quality across 336

turns, whereas the minimum score captures the 337

weakest turn in the session. Therefore, a larger gap 338

between the two scores indicates that the model 339

may perform well in some turns but fail substan- 340

tially in at least one turn. This gap reflects instabil- 341

ity in multi-turn interaction. 342

Table 5 presents the difference between session- 343

level mean and session-level minimum scores for 344

each model. Gemma-4-31B-IT shows the small- 345

est gap between the mean and minimum scores, 346

while also achieving the highest final performance. 347

This suggests that the model not only produces 348

high-quality responses on average but also main- 349

tains relatively consistent performance throughout 350

a session. In contrast, Nemotron-3-Super-120B- 351

A12B shows the lowest overall performance and a 352

substantial drop under minimum-score aggregation. 353

This indicates that the model is more vulnerable 354

to turn-level failures and exhibits lower stability 355

across multi-turn sessions. 356

A.2 Performance Degradation across Turns 357

We further analyze how model performance 358

changes as the number of turns increases. In multi- 359

turn dialogue, later turns require the model to 360

jointly process more previous context, accumulated 361

constraints, revision history, and topic transitions. 362

Therefore, performance degradation is more likely 363
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Table 5: Within-Session Score Gap between Mean and
Minimum Turns

Model Mean Min Gap

Gemma-4 31B it 96.1 91.0 5.1
Mistral Medium 3.5 95.3 89.1 6.2
GPT-OSS 120B 93.9 88.2 5.7
GPT-OSS 20B 92.3 83.3 9.0
Nemotron Nano 30B A3B 94.0 83.5 10.5
Nemotron Super 120B A12B 89.0 71.6 17.4

Table 6: Within-Session Score Gap between First and
Last Turns

Model First Turn Last Turn Gap

Gemma-4 31B it 97.4 94.4 3.0
Mistral Medium 3.5 97.3 92.5 4.8
GPT-OSS 120B 95.2 93.1 2.1
GPT-OSS 20B 92.9 90.8 2.1
Nemotron Nano 30B A3B 95.5 91.2 4.3
Nemotron Super 120B A12B 91.8 86.7 5.2

to occur in later stages of a session. The score dif-364

ference between the first and last turns serves as an365

important indicator of how reliably a model main-366

tains multi-turn context as the dialogue progresses.367

Table 6 shows the change in performance from368

the first turn to the last turn within each session.369

Overall, most models tend to receive lower scores370

in later turns. This suggests that models face in-371

creasing difficulty in maintaining previous informa-372

tion and accumulated constraints as the conversa-373

tion becomes longer.374

Among the evaluated models, Gemma-4-31B-375

IT shows the smallest performance gap between376

the first and last turns, indicating that it maintains377

relatively stable response quality even in longer378

conversations. Other models exhibit larger drops in379

later turns, suggesting that failures in specific capa-380

bilities may accumulate as multi-turn interactions381

progress. These results demonstrate that KoChat-382

Bench is useful not only for measuring overall task383

performance but also for analyzing performance384

stability and robustness with respect to dialogue385

length.386

A.3 Sample Case.387

As shown in Figures 2 and 3, the successful case388

demonstrates that the model correctly integrates389

information distributed across previous dialogue390

turns to generate an appropriate response, whereas391

the failure case shows that the model produces392

an incorrect response by ignoring relevant context393

from earlier turns.394

Figure 2: Successful case for the C1-2 Distributed In-
formation Integration task.

Figure 3: Failure case for the C1-2 Distributed Informa-
tion Integration task.
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