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Abstract

E-commerce conversations are increasingly
multimodal, yet end-to-end response scores
cannot localize which dialogue competence
failed, and no public benchmark evaluates fine-
grained multimodal dialogue understanding for
Korean commercial agents. We present KoM-
MERCE, a Korean multimodal fashion-domain
benchmark that coordinates nine fine-grained
dialogue understanding tasks on the same con-
versations: sentiment, intent, and strategy clas-
sification; image and text knowledge retrieval;
dialogue state tracking; span detection; coref-
erence resolution; and the first formulation of
cross-modal dialogue relation extraction. The
corpus contains 15,293 dyadic role-play dia-
logues under two-stage quality control. Base-
lines on six frontier multimodal LLMs reveal
task-conditional patterns that should inform de-
ployment choices: no model wins all nine tasks,
and context length affects accuracy differently
from one task to another.

1 Introduction

Real-world e-commerce conversations are increas-
ingly multimodal: users send product photos,
agents reply with image recommendations, and vi-
sual attributes routinely cross between text and im-
age. LLM-powered commercial agents are rapidly
entering these conversations through consumer-
scale search, recommendation, and even payment
execution (Gartner, Inc., 2025), placing high-stakes
transactions under their control. Reliability eval-
uation must therefore move beyond text-only in-
teractions and a single end-to-end response score,
toward per-competence multimodal audit that lo-
calizes which dialogue understanding capability
actually failed.

“Work done while Yu-Jeong Sung was an intern at Korea
Electronics Technology Institute.

I'm looking for a casual summer dress under
$80. | prefer linen, light colors, and something
knee-length that works for both brunch and
casual office days. Could you recommend a
few options?
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Figure 1: (a) User request with constraints. (b) A bare
recommendation that hides which competence the agent
used. (c) With KoMMERCE's nine NLU annotations
(illustrated: span, coreference, and relation evidence),
the recommendation becomes interpretable across each
dialogue understanding step.

Consider a shopper asking for a beige linen dress
(Figure 1a): a commercial agent’s bare recommen-
dation (Figure 1b) tells us neither what it under-
stood about “beige linen” nor whether its visual
grounding matches the textual constraints. This
opacity is a barrier to reliable shopping automation:
when the agent fails, neither the user nor the devel-
oper can tell which competence broke, so failures
cannot be diagnosed or corrected at scale. Audit-
ing each step (the spans the agent parsed, entities
linked, visual attributes grounded against) turns an
opaque recommendation into an interpretable one
(Figure 1c).
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We propose KOMMERCE!, a Korean multi-
modal benchmark over the fashion domain that
addresses an acute gap: no public benchmark eval-
uates fine-grained multimodal dialogue understand-
ing for Korean commercial agents (Section 2), even
though Korea’s e-commerce market (Statista Mar-
ket Insights, 2025) subjects domestic LL.M-based
agents to the same reliability stakes outlined above.
KoMMERCE coordinates nine fine-grained NLU
tasks on the same dialogues: sentiment, intent, and
strategy classification; image and text knowledge
retrieval; dialogue state tracking; span detection;
coreference resolution; and, for the first time to
our knowledge, cross-modal dialogue relation ex-
traction. Fashion concentrates the properties that
stress multimodal dialogue understanding (dense
visual attributes, frequent cross-turn references like
“this in beige” or “a shorter version”, and repre-
sentative consumer e-commerce traffic) in a single
domain. KoMMERCE dialogues are collected via
dyadic human role-play grounded in K-Fashion
images (AI-Hub, 2020) and curated Korean text
knowledge, with every sample passing a two-level
quality review that mitigates artifacts commonly
attributed to crowd-sourced collection (details in
Section 4).

We benchmark six frontier multimodal LLMs
on KoMMERCE. Beyond what an end-to-end re-
sponse score would surface, our fine-grained mul-
timodal evaluation reveals two task-conditional
failure patterns: longer context helps DST and re-
trieval but collapses coreference and relation extrac-
tion, and image context helps shallow classification
while disrupting structured state tracking.

Our contributions are:

¢ KOMMERCE, a Korean multimodal bench-
mark that holistically evaluates LLM-agent
dialogue understanding for e-commerce by
coordinating nine fine-grained NLU tasks on
the same conversations.

* Multimodal dialogue relation extraction, in-
troduced here as a new task capturing entity—
attribute links jointly grounded in images and
conversational context.

* Baselines on six frontier multimodal LLMs
that diagnose three failure patterns of cur-
rent LL.M-agents: no model wins all nine
tasks, context length is task-conditional, and

!Dataset and annotation documentation: https: //github.
com/MMC-K/multimodal_fashion_dialog_dataset

structured-task performance surfaces as a con-
crete improvement direction for the open-
weight reference (Qwen3-VL-32B).

2 Related Work

KoMMERCE sits at the intersection of three or-
thogonal axes of prior work (multimodal dialogue
benchmarks, fine-grained NLU benchmarks, and
Korean LLLM benchmarks), and further introduces
cross-modal dialogue relation extraction, a task for-
mulation not addressed by any prior resource we
surveyed. A condensed comparison of represen-
tative resources along these axes is provided in
Appendix F (Table 27).

Multimodal dialogue benchmarks. Existing
multimodal dialogue corpora include early fashion-
focused work (Saha et al., 2018), SIMMC 2.0 (Kot-
tur et al., 2021) with state tracking, coreference,
and disambiguation, MMDialog (Feng et al., 2023),
and recent conversational recommendation in ap-
parel (Wang et al., 2025b; Liao et al., 2021; Pang
et al., 2025). These resources are English-dominant
and seldom co-evaluate coordinated fine-grained
NLU subtasks on the same dialogue or enforce
explicit cross-modal relation annotations.

Fine-grained NLU benchmarks. Fine-grained
NLU has been rigorously benchmarked outside
the dialogue setting: text-level entity and coref-
erence (Tjong Kim Sang and De Meulder, 2003;
Weischedel et al., 2013; Pradhan et al., 2013), re-
lation extraction (Zhang et al., 2017; Yao et al.,
2019), vision—language grounding (Lin et al., 2014;
Plummer et al., 2017; Wu et al., 2021), and cross-
modal extraction (Zheng et al., 2021; He et al.,
2023; Huang et al., 2025). These benchmarks eval-
uate each capability in isolation and omit cross-
modal reasoning across dialogue turns; they also
rarely support fine-grained fashion retrieval (pat-
tern, length, sleeve style, neckline), where KoM-
MERCE annotates 686 detailed attributes.

Korean LLLM benchmarks. Korean LLM bench-
marks each cover a slice disjoint from our set-
ting: KMMLU (Son et al., 2024) and KMMLU-
Redux/Pro (Hong et al., 2025) for expert exam
knowledge, KoCommonGEN v2 (Seo et al., 2024)
for commonsense, and KoBALT (Shin et al., 2025)
for linguistic phenomena. All three are single-turn,
text-only multiple-choice and do not evaluate di-
alogue, multimodal grounding, or co-evaluated
NLU. ECom-Bench (Wang et al., 2025a) is the
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Task ‘ Label Description
REQUEST The user asks for an initial recommendation of a specific item.
REFINED-REQUEST A follow-up request that narrows the item’s attributes after the system’s

. . suggestion.

Intent classification EVALUATION The user expresses an opinion about the system’s suggestion.
DETAIL A request for detailed information about the requested fashion item.
KNOWLEDGE Utterances that ask for general, fashion-related knowledge.
CHAT Greetings, thanks, or small talk that does not require fashion items.
CLARIFICATION Questions that clarify the user’s requirements.
SUGGESTION System suggestions tailored to the user’s stated needs.

Strategy classification DETAIL Responses that provide specific details of the user-requested item.
KNOWLEDGE Fashion-related knowledge that answers the user’s question.
CHAT Responses to greetings or compliments, and opening or closing remarks.

PRE-SUGGESTION

Proactive suggestions without a prior user request, or asking whether addi-
tional items are needed.

ATTRIBUTE A head fashion item has the property given by the tail entity.
Relation extraction UP_DOWN The head top item and the tail bottom item form a matched outfit/set.
PART_OF The head fashion item is a part of the tail item (sleeve, collar, button, etc.).

Table 1: Labels characterize utterance properties in multimodal commercial dialogues. The table lists labels for intent,
strategy, and the three relation extraction predicates; the remaining six tasks use self-explanatory or task-specific

output spaces.

closest in domain (multimodal e-commerce agent)
but is Chinese and reports a single end-to-end pass>
metric without per-competence decomposition.

3 Definition

We define below the nine tasks that KoOMMERCE
evaluates, starting with the multimodal dialogue
setting they share. Appendix B provides prompt
and output examples for each task.

Dialogue and utterance. A dialogue is a finite se-
quence U = (uq,...,ur) of utterances produced
by either a user or a system, where each utterance
us = (w,14¢) consists of text z; and an image i,
from an image pool Z (possibly empty). The dia-
logue prefix is U<y = (u1, ..., uz).

Utterance-level classification (sentiment, intent,
strategy). Each task selects a label y; from a
task-specific label set ) (Table 1) given the dia-
logue prefix:

Y/ = arg max U<y),
Y gmax f-(y | Ust)
T € {sent, intent, strat}.

Sentiment (Vsent = {positive, negative, neutral })
predicts the polarity of the user’s latest utterance
uy toward an item or its attributes, letting the agent
adjust subsequent responses (Appendix A). Intent
predicts the user’s underlying purpose at u; (Vintent
in Table 1), gating which downstream action the
system should plan. Strategy predicts the response

strategy for the system’s upcoming turn (Vstrat in
Table 1), enabling explicit control over the agent’s
response form.

Retrieval (image, text knowlgdge). Each task
returns the top-k ranked items R, from a database
D, scored against the dialogue prefix:

~

R, = TopK s,(d | U<y),
deDr

T € {img, txt}.

Image retrieval (Diyg = I, the K-Fashion catalog)
supplies candidate items for the agent’s recommen-
dation. Text knowledge retrieval (Diyxy = D, the cu-
rated Korean knowledge base) anchors the agent’s
textual claims in publicly accessible sources (Ap-
pendix A).

State tracking. State tracking predicts the user’s
accumulated preferences and constraints at turn ¢
as a set of fashion attributes s; from the dialogue
prefix U<y:

é\t = fstate(ugt)'

Accurate state tracking progressively constrains the
retrieval search space and ensures the system tracks
the user’s requirements correctly (Appendix A).

Span detection. Given utterance tokens z; =
(wei,...,wp,) and image i;, span detection pre-
dicts text spans ‘SA’feXf (contiguous substrings of x;)
and image spans S™*%° (bounding boxes in i)
marking fashion-relevant regions:

~

text (:Ct)a ngage _

S\;next = flot image(i )

span
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Spans localize the textual and visual atoms that
downstream coreference and relation extraction op-
erate over (Appendix A).

Coreference resolution. Coreference resolution
partitions the set of all mentions M across the dia-
logue into clusters I1, where each cluster contains
all mentions of one entity:

M=o s,
t

Il = {Cy,...,Cy} is a partition of M.

Stable cross-turn coreference is required for coher-
ent entity tracking across multi-turn retrieval and
comparison (Appendix A).

Cross-modal relation extraction. Cross-modal
relation extraction returns a set of triples R where
each triple links a head entity ej, and a tail entity e;
via a typed predicate p € P (Table 1):

R={(en,p,er)}, pEP.

To our knowledge, this is the first formulation that
pairs entity-level cross-modal RE with multi-turn
dialogue grounding: prior cross-modal RE bench-
marks (Zheng et al., 2021; He et al., 2023; Huang
et al., 2025) are sentence-level, and multimodal
dialogue corpora annotate relations only implic-
itly. Dialogue-level relations also shift with intent
and opinion across turns (Gao et al., 2021) (Ap-
pendix A).

4 Method

We constructed KoMMERCE on a custom inte-
grated platform that supports multimodal dialogue
generation, annotation, and quality review for 100
trained native-Korean crowd workers recruited
through a professional data-collection vendor over
a three-month period. The platform provides role-
based Uls for dialogue speakers, annotators, and re-
viewers, with built-in retrieval tools, span-marking
widgets for both text and image regions, and a
session-resumption queue that lets workers con-
tinue dialogues started by other workers. Figure 3
shows a representative annotated dialogue. The
collection workflow proceeded in three stages fol-
lowed by a two-level quality review (Figure 2).

4.1 Data Collection

Stage 1. Dialogue generation (Figure 2a. Par-
ticipants are auto-matched into user-system pairs

given a topic sampled from a pool of 15,285 dis-
tinct fashion goals. The topic specifies the user
persona, target item category, and high-level con-
straints. Both roles then produce open-ended, free-
form turns. Collection screen is depicted in Fig-
ure 16).

In this stage each speaker self-annotates intent,
sentiment, and strategy in-flow, since these labels
are most accurately recovered while the speaker
still holds the conversational intent in mind. For
each system turn, the worker queries a built-in text
retriever and a K-Fashion (AI-Hub, 2020) image
retriever and tags the retrieved passages and images
used in that turn; these per-turn tags become the
gold retrieval annotations against which models are
evaluated. Dialogues span multiple sessions: users
may leave and later return to continue the same
goal, with an average of 2.01 sessions per dialogue,
supporting longitudinal evaluation of an agent’s
session-resumption ability.

Stage 2-1. State-tracking annotation (Figure 2b).
A second-pass annotator (distinct from the original
dialogue speakers, to prevent self-confirmation
bias) labels per-utterance query state, the cumu-
lative user constraints encoded as polarity +
(item:attribute-category:attribute-value)
over the K-Fashion taxonomy of 1,992 attribute
values, and clarification state, system utterances
that explicitly request user clarification. For exam-
ple, a user asking for a beige blouse contributes
the query-state element (top:category:blouse)
and (top:color:beige); a later utterance
“but not red” would add the negated element
!(top:color:red); and an under-specified
utterance such as “something for the top” would
contribute the partial element (top: : ).

The query state is updated immediately when-
ever a user utterance adds, replaces, or invalidates
a constraint, yielding a per-turn snapshot used
as gold for DST evaluation. The leading ! pre-
fix supports invalidation operations (e.g., a user
later rejecting a previously requested color), and
unspecified components are left empty within the
triple, preserving the exact granularity at which the
user expressed each constraint. Detailed Stage 2-1
guidelines are in Appendix G.

Stage 2-2. Cross-utterance annotation (Fig-
ure 2¢). A third-pass annotator marks spans (text
substrings or image bounding boxes) on every ut-
terance, groups coreferent spans into entities, and
assigns typed predicates between entity pairs to pro-
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Figure 2: Three-stage data collection pipeline for KOMMERCE. Stage 1 collects dyadic dialogues grounded in
fashion images and curated knowledge. Stage 2-1 adds state-tracking labels per utterance. Stage 2-2 annotates
cross-utterance spans, coreference clusters, and relation triples.

user:

ELCER-TE] Relations
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E8 — E9
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Figure 3: Annotated dialogue outline. Text/image spans
are color-coded with entity IDs; intent in blue; sentiment
in dark gray; states in light yellow; relations in the right
panel.

duce relation triples. Span boundaries include the
head together with the modifiers needed to uniquely
specify the referent (e.g., “beige linen dress” rather
than just “dress”); when candidate spans overlap,
the most informative valid span is kept.

Coreference is annotated across text and image
mentions and across sessions, with the explicit goal
of producing entity clusters that downstream rela-
tion extraction can quantify over. Relation pred-
icates are drawn from a fixed set (ATTRIBUTE,
UP_DOWN, PART_OF; Table 1) and are annotated

at the entity level so each predicate carries from
one entity cluster to another rather than between in-
dividual mentions; this entity-level annotation pro-
duces the cross-modal triples (text-image, image-
text) that distinguish Ko0MMERCE from prior di-
alogue relation corpora. Detailed Stage 2-2 guide-
lines are in Appendix G.

Korean-specific annotation. Two properties of
Korean shaped the span guidelines. (i) Korean is
agglutinative: case particles and verb endings carry
grammatical role rather than lexical meaning, so
they are excluded from span boundaries to keep
spans aligned with the K-Fashion attribute vocab-
ulary. (ii)) Korean writes noun-noun compounds
without internal spacing, so multi-noun compounds
within one orthographic word are tagged as a sin-
gle span rather than split, matching how a Korean
reader parses them.

4.2 Data Quality Control

Quality is enforced along three axes: worker train-
ing, source control, and two-level review (Fig-
ure 4). Worker training: guidelines were iter-
atively revised three times in consultation with
the vendor, validated on a 20-worker pilot, then
scaled to 100 workers trained over three months;
high-performing workers were promoted to re-
viewers. Source control: images are restricted
to license-cleared K-Fashion content with per-
sonal identifiers cropped or blurred, and knowl-
edge sources are restricted to the publicly accessi-
ble Wikipedia (Wikipedia contributors, 2024) and
NamuWiki (NamuWiki contributors, 2024) to ex-
clude untraceable web content. Two-level review:
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Figure 4: Data quality control workflow: crowd worker
training, data source control, and a two-level review.

at every stage, samples must pass a Level 1 review
(fit to stage-specific guidelines, with direct correc-
tion or return for revision) and a Level 2 second
pass before being locked, preventing downstream
inconsistencies when subsequent annotation stages
are added.

Our sequential pipeline assigns one primary
annotator per stage and replaces parallel double-
annotation with the L1/L2 review. Roughly 50%
of submitted samples passed L1 on the first at-
tempt, with the remainder revised until both L1
and L2 cleared them. To quantify annotation relia-
bility through inter-annotator agreement (IAA), we
ran an independent double-annotation study: two
annotators independently re-labeled the same 240
selected samples. Appendix C.4 reports IAA and
the human baseline.

5 Descriptive Statistics

Before the experiments, we summarize two prop-
erties of the KOMMERCE corpus that matter for
interpreting it as a benchmark: its scale and diver-
sity, and the structure of the proposed cross-modal
relation annotation. Per-task distributions and fig-
ures are deferred to Appendix H.

Scale and diversity,. KoMMERCE comprises
15,293 dialogues spanning 539,137 utterances,
with an average of 35.25 utterances per dialogue
and a maximum of 83. Each dialogue is segmented
into sessions by temporal gaps, averaging 2.01 ses-
sions per dialogue and supporting longitudinal eval-
uation that scripted single-session collection rarely
provides. The corpus draws on 15,285 unique top-

predicate All T-T>0 T-T=0 T-1 I-T I-1

i ATTRIBUTE 91,220 579,447 445,607 66,636 36 67,167 1

@ UP_DOWN 53,916 243,981 187,807 2,085 54,071 17 1

- PART_OF 737 3,184 2,400 65 709 10 0
Source

controlled Sum 145,873 826,612 635,814 68,786 54,816 67,194 2

Table 2: Relations per predicate and mention pairs

ics and 29,829 unique fashion images annotated
with 686 distinct item: category:value combina-
tions in the K-Fashion taxonomy (AI-Hub, 2020)?,
with 1.55 spans per image on average. The full at-
tribute hierarchy is shown in Appendix Figure 17.
Within-domain image diversity includes 21 colors,
25 materials, and 21 prints (Table 28).

Cross-modal relation structure. Table 2 sum-
marizes the annotated cross-modal relations. KoM-
MERCE contains 145,873 relations across three
predicates, dominated by ATTRIBUTE (91,220)
and UP_DOWN (53,916). Mention pairs are domi-
nated by cross-utterance text-text relations (T-T>0:
635,814), reflecting the dialogue-level nature of
the annotation. Cross-modal pairs (T-I and I-T) are
non-trivial as well, arising when textual attributes
and top—bottom set relations are grounded to image
mentions (Table 2). The utterance-index distance
between head and tail mentions has a median of 3
and a 95th percentile of 17 (Appendix Figure 21),
indicating that the task tests relation extraction over
substantive dialogue spans.

6 Experiments

6.1 Setup

Evaluation conditions. All nine KoMMERCE
tasks (Section 3) are run under text-only and mul-
timodal settings at three context-window sizes
k € {4,8,16}, yielding 9 x 2 x 3 = 54 con-
figurations. Full results for each context length
and modality are in Appendix D. Appendix C.1
explains how we select evaluation turns or dia-
logue windows and distinguish text-only from mul-
timodal samples, for example by checking whether
their dialogue history contains images.

Execution and reporting. For each configura-
tion we evaluate on a balanced pool of N=250
samples (smaller multimodal sub-pools marked *).
Appendix C.2 reports a sample-size sweep sup-
porting this choice for five tasks. Each (model,

The full K-Fashion taxonomy contains 1,992 attribute
combinations.
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configuration) cell is run three times and we re-
port mean+std. Full sampling, distractor budgets,
JSON parsing, and per-task pool details are in Ap-
pendix C.

6.2 Baselines and Metrics

Baselines. We benchmark four model families
spanning the current proprietary—open-weight fron-
tier. Anthropic Claude: Claude 4.5 Sonnet (An-
thropic, 2025). OpenAl GPT: GPT-5.4 and the
smaller GPT-5.4-nano (OpenAl, 2026). Google
Gemini: Gemini 3.1 Pro and the smaller Gemini 3
Flash (Google DeepMind, 2026). Alibaba Qwen:
three open-weight variants of Qwen3-VL-32B (Bai
et al., 2025), namely [Qwen-Inst] (instruct-tuned
reference), [Qwen-Thinking] (thinking enabled, no
decoding budget), and [Qwen-Thinking-Budget]
(thinking enabled with budget-forced decoding:
3,072 tokens for chain-of-thought and 1,024 tokens
reserved for the final answer, exhausting the same
4,096-token decoding cap fairly between think-
ing and answer). Proprietary baselines use API-
default reasoning settings; the client settings and
output limits are detailed in Appendix C. All mod-
els share the same prompt template. We also com-
pare Qwen3-VL-2B-Instruct before and after task-
specific supervised training with low-rank adapta-
tion (LoRA) on the three classification tasks (Sec-
tion 6.5).

Primary metrics. We report one primary met-
ric per task: Macro-F1 for sentiment, intent, and
strategy classification; joint-goal accuracy for state
tracking; span-overlap F1 for text spans and
bounding-box F1 for image regions in span de-
tection; exact-cluster F1 for coreference resolu-
tion (a predicted cluster is counted as a true pos-
itive only when its mention set exactly matches
a gold cluster’s, and per-sample F1 is averaged
across samples); triple-level F1 for relation extrac-
tion; and Recall@1 for image and text knowledge
retrieval. Full metric definitions and the canoni-
cal column legend used in the baseline tables are
in Appendix A (Table 8). Both retrieval tasks re-
quire selecting one answer from 11 candidates (Ap-
pendix C.3). For coreference, we additionally re-
port B3 and LEA to assess partially correct clusters
(Appendix D.3).

6.3 Main Results

Full per-model per-task baseline scores are in Ap-
pendix D (Tables 13, 14); from those same numbers

Task Winner (Ctx) ‘ Score ‘ Aong
Per-turn prediction tasks

Sentiment | GPT-5.4 (c=4) 0.593 | +0.004"
Intent Claude-4.5-Sonnet (c=4) 0.975 | +0.014
Strategy Claude-4.5-Sonnet (c=16) | 0.949 | +0.001%
DST GPT-5.4 (c=16) 0.876 | +0.040
ImgRet Gemini-3.1-Pro (c=8) 0918 | +0.014
TxtRet GPT-5.4 (c=16) 0.677 | +0.003"
Cross-turn extraction tasks

Span Gemini-3-Flash (c=16) 0.795 | +0.108
Coref™ GPT-5.4 (c=4) 0.506 | +0.012
Relation® | Gemini-3.1-Pro (c=4) 0.942 | +0.026

Table 3: Per-task winners across all (model, context)
cells. Ajpq is the margin over the second-best cell. Win-
ners span four model families. TMargin within typical
per-run std (< 0.01); should be read as a statistical tie
between the listed winner and the runner-up rather than
a clear win. *small-pool ctx=4 split. Full numbers in
Appendix D.

we highlight two patterns: no model wins more than
a few tasks, and every model family scores within
the same per-task range.

No single model wins all nine tasks. The nine
task winners spread across four model families (Ta-
ble 3): GPT-5.4 takes a plurality (4/9), Claude 4.5
Sonnet and Gemini 3.1 Pro each lead 2, and Gemini
3 Flash leads 1; the remaining 5/9 still go to a non-
GPT family. Three margins (marked T in Table 3)
fall within per-run std and should be read as ties.
Open-weight Qwen-Inst sits within 0.04 of the best
closed-weight model on saturated classification but
trails by 0.20 or more on the structured and state
tasks.

Every model scores in the same per-task range.
All eight model-variants score above 0.88 on In-
tent and Strategy classification, fall between 0.40
and 0.92 on DST, Span, and Image Retrieval, and
stay below 0.60 on Sentiment, Coreference, and
Relation Extraction (Appendix D). The pattern is
uniform across Anthropic, Google, OpenAl, and
Alibaba families, suggesting these splits reflect a
shared architectural limitation rather than a single-
model artifact, which we examine next.

6.4 Analysis

Context length: candidate validation vs. struc-
tured graph construction. The nine tasks split
into two groups by how their scores respond to con-
text length (Figure 5). Candidate-validation tasks
(DST, Span, Image Retrieval) ask the model to se-
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Figure 5: Mean task-specific score across seven model-
variants® as context length grows; shaded bands span the
min—-max range. Candidate-validation tasks (left) rise
monotonically; structured-graph tasks (right) collapse.
Full numbers in Appendix D.

lect valid items from a closed candidate set; scores
rise monotonically with context across all evaluated
model-variants (Figure 5, left). Structured-graph
tasks (Coreference, Relation) instead require link-
ing referents across the entire dialogue, and the
number of candidate mention-pairs or triples grows
quadratically with context; without an explicit sym-
bol registry, the model must scan an expanding
combinatorial space within its attention budget,
and performance collapses sharply (Figure 5, right).
The practical implication for serving stacks (e.g.,
vLLM) is that context length should be tuned per
task: long context for candidate-validation tasks
(DST, retrieval, span), short context for structured-
graph tasks (coreference, relation). Enlarging the
context window alone does not yield the structured-
prediction capability that dialogue-level reference
resolution requires.

Image context plays three task-conditional roles.
The effect of adding images to the dialogue history
depends on what the task predicts (Figure 6). When
the target is itself visual (Span detection), image
is direct evidence and lifts performance sharply.
When the target is a short categorical label (Senti-
ment, Intent, Strategy), image is a categorical hint
that disambiguates the latent dimension. When the
target is structured but linguistic (DST), image be-
comes attention-budget distraction: DST drops in
the multimodal split for most models. Practical im-
plication: image input should be fed to LLM-agent
pipelines selectively, always for visual-target tasks
(span detection), often for short categorical pre-
dictions, sparingly for structured linguistic tasks
(DST).

Inference protocol drives reliability more than
model identity. Inference protocol can shift a
model’s reliability profile by an order of magni-

+13

Span detection direct evidence ®
) categorical hint +21
Sentiment attention distraction
+25
Intent ®
+30
Strategy ®
-42
DST @
60 -40 -20 0 20 40

A (multimodal — text), pp

Figure 6: Image-context delta (A multimodal — text,
in percentage points) across all (model, context) cells.
Bars span the min—max range; the dot marks the median.
Full per-cell numbers in Appendix D.2.

tude (Table 5). On the same Qwen weights, switch-
ing from unconstrained thinking to budget-forced
decoding drops empty, truncation, and JSON-fail
rates from 24.5%/16.2%/17.9% to 2.8%/0%/1.8%,
making the budget-forced configuration more
JSON-reliable than several frontier closed-weight
baselines. Controlling for inference protocol is
therefore essential when comparing model relia-
bility.

Qwen3-VL-32B-Instruct vs. closed-weight: gap
is task-heterogeneous. The gap depends on what
is being predicted (Table 6): Qwen-Inst sits within
0.04 of the best closed-weight on saturated classifi-
cation (Intent, Strategy) but lags by 0.22 or more
on DST and Span and by 3.3x on Coreference at
ctx=16. Conclusions here apply to this single open-
weight reference; subject to that, Qwen-Inst is a
viable substitute for closed-weight frontier models
on simple classification but not yet on dialogue-
level structured reasoning.

6.5 Supervised baselines

We train task-specific baselines to assess how su-
pervised adaptation changes classification perfor-
mance in KOMMERCE. Starting from Qwen3-VL-
2B-Instruct, we train a separate LoRA (Hu et al.,
2022) adapter for sentiment, intent, and strategy
classification, using 5,000 training and 500 valida-
tion examples per task. We compare each adapter
with the unadapted model on the same k=16 eval-
uation samples (/N =250 per task and setting). Ap-
pendix D.6 details the training and evaluation pro-
tocol.

Task-specific supervision improves Macro-F1 in
all six settings (Table 4). The largest gain is in
text-only strategy classification, which increases
from 0.235 to 1.000. These results show that KoM-
MERCE annotations support effective adaptation
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Training Sentiment Intent Strategy
Text-only Multimodal Text-only Multimodal Text-only Multimodal

Zero-shot 0.307 0.437 0.349 0.709 0.235 0.573

Task-specific LoORA 0.480 0.986 0.795 0.991 1.000 0.987

Table 4: Qwen3-VL-2B-Instruct with task-specific supervision (Macro-F1, k=16, N=250 per setting). LoRA uses

one training run per task.

Configuration ‘ Empty ‘ Trunc. ‘ JSON-fail
Qwen-Thinking 24.5% | 16.2% 17.9%
Qwen-Thinking-Budget | 2.8% | 0.0% 1.8%

Table 5: Inference-protocol effect on the same Qwen3-
VL-32B-Thinking weights (-Budget = forced decoding
budget). Per-model breakdowns: Appendix Table 23.

Task (ctx=16) ‘ Qwen-Inst ‘ Best closed ‘ A
Saturated classification (gap < 0.04)

Intent 0.926 0.961 —0.035
Strategy 0.920 0.949 —0.029
Structured / state tasks (gap > 0.20)

DST 0.639 0.876 —0.237
Span 0.572 0.795 —0.223
Coref 0.033 0.108 3.3%

Table 6: Qwen-Inst vs. best closed-weight at ctx=16.
Best closed per task: Intent and Span — Gemini-3-
Flash; Strategy — Claude-4.5-Sonnet; DST and Coref
— GPT-5.4. Full numbers: Appendix D.

of a small multimodal model on the three classifi-
cation tasks.

7 Conclusion

We introduce KOMMERCE, a Korean multimodal
benchmark with nine coordinated NLU tasks, in-
cluding the first formulation of cross-modal dia-
logue relation extraction. Baselines reveal failure
patterns hidden by end-to-end scores, giving practi-
tioners per-competence signals for deploying and
improving commercial LLM agents.

Limitations

Role-play vs. production-log data. Crowd-
worker role-play does not replicate the statistical
distribution of production logs, which remain valu-
able complementary evidence. We designed KoM-
MERCE to mitigate the three artifacts most con-
sistently reported for this collection methodology,
but each mitigation reduces rather than eliminates
the underlying gap. (i) Lexical leakage from task

instructions (Gururangan et al., 2018; Geva et al.,
2019): the first user utterance shares only 1.77%
of its words with the topic instruction on aver-
age (median 0), and full verbatim copying occurs
in 0.01% of dialogues. (ii) Short dialogues from
crowd-worker WoZ (Huang et al., 2022; Chen et al.,
2020; Zhao et al., 2022): KoOMMERCE averages
35.25 utterances per dialogue versus the 8-20 ut-
terances/turns typical of prior corpora. (iii) Single-
session focus (Xu et al., 2022; Jang et al., 2023):
67% of KOMMERCE dialogues span multiple ses-
sions. These mitigations make KoMMERCE be-
haviorally non-trivial but do not substitute for real-
traffic evaluation.

Sandboxed evaluation. KoMMERCE evaluates
dialogue understanding inside a closed corpus, with
no live account linkage, no payment execution, and
no integration with a production retail backend.
Failure modes that surface only in deployment,
including request latency under concurrent load,
network partitions during transactions, recovery
from invalid payment or inventory states, account-
level abuse and fraud vectors, and the long tail of
system-side errors that downstream agents must
compensate for, are therefore outside the bench-
mark’s scope. A model that scores well on KoM-
MERCE has been shown to parse intent, ground
references, and produce structured outputs reli-
ably, but its production safety profile must be re-
evaluated against the live system it is deployed into.
We recommend end-to-end stress testing against a
sandboxed retail backend, or a small-scale shadow
deployment on real traffic, as a natural complement
to KOMMERCE-style competence audits.

Temporal drift. Fashion vocabulary, popular
styles, brand inventory, and the external knowl-
edge sources our retrieval relies on (Wikipedia,
NamuWiki) all evolve continuously, so a corpus
collected over a fixed three-month window in-
evitably ages. Retrieval and shallow classification
tasks are most exposed: a model evaluated on
KoMMERCE may degrade on queries about new
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collections, recently launched brands, or trend-
ing style terms that never appear in the corpus.
Structured tasks (DST, coreference, relation ex-
traction) are comparatively more transferable be-
cause their schemas and predicate vocabularies
are time-invariant, but the underlying attribute set
still drifts whenever the K-Fashion taxonomy is
extended. Practitioners deploying KoOMMERCE-
trained or KOMMERCE-evaluated systems should
monitor query-distribution drift after deployment,
refresh the benchmark periodically, and where fea-
sible reserve a held-out time slice for temporal-
generalization probes; we plan to release versioned
updates as part of the dataset distribution.

Ethics Statement

We collect data with informed consent and verify
usage rights and provenance for all assets. Person-
ally identifiable information is not included dur-
ing collection, and we exclude sensitive financial
details while applying procedural safeguards. An-
notators receive training, fair compensation, and
documented guidance with a clear process for re-
solving disagreements. To address bias and fairness,
we exclude content that reinforces stereotypes or
evaluates physical appearance. For safety and mis-
use prevention, the benchmark does not connect
to real accounts or enable payment actions. The
dataset release provides image URLs and attribute
annotations; access to the source images follows
the K-Fashion dataset’s terms.

Use of AI Assistants During the preparation
of this work the author(s) used ChatGPT in or-
der to check for typographical errors and improve
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A Evaluation Metrics

Each benchmark instance is converted into a task-
specific prompt, and the model is required to return
a structured JSON response. We report one primary
metric per task, matching the benchmark tables. For
readability, the examples below are shown as gray
prompt/output boxes.

Classification (sentiment, intent, strategy):
Macro-F1. Let {(y;, %)}, denote the gold and
predicted labels after converting both labels to up-
percase strings, and let

V={§;|1<i<N}U{y|1<i<N}. (1)

Foreachc € ),

N
TP.=) 1ji=cAyi=d,
i=1
N
FP.=Y 1[fi=cAyi#d,  (3)
i=1
N
FNe = 1 #c Ay =, 4)
i=1
and
TP, .
p, — ) TPAEP if TP, '+ FP. > 0, 5)
0 otherwise,
TP, .
RC _ TP.+FN, if TPC + FNC > 0, (6)
0 otherwise,
2P.R.  :
F1, = ) Porre HEet Be >0, )
0 otherwise.
We report
Macro-F1 = — > F1 (8)
acro-F1 = — .
V| ‘
cey

DST: joint-goal accuracy. Let Ql and Q); de-
note the predicted and gold query_state sets
after keeping only non-empty strings and apply-
ing strip() to each entry; request_state is not
scored. We report

N
1 ~
JGA = ; 1[Q; = Qi]. 9)

Structured prediction (span, coreference, rela-
tion): F1-overlap. For span detection, corefer-
ence, and relation extraction, let AZ and A; be the
predicted and gold sets of exact atomic items. The
score is zero when exactly one set is empty ().
The per-instance score is

1 if Az =A;, =0,
F1;(A) =<0 ifA,=oa A, =0,
% otherwise,
(10)
where
Pi(A) = A R;(A) = A
(11)

The reported score is = SN F1(A).

Retrieval (image, text knowledge): accuracy.
For image retrieval and text knowledge retrieval,
we evaluate only the final selected candidate index:

N

1
Accuracy = N Z 12 = zi].
i=1

(12)

B Task Evaluation

For each of the nine KOMMERCE tasks we de-
scribe the input the model sees, the JSON struc-
ture it must return, and the scoring rule applied to
that output. Each task block ends with a worked
prompt/output example.

Sentiment analysis. Given the dialogue history
and the latest user utterance, the model predicts
one label in {positive, negative, neutral} and
is evaluated by Macro-F1 (Figure 7).

Intent classification. Given the dialogue history
and the latest user utterance, the model predicts
one intent label (e.g., REQUEST, REFINED REQUEST,
DETAIL, CHAT) and is evaluated by Macro-F1 (Fig-
ure 8).

Strategy classification. Given the dialogue his-
tory and the latest system utterance, the model
predicts one strategy label (e.g., SUGGESTION,
CLARIFICATION, DETAIL) and is evaluated by
Macro-F1 (Figure 9).

Dialogue state tracking. Given the dialogue his-
tory and a dynamically constructed tag menu, the
model predicts the current dialogue state as JSON
with query_state, request_state, and a short
summary. The benchmark reports only JGA on
query_state (Figure 10).
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Table 7: Primary metrics reported in KoOMMERCE.

Task Prediction target Reported metric
Sentiment sentiment label of u. Macro-F1

Intent intent label of u; Macro-F1
Strategy strategy label of u Macro-F1

DST query_state of s; JGA

Span detection text spans / image boxes Fl-overlap
Coreference resolution mention clusters IT F1-coref
Relation extraction relation triples R Fl1-relation
Image retrieval candidate image index Accuracy

Text knowledge retrieval — candidate knowledge index ~ Accuracy

Sentiment analysis

Prompt.
Analyze the sentiment of the user’s last

utterance given the dialogue history.

Input.
User. I want a beige
dress.

System. Here is one with
a softer silhouette.

User. This is exactly
what I wanted. I love
it.

Output.

{

"sentiment”: "positive”

3

Figure 7: Sentiment analysis: prompt and output exam-
ple.

Intent classification

Prompt.
Classify the intent of the wuser’s last

utterance given the dialogue history and label
definitions.

Input.
User. I am looking for a
blouse.

System. What style do you
prefer?

User. Could you show me a
more casual one?

Output.
{

"intent”: "REFINED REQUEST”

Figure 8: Intent classification: prompt and output exam-
ple.

Strategy classification

Prompt.
Classify the strategy of the system’s last

utterance given the dialogue history and label
definitions.

Input.

User. I want a black

blouse.
System. Let me narrow
down the options.
System. Would you prefer
a fitted or oversized
silhouette?

{Output.

"strategy"”: "CLARIFICATION”
}

Figure 9: Strategy classification: prompt and output ex-
ample.

Span detection. Given either a dialogue context
with candidate text spans or an image with candi-
date boxes, the model predicts all valid spans/boxes
in JSON. Predicted and gold items are matched as
true positives when their character-IoU (text spans,
computed over character indices within the same
turn) or box-IoU (image bounding boxes) is at least
0.5; per-instance precision/recall/F1 are then com-
puted and averaged across samples (Figure 11).

Coreference resolution. Given the dialogue his-
tory and a mention pool indexed as MO, M1, .. ., the
model groups mentions that refer to the same entity
and returns JSON clusters. Each predicted cluster
is treated as one unordered exact-match item, and
the benchmark reports F'1-coref (Figure 12).

Relation extraction. Given the dialogue history,
the mention pool, and a fixed list of candidate
(head, tail) mention pairs, the model assigns
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Dialogue state tracking

Prompt.
Infer the user’s current query state from the

dialogue history and candidate tags.
Input.

User. I need a blouse for
work.

System. Do you have a
preferred color?

User. Preferably white
and not too formal.
Candidate

top:category:dress, top:color:white,
top:color:black, top:style:formal

tags. top:category:blouse,

Output.
{
"query_state": [
"top:category:blouse”,
"top:color:white”

:ly
"request_state”: [1],

"summary"”: "The user wants a white blouse
for work."

b

Figure 10: Dialogue state tracking: prompt and output
example.

Span detection

Prompt.
Select all valid fashion-related spans from

the candidate list.
Input.

User. I want a linen

dress today .

System. I can help you
find one.

Candidates. [0,9,14], [0,15,20], [9,21,26]

Output.
{

"spans”: [[0,9,14], [0,15,20]]

}

Figure 11: Span detection: prompt and output example.

each pair a relation label or NONE for no relation
and returns the labeled triples as JSON. Pairs la-
beled NONE carry no relation and act as distrac-
tors; they are dropped before scoring, while gold
pairs answered NONE become false negatives. The
remaining triples are evaluated by exact-match F1-
overlap, comparing head/tail mention IDs and the

Coreference resolution

Prompt.
Group mentions that refer to the same fashion

item.

Input.

User. I like
the black dress.

v System. This one looks
elegant.

Mentions. MO: "the black dress”,
M1: bbox[0.12,0.31,0.28,0.40],
M2: "This one”

Output.
{

"clusters”: [["M0",
3

"M1" , rerr:]]

Figure 12: Coreference resolution: prompt and output
example.

relation label after lowercasing/stripping and map-
ping attribute to attr (Figure 13).

Relation extraction
Prompt.

Assign one relation type to each candidate
mention pair.

Input.

User. I want a beige
top .

System. Pair the top with
a skirt.

Mentions. M0: "top”, M1: "beige”, M2: "skirt”
Candidate pairs. (Mo, M1), (M@, M2), (M1, M2)

Output.
{

"relations”: [

["Me", "M1", "ATTRIBUTE"],
[ IIMQII , IIMZII s IIUP_DOWNII ] s
[ "M1 n s HMZH s HNONE”]

]
}

Figure 13: Relation extraction: prompt and output ex-
ample.

Image retrieval. Given the dialogue history and
a set of candidate images, the model predicts one
candidate index in JSON. The reported score is
accuracy over the final selected index (Figure 14).
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Image retrieval

Prompt.
Select the image that the system should

recommend given the dialogue history.

Input.
User. Show me a white
blouse for work.

System. Sure, I will find
a few options.

Candidates. <image 1>, <image 2>, <image 3>

Output.
{

"index": 2

}

Figure 14: Image retrieval: prompt and output example.

Text knowledge retrieval. Given the dialogue
history and a set of candidate knowledge entries,
the model predicts one candidate index in JSON.
The reported score is accuracy over the final se-
lected index (Figure 15).

Text knowledge retrieval

Prompt.
Select the most appropriate knowledge entry

given the dialogue history.

Input.
User. What fabric is
suitable for summer?

System. Let me check the
fabric guide.

Candidates. <entry 1>, <entry 2>, <entry 3>

Output.
{

"index": 1

}

Figure 15: Text knowledge retrieval: prompt and output
example.

C Evaluation Protocol Details

This appendix collects the implementation details
elided from Section 6.1. Pools are fixed by seed
(seed=42) and shared across all models and re-
runs. Distractor pools are pre-baked per sample so
grading is deterministic and independent of any ex-
ternal lookup at inference time: 15 distractors per
state-tracking sample, 5 per span-detection sam-
ple, and 10 per image-retrieval or text-knowledge-
retrieval sample. Each instance is rendered with

a task-specific prompt and the model returns a
JSON object that is parsed and graded against
the gold annotation; image turns are inlined in-
place at [IMAGE] markers in the prompt so multi-
modal models receive the original turn order. Three
output-reliability rates (empty predictions, token-
truncation, JSON-parse failures) are tracked along-
side primary metrics because they directly affect
whether a model can be deployed in practice: a
high-scoring model that frequently returns empty
or unparseable outputs is unusable. Per-model ag-
gregates are in Appendix E.

Reasoning configuration. Table 9 lists the rea-
soning/thinking setting for each of the eight model
variants. To compare budget forcing at fixed
weights, Qwen-Thinking and Qwen-Thinking-
Budget use the same Thinking checkpoint; Qwen-
Inst uses a separate Instruct checkpoint. Proprietary
baselines use API-default reasoning settings. Qwen
and the OpenAl-compatible clients set a 4,096-
token output limit, while the Gemini client leaves
this limit unspecified.

C.1 Evaluation samples and selection

Evaluation sample definition. For task 7 and
context-window size k € {4, 8,16}, measured in
dialogue turns, an evaluation sample is

where Z/{g? is the dialogue context provided from
U<y under this window setting, and Yy 1, 18 the corre-
sponding gold annotation. For Classiﬁ7cati0n, (TP
a sentiment, intent, or strategy label; for DST, itis a
set of query-state tags. For span detection, corefer-
ence resolution, and relation extraction, it contains
text spans or image bounding boxes, clusters of
coreferent mentions, and relation triples, respec-
tively. For image and text-knowledge retrieval, it
is the index of the gold candidate in the candidate
list.

Text-only vs. multimodal. We evaluate text-only
and multimodal settings separately to examine how
task performance and difficulty differ when images
are involved. We form these pools by selecting di-
alogue histories or annotated targets, rather than
by removing images from multimodal inputs. For
classification, DST, and retrieval, text-only samples
are selected from turns whose original preceding
history contains no images, while multimodal sam-
ples have an image in the last k history turns. For
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Table 8: Definitions of the canonical result columns used in the baseline tables. Aggregate columns are overall
results, not modality-specific subsets unless explicitly marked otherwise.

Column  Definition Primary metric
Sent. Sentiment classification on all labeled sentiment turns. Macro-F1
Intent Intent classification on all labeled user turns. Macro-F1
Strat. System strategy classification on all labeled system turns. Macro-F1
DST Dialogue state tracking on all state-labeled samples. JGA
Span Overall span detection over all span samples (text spans + image boxes). Fl-overlap
Coref Overall coreference resolution over all coreference samples. Fl-coref
Rel. Overall relation extraction over all relation samples. F1-relation
ImgRet Overall image retrieval over both text-only and multimodal contexts. Accuracy
TxtRet Overall text knowledge retrieval over both text-only and multimodal contexts. Accuracy
Model variant Family Reasoning setting Text—only Multimodal
Gemini-3-Flash Google API defaults
Clude 45 Somet Amwopic AP defal Task Bachk k=4 k=8 k=16
GPTS A-nano OpenAl AP doault Sentiment 250 250 250 250
chn—lns} ) Alibaba noln—lbinking (instruct) Intent 250 250 250 250
Qwen-Thinking Alibaba  thinking on, no budget
Qwen-Thinking-Budget Alibaba thinking on, budget-forced (3,072 CoT / 1,024 answer) Strategy 250 250 250 250
DST 250 250 250 250
Table 9: Client-side reasoning configuration for each Span 250 250 250 250
model variant. Only the two Qwen Thinking variants Coreference 250 15 250 250
share a checkpoint. API defaults indicate endpoint rea- Relation 250 3 250 250
soning settings without client-side overrides. Image retrieval 250 250 250 250
Text retrieval 250 250 250 250

span detection, coreference, and relation extraction,
images also form part of the prediction targets.

DST target construction. To evaluate state track-
ing within the context shown to the model, we con-
struct DST gold targets from query-state updates
over that window. We take the query-state tags at
the evaluated turn and remove any tags already
present in the state immediately before the window.
We retain only samples with at least one remaining
tag, so each sample requires a state update.

Shared evaluation pools. To compare models on
the same evidence, we fix the evaluation pool for
each configuration and share it across all models
and three reruns. We sample without replacement
from eligible samples using random seeds derived
from seed 42. Sentiment uses quotas of 183 neu-
tral, 40 positive, and 27 negative samples; other
tasks use uniform sampling. When fewer than 250
eligible samples are available, we use all of them.
Table 10 reports the resulting pool sizes, including
the small multimodal sub-pools marked with stars
in Tables 14 and 17.

Sampling across context lengths. To account
for images or DST state updates falling outside
shorter context windows, we select all multimodal
pools and the text-only DST pool separately for

Table 10: Evaluation sample counts for each task, set-
ting, and context length, before the three reruns. Each
text-only setting has 250 samples at each of £ = 4, 8, 16.
At k = 4, the multimodal coreference and relation sets
contain 15 and 3 samples, respectively; their scores are
marked with stars in the baseline tables.

each k. The other text-only pools reuse samples
across context lengths. Scores across k can there-
fore reflect differences in both context and sample
composition.

C.2 Justification for the N = 250 evaluation
pool

To assess whether NV = 250 is sufficient for evalua-
tion, we use a sample-size sweep (/N = 50-1,600)
on sentiment, intent, strategy, span detection, and
coreference. Table 11 reports the same primary met-
rics as the benchmark, using the first 50, 100, 200,
400, 800, and 1,600 samples of one fixed Qwen
prediction run per task. Each larger subset includes
the smaller subsets, with model outputs held fixed.
Growing the evaluation pool eightfold from 200 to
1,600 changes the scores by at most 0.0333, and by
less than 0.01 for intent, span detection, and coref-
erence. These small changes support the choice of
N = 250 for the five tasks examined.
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Task Metric N =50 100 200 400 800 1,600 |A200*>1600|
Sentiment Macro-F1 4619 5104 4912 4977 5263 5245 .0333
Intent Macro-F1 9451 .8946 9155 .9008 9138 9129 .0026
Strategy Macro-F1 .8482 .8792 .9065 9276 9361 9378 .0313
Span Overlap F1 .6086 .6326 .6380 .6410 .6501 .6465 .0085
Coreference Exact F1 .0969 .0955 .0796 .0770 .0778 .0822 .0026

Table 11: Sample-size sweep to assess the choice of an N = 250 evaluation pool. Scores use the first V samples of
a fixed Qwen prediction run for each task. The final column gives the absolute difference between N = 200 and
N = 1,600, calculated from the displayed four-decimal scores.

C.3 Retrieval candidate construction

Shared candidate format. Both retrieval tasks
use single-answer selection over the same number
of candidates: a shuffled list of one gold answer
and ten distractors. When a turn has multiple anno-
tated image or article references, we use the first as
the gold candidate. With one gold answer among
the 11 candidates, top-1 accuracy is equivalent to
Recall@1.

Image candidates. Image retrieval uses ten ran-
dom distractor images from the image pool, exclud-
ing all gold images annotated for the target turn.
Candidate images are shown in both the text-only
and multimodal history settings.

Text-knowledge  candidates. Each  text-
knowledge candidate is constructed from passages
quoted in the dialogues, rather than the full source
article. We group cited system utterances by article
ID and display each candidate as a title and a body
preview derived from these passages.

To make text-knowledge retrieval less suscepti-
ble to surface keyword matching, we use five TF-
IDF hard negatives and five random articles as dis-
tractors. We select the hard negatives by character-
bigram/trigram TF-IDF cosine similarity to the
gold article’s quoted passages, then sample five
other articles uniformly. All articles cited anywhere
in the same dialogue are excluded from the distrac-
tors.

C.4 Assessing annotation quality

Experimental setup. To assess annotation qual-
ity, we ran an independent double-annotation study
with two annotators. Both independently re-label
the same 30 samples for each combination of four
tasks (sentiment, intent, strategy, and coreference)
and two settings (text-only and multimodal), to-
taling 240 samples. Samples are drawn from the
model evaluation pools, using the £ = 16 pools
for multimodal evaluation. Annotators see up to

16 preceding turns, the target utterance for classi-
fication, and images for multimodal samples. For
coreference, we select one entity with at least two
mentions per dialogue, provide a text mention as an
anchor, and ask annotators which mentions in a sup-
plied candidate list co-refer with it. Gold answers
are withheld.

Inter-annotator agreement. IAA measures
whether independent annotators make consistent
judgments. For sentiment, intent, and strategy, we
compute Cohen’s k between the annotators’ labels;
for coreference, link-~ is Cohen’s  over their per-
candidate yes/no linking decisions. Intent and strat-
egy show almost-perfect agreement (x = 0.815—
0.914), and coreference shows substantial agree-
ment (link-x = 0.703-0.721; Table 12). Sentiment
agreement is moderate, with x = 0.507 for text-
only samples and 0.545 for multimodal samples.
This label uncertainty should be considered when
interpreting model performance on sentiment.

Human performance. Human annotations
closely match the gold intent and strategy labels,
with mean accuracy of 0.883-0.967 (Table 12). We
measure classification accuracy against gold and
use link-F1 to measure how accurately annotators
recover gold coreference links. For link-F1,
decisions are pooled within each setting for each
annotator; both accuracy and link-F1 are then
averaged over the two annotators.

D Full Per-Model Per-Task Baseline
Results

This appendix provides the full results support-
ing the model comparisons and analyses in Sec-
tions 6.3 and 6.4. We report modality-combined
and modality-split baseline results, followed by
additional coreference and relation analyses, a con-
trolled image ablation, and the protocol for task-
specific supervised baselines.
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Task Modality N TAA metric IAA Human score Human metric

Sentiment Text-only 30 Cohen’s k .507 .650 Accuracy
Sentiment Multimodal 30 Cohen’s k .545 .883 Accuracy
Intent Text-only 30 Cohen’s k 815 .883 Accuracy
Intent Multimodal 30 Cohen’s k 914 967 Accuracy
Strategy Text-only 30 Cohen’s K 816 .883 Accuracy
Strategy Multimodal 30 Cohen’s K .871 933 Accuracy
Coreference Text-only 30 Link-x 703 460 Link-F1

Coreference Multimodal 30 Link-x 721 813 Link-F1

Table 12: Inter-annotator agreement (IAA) and human baseline on 30 samples per task—setting combination (240
total), labeled by two annotators. Human scores are averaged over the two annotators.

D.1 Modality-combined results

To compare overall task performance across mod-
els and context lengths, we compute each primary
metric over the combined text-only and multimodal
evaluation samples. Table 13 reports classification,
state tracking, and retrieval results; Table 14 re-
ports span detection, coreference resolution, and
relation extraction results. Each model-context en-
try reports the mean and standard deviation over
three reruns.

D.2 Modality-split results

To compare performance between text-only and
multimodal settings, Tables 15, 16, and 17 re-
port the two settings separately for classification,
state tracking and retrieval, and cross-turn extrac-
tion, respectively. These results provide the setting-
specific scores underlying the image-context analy-
sis in Section 6.4; sample selection is described in
Appendix C.1.
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Table 13: Primary-metric baseline results with model-context pairs as rows for per-turn prediction tasks. Each cell
reports mean =+ std over three reruns.

Model ‘ Ctx ‘ Sent. Intent ‘ Strat. DST ‘ ImgRet TxtRet

Gemini-3-Flash 4 0.516 £ 0.002 | 0.927 +0.067 | 0.924 +0.002 | 0.483 +0.126 | 0.779 £ 0.001 0.652 4+ 0.002
Gemini-3-Flash 8 0.434 +0.002 | 0.957 & 0.006 | 0.948 £0.001 | 0.663 + 0.050 | 0.892 4+0.009 | 0.631 &£ 0.007
Gemini-3-Flash 16 0.426 £ 0.005 | 0.961 +0.007 | 0.945 £ 0.003 | 0.807 & 0.010 | 0.904 £ 0.007 | 0.670 % 0.008
Gemini-3.1-Pro 4 0.582 £ 0.072 | 0.9324+0.067 | 0.880 £ 0.065 | 0.456 +0.126 | 0.829 £ 0.010 | 0.634 & 0.005
Gemini-3.1-Pro 8 0.480 + 0.061 0.922 + 0.068 | 0.906 4 0.065 | 0.654 £+ 0.063 | 0.918 4 0.002 | 0.649 + 0.003
Gemini-3.1-Pro 16 0.509 £ 0.003 | 0.960 4+ 0.000 | 0.947 £0.001 | 0.836 + 0.015 | 0.904 £ 0.031 0.669 £+ 0.010
Claude-4.5-Sonnet 4 0.589 £ 0.002 | 0.975 4+ 0.001 | 0.918 £0.000 | 0.449 +0.123 | 0.745 £ 0.004 | 0.633 % 0.002
Claude-4.5-Sonnet 8 0.472 £0.002 | 0.953 4 0.001 0.948 +0.000 | 0.612 +0.057 | 0.821 £0.005 | 0.645 4 0.004
Claude-4.5-Sonnet 16 0.452 £0.003 | 0.95540.002 | 0.949 £0.000 | 0.785 4+ 0.017 | 0.855£0.012 | 0.665 % 0.007
GPT-5.4 4 0.593 + 0.002 | 0.904 4+ 0.061 | 0.896 £ 0.003 | 0.477 +0.136 | 0.769 4= 0.008 | 0.646 £ 0.003
GPT-5.4 8 0.484 +0.002 | 0.860 4+ 0.067 | 0.938 £0.001 | 0.676 & 0.072 | 0.875 4 0.002 | 0.658 + 0.006
GPT-5.4 16 0.465 + 0.002 | 0.80540.002 | 0.798 £0.001 | 0.876 &+ 0.009 | 0.891 4 0.007 | 0.677 £ 0.005
GPT-5.4-nano 4 0.575 £ 0.005 | 0.885 4 0.006 | 0.809 £ 0.003 | 0.378 +0.123 | 0.389 £0.012 | 0.601 % 0.005
GPT-5.4-nano 8 0.459 £+ 0.007 | 0.870 & 0.011 | 0.856 £ 0.006 | 0.476 +0.050 | 0.483 £ 0.004 | 0.616 + 0.011
GPT-5.4-nano 16 0.417 £ 0.006 | 0.866 +0.008 | 0.686 £ 0.012 | 0.560 &+ 0.035 | 0.474 £ 0.020 | 0.630 & 0.003
Qwen-Inst 4 0.536 £ 0.001 0.954 &+ 0.001 0.895 + 0.000 | 0.402 £0.110 | 0.760 £ 0.003 | 0.621 4 0.001
Qwen-Inst 8 0.423 £ 0.001 0.920 4+ 0.000 | 0.932 £ 0.000 | 0.527 £ 0.051 0.835 £ 0.002 | 0.636 4= 0.004
Qwen-Inst 16 0.400 + 0.001 0.926 % 0.001 0.920 + 0.000 | 0.639 4= 0.008 | 0.847 &£ 0.001 0.661 % 0.001
Qwen-Thinking 4 0.558 £ 0.005 | 0.923 +0.001 | 0.810 £0.005 | 0.284 +0.113 | 0.719 & 0.009 | 0.605 + 0.005
Qwen-Thinking 8 0.445 + 0.007 | 0.810 & 0.057 | 0.765 £ 0.060 | 0.326 + 0.059 | 0.833 4=0.007 | 0.626 &+ 0.005
Qwen-Thinking 16 0.431 £ 0.002 | 0.762 +0.004 | 0.736 £ 0.056 | 0.406 &+ 0.020 | 0.875 4+ 0.009 | 0.651 &£ 0.001
Qwen-Thinking-Budget 4 0.555 £ 0.002 | 0.923 +0.006 | 0.809 £ 0.009 | 0.371 +0.138 | 0.751 £0.002 | 0.624 &+ 0.007
Qwen-Thinking-Budget 8 0.447 £0.002 | 0.895 4+ 0.003 | 0.840 £ 0.006 | 0.488 +0.078 | 0.851 £ 0.007 | 0.636 %+ 0.006
Qwen-Thinking-Budget 16 0.428 £+ 0.006 | 0.890 4+ 0.005 | 0.805 £ 0.002 | 0.565 4+ 0.012 | 0.873 £0.002 | 0.674 + 0.011
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Table 14: Primary-metric baseline results with model-context pairs as rows for cross-turn extraction tasks. Each cell
reports mean = std over three reruns.

Model ‘ Ctx ‘ Span Coref Rel.

Gemini-3-Flash 4 0.698 + 0.005 0.411 4 0.004* 0.810 & 0.005*
Gemini-3-Flash 8 0.730 £ 0.009 0.240 £ 0.004 0.512 £ 0.009
Gemini-3-Flash 16 0.795 + 0.006 0.153 £ 0.002 0.297 £ 0.004
Gemini-3.1-Pro 4 0.588 £0.016 0.494 +0.011" 0.942 + 0.001"
Gemini-3.1-Pro 8 0.640 +£ 0.002 0.409 £ 0.006 0.538 £ 0.003
Gemini-3.1-Pro 16 0.687 £ 0.002 0.162 £ 0.005 0.283 £ 0.003
Claude-4.5-Sonnet 4 0.477 £ 0.006 0.405 £+ 0.007* 0.913 + 0.003*
Claude-4.5-Sonnet 8 0.522 + 0.006 0.155 £ 0.006 0.338 £0.010
Claude-4.5-Sonnet 16 0.587 £ 0.007 0.135 £ 0.001 0.215 £ 0.004
GPT-5.4 4 0.467 £ 0.009 0.506 + 0.005" 0.916 + 0.004"
GPT-5.4 8 0.488 £ 0.005 0.282 £ 0.002 0.263 £ 0.005
GPT-5.4 16 0.513 £ 0.007 0.108 £ 0.004 0.214 £ 0.001
GPT-5.4-nano 4 0.387 +£ 0.005 0.294 £ 0.005* 0.910 £ 0.005™
GPT-5.4-nano 8 0.447 £ 0.006 0.048 £ 0.003 0.281 £ 0.007
GPT-5.4-nano 16 0.501 +£ 0.004 0.033 £ 0.002 0.096 + 0.003
Qwen-Inst 4 0.425 £ 0.003 0.477 £+ 0.002* 0.883 &+ 0.002*
Qwen-Inst 8 0.517 £ 0.001 0.106 £ 0.000 0.286 £ 0.002
Qwen-Inst 16 0.572 £ 0.003 0.033 £ 0.001 0.193 £ 0.001
Qwen-Thinking 4 0.087 £ 0.004 0.352 +0.023* 0.727 + 0.008™
Qwen-Thinking 8 0.067 £ 0.009 0.183 £ 0.013 0.241 £ 0.005
Qwen-Thinking 16 0.060 £ 0.006 0.008 £ 0.001 0.045 £ 0.004
Qwen-Thinking-Budget 4 0.436 £ 0.003 0.325 +£0.010" 0.686 + 0.016"
Qwen-Thinking-Budget 8 0.501 £ 0.010 0.190 £ 0.006 0.352 £ 0.004
Qwen-Thinking-Budget 16 0.573 £ 0.002 0.029 £ 0.005 0.256 £ 0.006

Table 15: Per-turn classification tasks: modality split performance. Tasks are partitioned based on the presence of
images in the dialogue history.

Model ‘ Ctx ‘ Sent-T ‘ Sent-M ‘ Intent-T ‘ Intent-M ‘ Strat-T ‘ Strat-M

Gemini-3-Flash 4 0.329 £ 0.002 0.660 =+ 0.004 0.727 £ 0.061 0.993 + 0.003 0.749 £ 0.077 0.965 £ 0.001
Gemini-3-Flash 8 0.341 £ 0.003 0.508 £ 0.007 0.725 £ 0.060 0.946 + 0.009 0.695 £ 0.077 0.991 + 0.002
Gemini-3-Flash 16 0.331 £ 0.005 0.501 = 0.009 0.727 £ 0.062 0.967 £ 0.004 0.695 £ 0.077 0.986 + 0.001
Gemini-3.1-Pro 4 0.355 £ 0.002 0.792 £ 0.099 0.734 £ 0.063 0.994 + 0.000 0.803 + 0.000 0.917 £ 0.068
Gemini-3.1-Pro 8 0.331 £ 0.043 0.654 £ 0.007 0.731 £ 0.067 0.970 £ 0.005 0.803 £ 0.000 0.946 £ 0.068
Gemini-3.1-Pro 16 0.357 £ 0.005 0.625 £ 0.004 0.778 £ 0.002 0.954 4 0.001 0.803 £ 0.000 0.985 £ 0.001
Claude-4.5-Sonnet 4 0.347 £ 0.002 0.811 £ 0.003 0.776 £ 0.001 0.985 £ 0.000 0.803 £ 0.000 0.925 £ 0.000
Claude-4.5-Sonnet 8 0.358 £ 0.002 0.573 £ 0.002 0.776 £ 0.002 0.919 £ 0.004 0.803 £ 0.000 0.984 + 0.000
Claude-4.5-Sonnet 16 0.350 £ 0.004 0.540 £ 0.001 0.776 £ 0.002 0.954 + 0.006 0.803 £ 0.000 0.988 £ 0.000
GPT-5.4 4 0.346 £ 0.004 0.805 =+ 0.008 0.625 £ 0.004 0.978 £ 0.001 0.609 £ 0.011 0.906 £ 0.002
GPT-54 8 0.362 £ 0.007 0.582 &+ 0.006 0.676 £ 0.062 0.911 +£ 0.069 0.629 £ 0.001 0.981 £ 0.001
GPT-54 16 0.364 £ 0.002 0.539 £ 0.001 0.672 £ 0.060 0.820 £ 0.001 0.510 £ 0.005 0.983 +£ 0.002
GPT-5.4-nano 4 0.374 £ 0.017 0.766 =+ 0.007 0.583 =+ 0.007 0.815 £ 0.021 0.456 £ 0.006 0.783 +£ 0.006
GPT-5.4-nano 8 0.350 £ 0.018 0.554 £0.014 0.610 £ 0.062 0.866 4 0.003 0.459 £ 0.014 0.912 £ 0.012
GPT-5.4-nano 16 0.323 £ 0.010 0.492 £ 0.002 0.600 +£ 0.057 0.883 £ 0.002 0.389 £+ 0.013 0.855 £ 0.012
Qwen-Inst 4 0.344 £ 0.001 0.687 £ 0.001 0.644 £ 0.000 0.943 £+ 0.002 0.623 £ 0.000 0.926 £ 0.000
Qwen-Inst 8 0.338 £ 0.000 0.487 £ 0.002 0.644 +£ 0.000 0.846 £ 0.000 0.627 £ 0.000 0.983 =+ 0.000
Qwen-Inst 16 0.341 £ 0.001 0.441 £ 0.003 0.644 £ 0.001 0.896 + 0.003 0.627 £ 0.000 0.959 =+ 0.000
Qwen-Thinking 4 0.350 £ 0.009 0.748 £ 0.004 0.613 £ 0.001 0.968 + 0.006 0.547 £ 0.007 0.942 £ 0.013
Qwen-Thinking 8 0.342 £ 0.007 0.530 £ 0.007 0.555 £ 0.038 0.833 £ 0.058 0.556 £ 0.006 0.839 £ 0.002
Qwen-Thinking 16 0.337 £ 0.001 0.495 +£ 0.004 0.557 £ 0.044 0.850 £ 0.067 0.559 £ 0.007 0.814 £ 0.003
Qwen-Thinking-Budget 4 0.353 £ 0.008 0.733 £ 0.001 0.613 £ 0.005 0.966 + 0.000 0.546 £ 0.017 0.952 + 0.005
Qwen-Thinking-Budget 8 0.340 £ 0.004 0.533 £ 0.004 0.613 £ 0.001 0.919 4 0.009 0.551 £ 0.003 0.972 £ 0.004
Qwen-Thinking-Budget 16 0.332 £ 0.003 0.497 £ 0.012 0.614 £ 0.002 0.945 £ 0.003 0.551 £ 0.003 0.941 £ 0.005
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Table 16: Per-turn state-tracking and retrieval tasks: modality split performance. Tasks are partitioned based on the
presence of images in the dialogue history.

Model | x| DST-T | DSTM | ImgRet-T | ImgRet-M | TxtRet-T TxtRet-M

Gemini-3-Flash 4 0.905 £ 0.011 0.231 £ 0.079 0.725 4+ 0.011 0.832 + 0.012 0.704 % 0.006 0.600 £ 0.003
Gemini-3-Flash 8 0.914 + 0.008 0.437 +0.113 0.868 + 0.012 0.916 + 0.007 0.731 4 0.009 0.531 4 0.008
Gemini-3-Flash 16 0.970 4 0.009 0.674 4 0.037 0.880 4 0.012 0.928 + 0.003 0.729 4+ 0.015 0.611 4 0.008
Gemini-3.1-Pro 4 0.591 4 0.004 0.071 4 0.008 0.804 4 0.006 0.855 4+ 0.015 0.705 4 0.002 0.563 4 0.010
Gemini-3.1-Pro 8 0.945 £ 0.002 0.236 =+ 0.006 0.912 =+ 0.007 0.924 + 0.009 0.725 £ 0.007 0.573 £ 0.007
Gemini-3.1-Pro 16 0.968 =+ 0.003 0.677 = 0.007 0.872 =+ 0.059 0.936 + 0.003 0.697 £ 0.022 0.640 =+ 0.003
Claude-4.5-Sonnet 4 0.733 £ 0.159 0.164 £ 0.087 0.769 = 0.009 0.721 # 0.004 0.695 £ 0.002 0.572 =+ 0.006
Claude-4.5-Sonnet 8 0.893 =+ 0.008 0.331 £0.118 0.845 =+ 0.007 0.796 & 0.014 0.704 £ 0.009 0.585 =+ 0.002
Claude-4.5-Sonnet 16 0.935 4+ 0.017 0.634 & 0.017 0.859 & 0.014 0.851 +0.016 0.697 % 0.007 0.633 & 0.008
GPT-5.4 4 0.763 £ 0.164 0.191 & 0.109 0.745 £ 0.007 0.792 £ 0.009 0.725 4 0.002 0.567 & 0.004
GPT-5.4 8 0.945 4 0.004 0.407 4 0.147 0.869 + 0.004 0.881 4 0.002 0.737 + 0.005 0.579 4 0.008
GPT-5.4 16 0.977 + 0.008 0.775 4 0.010 0.871 4 0.005 0.911 4 0.012 0.737 + 0.004 0.616 4 0.007
GPT-5.4-nano 4 0.620 4 0.180 0.135 4 0.066 0.373 4 0.010 0.405 4 0.028 0.680 4 0.003 0.521 4 0.008
GPT-5.4-nano 8 0.697 £ 0.018 0.255 £ 0.089 0.537 £ 0.018 0.429 + 0.022 0.680 =+ 0.009 0.552 £ 0.015
GPT-5.4-nano 16 0.718 = 0.040 0.403 £ 0.035 0.537 £ 0.017 0.411 £ 0.025 0.671 £ 0.005 0.589 £ 0.010
Qwen-Inst 4 0.741 £ 0.123 0.193 £ 0.069 0.713 = 0.002 0.809 = 0.002 0.691 = 0.002 0.553 £ 0.002
Qwen-Inst 8 0.650 & 0.124 0.336 =+ 0.098 0.825 =+ 0.002 0.847 £ 0.005 0.716 =+ 0.006 0.555 £ 0.004
Qwen-Inst 16 0.684 %+ 0.130 0.426 4 0.048 0.829 4 0.002 0.864 + 0.000 0.715 4 0.002 0.609 + 0.002
Qwen-Thinking 4 0.319 +0.019 0.024 £ 0.003 0.705 £ 0.005 0.733 £ 0.013 0.693 + 0.005 0.517 & 0.007
Qwen-Thinking 8 0.461 4 0.012 0.104 4 0.009 0.848 4 0.014 0.827 4 0.009 0.708 4 0.012 0.545 4 0.002
Qwen-Thinking 16 0.456 4 0.012 0.340 4 0.009 0.867 & 0.005 0.883 & 0.013 0.708 4 0.009 0.593 4 0.008
Qwen-Thinking-Budget 4 0.435 4 0.005 0.032 4 0.003 0.745 4 0.004 0.757 4 0.008 0.701 4 0.010 0.547 4 0.008
Qwen-Thinking-Budget 8 0.669 £ 0.018 0.151 = 0.007 0.861 £ 0.010 0.840 + 0.007 0.717 £ 0.002 0.555 & 0.012
Qwen-Thinking-Budget 16 0.696 £ 0.018 0.417 £ 0.008 0.861 = 0.008 0.885 + 0.005 0.716 £ 0.011 0.632 £ 0.014

Table 17: Cross-turn extraction tasks: modality split performance. Tasks are partitioned based on whether the target
cluster involves image regions. A “*’ superscript marks cells whose eval set contains fewer than 250 samples
(smaller pool, see Appendix).

Model ‘ Ctx ‘ Span-T ‘ Span-M Coref-T Coref-M Rel-T Rel-M

gemini-3-flash 4 0.556 + 0.007 | 0.841 +0.015 | 0.419 £0.002 | 0.274 + 0.028* 0.816 £ 0.005 | 0.333 + 0.000*
gemini-3-flash 8 0.632 £+ 0.011 0.828 + 0.015 | 0.226 £ 0.007 0.254 +0.012 0.472 4+ 0.007 0.553 4 0.020
gemini-3-flash 16 0.734 +0.010 | 0.855 £ 0.003 | 0.231 4 0.001 0.075 % 0.005 0.272 £ 0.006 0.322 £ 0.010
gemini-3.1-pro 4 0.330 + 0.006 | 0.847 +0.027 | 0.483 £0.013 | 0.689 + 0.031* 0.949 + 0.001 | 0.333 + 0.000"
gemini-3.1-pro 8 0.408 4 0.004 | 0.872 £ 0.006 | 0.230 4 0.014 0.588 4+ 0.010 0.512 4 0.006 0.564 £ 0.012
gemini-3.1-pro 16 0.489 £ 0.006 | 0.885 £ 0.003 | 0.063 £ 0.005 0.261 £ 0.009 0.193 £ 0.003 0.374 £ 0.009
claude-4.5-sonnet-20250929 4 0.353 +0.008 | 0.602 4 0.004 | 0.416 £ 0.009 | 0.222 + 0.031* 0.921 £ 0.003 | 0.222 + 0.000*
claude-4.5-sonnet-20250929 8 0.456 4+ 0.006 | 0.588 £ 0.007 | 0.184 4 0.010 0.126 % 0.003 0.405 £+ 0.011 0.271 £ 0.014
claude-4.5-sonnet-20250929 16 0.585 £ 0.012 | 0.589 £ 0.003 | 0.196 £ 0.002 0.074 £ 0.003 0.215 £ 0.005 0.214 £ 0.004
gpt-5.4 4 0.311 +0.009 | 0.623 £0.009 | 0.506 + 0.005 | 0.496 + 0.028" 0.924 +0.005 | 0.222 4+ 0.157*
gpt-5.4 8 0.359 +0.007 | 0.617 £ 0.004 | 0.167 & 0.001 0.396 + 0.005 0.391 £ 0.004 0.135 £ 0.007
gpt-5.4 16 0.419 £ 0.008 | 0.607 £ 0.009 | 0.109 £ 0.001 0.108 £ 0.008 0.188 £ 0.001 0.240 £ 0.002
gpt-5.4-nano 4 0.329 +0.001 | 0.444 £0.009 | 0.305+0.007 | 0.111 £ 0.031* 0.919 £+ 0.005 | 0.148 4 0.105*
gpt-5.4-nano 8 0.445 £0.008 | 0.448 £0.006 | 0.086 £ 0.011 0.009 £ 0.005 0.377 £ 0.008 0.186 £ 0.008
gpt-5.4-nano 16 0.579 £ 0.006 | 0.423 £0.002 | 0.062 £ 0.007 0.004 £ 0.002 0.101 4 0.006 0.091 £ 0.003
qwen-3-v1-32b-instruct 4 0.335+0.002 | 0.516 +0.003 | 0.493 £ 0.002 | 0.200 % 0.000* 0.891 £ 0.002 | 0.222 + 0.000"
qwen-3-vl-32b-instruct 8 0.489 £ 0.003 | 0.545 +£ 0.001 0.143 £ 0.000 0.069 =+ 0.001 0.325 + 0.003 0.247 £ 0.001
qwen-3-v1-32b-instruct 16 0.621 4 0.007 | 0.522 &+ 0.001 0.064 £ 0.002 0.002 £ 0.000 0.174 + 0.001 0.212 4 0.001
qwen-3-v1-32b-thinking 4 0.037 £ 0.004 | 0.137 £0.007 | 0.357 £0.023 | 0.267 + 0.054" 0.734 £0.009 | 0.185+0.139"
qwen-3-v1-32b-thinking 8 0.017 £0.007 | 0.117 £0.016 | 0.159 £ 0.009 0.196 4+ 0.013 0.287 £ 0.007 0.191 £ 0.004
qwen-3-v1-32b-thinking 16 0.014 +£0.003 | 0.111 £ 0.011 0.012 4 0.001 0.006 4 0.002 0.017 & 0.006 0.075 £ 0.011
qwen-3-vl-32b-thinking-budget 4 0.341 £0.006 | 0.531 +0.004 | 0.326 £0.014 | 0.311 + 0.063* 0.692 £ 0.017 | 0.222 +0.157*
qwen-3-v1-32b-thinking-budget 8 0.465 £ 0.015 | 0.537 £0.007 | 0.110 £ 0.005 0.269 4+ 0.015 0.327 + 0.010 0.377 £ 0.011
qwen-3-v1-32b-thinking-budget 16 0.615 +0.004 | 0.530 £ 0.002 | 0.018 & 0.006 0.039 + 0.007 0.228 £ 0.005 0.284 =+ 0.008

4140



D.3 Sparsity-robust coreference metrics

Exact-cluster F1 (our primary coreference metric)
is sensitive to sparsity: when both the gold and
the prediction contain no cluster it trivially scores
1.0, and this empty-vs-empty case is common at
short context (e.g., 92.4% of text coreference in-
stances have an empty gold at k=4, since few coref-
erence chains fit inside a 4-turn window). Table 18
therefore reports two sparsity-robust metrics, B>
and LEA (Moosavi and Strube, 2016), alongside
exact-cluster F1 on the non-trivial subset (instances
whose gold contains at least one cluster), for the
same (model, context) cells as the Coref column
of Table 14. The context-driven decline persists
on this subset, indicating that it reflects genuinely
more and larger coreference chains at longer con-
text rather than only the empty-gold trivial cases.

To quantify how often exact-cluster F1 includes
trivial empty—empty cases, Table 19 reports empty-
gold, empty-prediction, and empty—empty rates.
Across both modalities, three context lengths,
and three reruns, 24.9% of evaluated cases have
no gold cluster. This gold-empty rate is shared
across models because they use the same samples;
empty-prediction and empty—empty rates depend
on model outputs. The rates describe the empty
cases included in the primary scores and comple-
ment the non-empty-gold evaluation in Table 18.

D.4 Relation F1 with and without PART_OF

To assess whether the sparse PART_OF predicate
affects the reported relation F1, we compare scores
with and without it. PART_OF is the least frequent
annotated predicate, with 737 instances (0.51% of
all relations; Table 2).

Excluding PART_OF changes relation F1 by at
most 0.0158 across the evaluated model-context
combinations. For Table 20, we remove PART_OF
triples from both predictions and gold and re-score
the same model outputs on all evaluation samples.
We retain the scoring rule that assigns F1 = 1
when both sets of triples are empty. Sample-level
F1 scores are averaged over both modalities and
three reruns, matching the aggregation in Table 14.
This comparison measures the effect of excluding
PART_OF while keeping the evaluated samples
fixed.
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Table 18: Sparsity-robust coreference metrics on the non-trivial subset (instances whose gold contains at least one
cluster; the empty-gold instances that exact-cluster F1 trivially credits are excluded). Companion to the Coref
column of Table 14: same model/context cells, restricted to instances that actually require coreference. N is the
number of such instances (text coreference gold is context-gated, so N grows with context). We report exact-cluster

Fl1, B3, and LEA.

Model \ Cix | N | Exact-F1 | B*-Fl | LEA-F1
Gemini-3-Flash 4 102 0.419 0.808 0.577
8 1248 0.269 0.704 0.494
16 1500 0.153 0.615 0.341
Gemini-3.1-Pro 4 102 0.549 0.850 0.614
8 1248 0.418 0.791 0.577
16 1500 0.162 0.686 0.368
Claude-4.5-Sonnet 4 102 0.312 0.793 0.511
8 1248 0.171 0.717 0.449
16 1500 0.135 0.649 0.316
GPT-5.4 4 102 0.441 0.839 0.569
8 1248 0.297 0.751 0.500
16 1500 0.108 0.651 0.327
GPT-5.4-nano 4 102 0.193 0.729 0.319
8 1248 0.052 0.627 0.265
16 1500 0.033 0.584 0.184
Qwen-Inst 4 102 0.255 0.766 0.503
8 1248 0.080 0.609 0.386
16 1500 0.033 0.524 0.229
Qwen-Thinking 4 102 0.232 0.741 0.366
8 1248 0.138 0.633 0.292
16 1500 0.008 0.545 0.149
Qwen-Thinking-Budget 4 102 0.289 0.770 0.458
8 1248 0.209 0.694 0.454
16 1500 0.029 0.570 0.281
Model Empty gold (%) Empty prediction (%) Both empty (%)
Gemini-3-Flash 24.90 8.62 8.12
Gemini-3.1-Pro 24.90 15.65 11.28
Claude-4.5-Sonnet 24.90 9.06 8.14
GPT-5.4 24.90 11.94 10.78
GPT-5.4-nano 24.90 5.90 5.82
Qwen-Inst 24.90 11.91 10.88
Qwen-Thinking 24.90 39.87 9.54
Qwen-Thinking-Budget 24.90 6.85 6.67

Table 19: Coreference empty-case rates across both settings, all three context lengths, and three reruns. Each model
produces 3,795 predictions from 1,265 evaluation samples, counting each run separately. The columns report
the percentages with no gold cluster, no predicted cluster, and neither, respectively. Cases with neither receive
exact-cluster F1 = 1; cases with no gold cluster are excluded from Table 18.
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k=4 k=38 k=16

Model All No PART_OF All No PART_OF All No PART_OF
Gemini-3-Flash 0.8098 0.8125 0.5124 0.5174 0.2968 0.3025
Gemini-3.1-Pro 0.9415 0.9415 0.5383 0.5424 0.2833 0.2874
Claude-4.5-Sonnet 0.9127 0.9131 0.3376 0.3466 0.2146 0.2209
GPT-5.4 0.9160 0.9160 0.2628 0.2646 0.2139 0.2173
GPT-5.4-nano 0.9097 0.9097 0.2815 0.2824 0.0960 0.0966
Qwen-Inst 0.8830 0.8833 0.2857 0.2987 0.1932 0.2028
Qwen-Thinking 0.7273 0.7273 0.2413 0.2462 0.0446 0.0461
Qwen-Thinking-Budget 0.6859 0.6908 0.3519 0.3677 0.2561 0.2658

Table 20: Relation F1 with all predicates and after removing PART_OF from predictions and gold. At k = 4, 8, 16,
the evaluation uses 253, 500, and 500 samples across both settings, respectively, with three reruns per sample. Both
columns for each k average sample-level F1 over the same samples and runs. Samples with empty predictions and
gold are retained and receive F1 = 1.
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D.5 Controlled image ablation

To measure image dependence on the same in-
stances (rather than the image-presence partition
of the modality-split tables), we run a controlled
ablation on identical samples at k=16: image-ON
(raw history images), image-OFF (history image
turns removed), and image-as-text (each history
image turn replaced by its K-Fashion attribute tags).
Table 21 reports the Condition-A (dialogue) tasks
and Table 22 the Condition-B (extraction) tasks.

D.6 Supervised baseline training and
evaluation

Training setup. To reproduce the supervised
baselines in Section 6.5, we use the following train-
ing setup. Starting from Qwen3-VL-2B-Instruct,
we train a separate LoRA (Hu et al., 2022) adapter
for sentiment, intent, and strategy classification.
Each task uses 5,000 training and 500 validation
examples at k=16, randomly sampled from anno-
tated turns, with equal numbers of text-only and
multimodal examples; source dialogues are disjoint
across training, validation, and evaluation. We ap-
ply LoRA to the language model’s attention and
feed-forward projections (r=16, a=32, dropout
0.05), keeping the original model weights and vi-
sion encoder fixed. Training uses AdamW with
learning rate 10~4, batch size 32, and three epochs
with seed 42; only the answer JSON and end-of-
sequence token contribute to the loss.

Evaluation protocol. We isolate the effect of su-
pervised adaptation by comparing each adapter
with the same unadapted checkpoint on identi-
cal evaluation samples. Both use the existing task
prompts and the fixed k=16 evaluation pools
(IN=250 per task and setting), with greedy decod-
ing and a 128-token output limit. Images are re-
sized to at most 256 visual tokens each in both
conditions. We select the checkpoint with the high-
est Macro-F1 on the 500 validation examples and
evaluate it once on each test pool. Table 4 reports
the resulting comparison.

E Output Failure Mode Breakdown

Aggregate failure rates per model are summarized
in Table 23; per-task breakdowns for empty predic-
tions, truncated outputs, and JSON-format failures
follow.

F Comparison with Related Resources

Table 27 consolidates the axes of comparison ref-
erenced in Section 2: language (Korean), modality
(multimodal), interaction format (multi-turn dia-
logue), the presence of coordinated fine-grained
NLU annotations on the same data, and explicit
cross-modal relation annotation. KOMMERCE is
the only resource we surveyed that satisfies all
five axes. We additionally include three customer-
service dialogue corpora (JDDC, JDDC 2.1,
CMCQC) to cover scale-relevant prior work and re-
port average utterances per dialogue (where appli-
cable) as a single comparable scale axis.

G Collection-stage Guidelines and
Quality Control Detail

This appendix collects the per-stage annotation
guidelines that govern the three-stage collec-
tion pipeline summarized in Section 4, the full
Data Quality Control workflow, and the dialogue-
generation interface.

Utterance guideline (Stage 1). To balance goal
orientation with natural variation, our guideline en-
forces: (i) open-ended exchanges that preserve the
initial objective and the user’s preferences across
turns; (ii) system utterances restricted to the as-
signed strategy, with no unsolicited opinions; (iii)
at least one fashion knowledge passage drawn from
retrieved documents and at least one relevant image
per session.

State guideline (Stage 2-1). Each fashion at-
tribute is formatted as polarity + (item
attribute-category : attribute-value). For
example, top:category:blouse encodes a re-
quested blouse. (i) Polarity is positive by default;
negative attributes prepend ! for exclusion. (ii)
Unspecified parts may be omitted, e.g., (top:

). (iii) Item and attribute categories follow the K-
Fashion taxonomy (AI-Hub, 2020) (1,992 total at-
tributes).

Span guideline (Stage 2-2). Spans cover any
semantically meaningful unit in the fashion do-
main (not limited to nouns / noun phrases):
adjectives, attributive modifiers, adverbs of de-
gree, compound forms, pronouns, and wh-words
(e.g., “dress”, “linen A-line dress”, “it”, “which”,
“slightly cropped”, “what”, “how”). For item men-
tions, the annotator first identifies the head (e.g.,
“dress”) and then includes the modifiers needed to
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Table 21: Three-condition image ablation on Condition-A (dialogue) tasks at context length 16. image-ON is
the baseline with history image turns present; image-OFF removes them; image-as-text replaces each history
image turn with its K-Fashion attribute tags as text. For image retrieval, only context image is dropped/textualized;
candidate images are kept under all three conditions. Each cell is mean =+ std over 3 reruns. Deltas are reported in

ablation_image_compare.csv.

Model ‘ Setting Sent-M Intent-M Strat-M DST-M ImgRet-M TxtRet-M
image-ON 0.501 £0.009  0.967 +0.004  0.986 £0.001  0.643 £0.016  0.928 +0.003  0.611 = 0.008
gemini-3-flash image-OFF 0.527 £0.006 0964 +0.002  0.985£0.001  0.692 £0.014  0.89540.004  0.604 = 0.011
image-as-text | 0.530 £0.012 0971 £ 0.005  0.984 £0.002  0.648 £0.009  0.909 4 0.007  0.629 = 0.010
image-ON 0.625 £0.004 0953 £0.001  0.985+£0.001  0.723 £0.014  0.936 & 0.003  0.640 = 0.003
gemini-3.1-pro image-OFF 0.617 £0.009  0.969 +0.003  0.939 £0.067 0.753 £0.015 0919 +0.008  0.631 % 0.005
image-as-text | 0.620 +0.004  0.964 £0.002  0.987 £ 0.000  0.709 4 0.004  0.927 £ 0.004  0.625 £ 0.007
image-ON 0.441 £0.003  0.896 +0.003  0.959 £0.000 0477 £0.002  0.864 = 0.000  0.609 % 0.002
qwen-3-vI-32b-instruct image-OFF 0.458 £0.001 0913 +£0.000  0.955+£0.000 0.484 £0.003  0.849 +0.002  0.580 % 0.003
image-as-text | 0.464 +0.000  0.925 £ 0.003  0.951 £0.002  0.407 +0.002  0.883 £ 0.004  0.604 £ 0.003
image-ON 0.496 £ 0.004  0.804 +0.008  0.814 +0.003  0.353 £0.022  0.884 £ 0.014  0.589 & 0.004
qwen-3-v1-32b-thinking image-OFF 0.504 £ 0.008  0.947 +0.006  0.809 + 0.005  0.345 £ 0.007  0.857 £0.013  0.596 % 0.006
image-as-text | 0.501 4 0.004  0.906 + 0.066  0.820 £ 0.003 ~ 0.344 +0.007  0.873 £ 0.008  0.599 &£ 0.010
image-ON 0.497 £0.012  0.945 +£0.003  0.941 +0.005  0.421 £0.008  0.885 £ 0.005  0.632 + 0.014
qwen-3-v1-32b-thinking-budget | image-OFF 0.495 £0.014 0942 +0.004 0.949 +0.008 0.472£0.011  0.889 4 0.008  0.624 + 0.013
image-as-text | 0.508 4 0.010  0.953 +0.001  0.960 £ 0.005  0.432 +0.009  0.895 +0.008  0.641 &£ 0.008

uniquely specify the referent (e.g., “beige linen
dress”). When mentions overlap, the most informa-
tive minimally sufficient span is chosen (e.g., “sum-
mer linen dress” over “linen dress”). Annotators
favor spans aligned with the K-Fashion taxonomy
across category, attribute, and style.

Crowd worker training. To instruct crowd work-
ers in using the collection platform and annotating
dialogues, we implemented a structured training
program. We drafted guidelines and iteratively re-
vised them three times in consultation with the
professional data-collection vendor. Following a
pilot with 20 workers, we validated the guidelines
through trial tasks and updated them to address ob-
served failures and ambiguities. We then scaled to
100 workers, delivered training over three months,
and assigned roles based on demonstrated mastery.
High-performing workers were promoted to quality
reviewers who reviewed collected data, while oth-
ers served as annotators or dialogue participants.

Data source control. We imposed strict control
over data sources to address licensing constraints
and to enhance the reliability of grounded texts
and images. Unrestricted image use in the fash-
ion domain can raise copyright and portrait-rights
concerns; to mitigate these risks, we restrict all
images to the K-Fashion dataset, whose contents
are license-cleared, and remove explicit personal
identifiers through cropping and blurring. For tex-
tual grounding, we limited knowledge sources to
publicly accessible Wikipedia (Wikipedia contrib-

utors, 2024) and NamuWiki (NamuWiki contribu-
tors, 2024) (a widely used Korean community wiki,
noting that NamuWiki is community-edited rather
than formally verified).

Quality review. At each stage, dialogue samples
advanced only after passing two sequential quality
reviews, termed Level 1 and Level 2. In Level 1,
reviewers assessed whether the dialogues were fit
for the task requirements and the stage-specific
guidelines. When issues were identified, reviewers
either corrected the dialogue directly or returned
the sample to the original speakers or annotator
with revision requests. Level 2 served as a second
pass to double-check residual errors and finalize
the sample; once Level 2 passed, the dialogue was
locked to prevent further edits and to avoid down-
stream inconsistencies when subsequent annotation
stages were added.

Dialogue generation interface. Figure 16 shows
the role-based Ul used by dialogue speakers. The
user side (left) presents the topic, dialogue history,
and a free-text input box; the system side (right)
provides the same with built-in retrieval tools for
text knowledge and K-Fashion images, plus wid-
gets for tagging retrieved evidence to the current
utterance.

H Per-task Dataset Statistics

This appendix collects the per-task distributions
and figures referenced from Section 5.

4145



Table 22: Image-as-text ablation on Condition-B (extraction) tasks at context length 16. Image mentions (bbox) in
the pool are reverse-mapped to a K-Fashion part and replaced with that part’s attribute tags as text; history image
turns are also rendered as image-level tags. No raw image is provided. image-ON is the baseline (raw images
shown). A = as-text — ON; a near-zero A means the model solves cross-modal binding via attribute-text matching,
a negative A indicates the model relies on raw visual signal beyond what tags capture. span_detection is excluded
(bbox annotations come from a different source than bbox_info). Each cell is mean =+ std over 3 reruns.

Model | Setting Coref-M Rel-M
image-ON 0.075 £0.005 0.322 £ 0.010

gemini-3-flash image-as-text | 0.080 £ 0.004 0.334 £ 0.011
A +0.005 +0.012
image-ON 0.260 £ 0.009  0.374 + 0.009

gemini-3.1-pro image-as-text | 0.197 £ 0.005 0.382 + 0.003
A -0.064 +0.008
image-ON 0.002 £ 0.000 0.212 + 0.002

qwen-3-vI-32b-instruct image-as-text | 0.001 £ 0.000  0.246 £ 0.001
A -0.001 +0.034
image-ON 0.007 £ 0.003  0.072 = 0.009

gwen-3-vl-32b-thinking image-as-text | 0.017 £ 0.004  0.050 £ 0.002
A +0.010 -0.022
image-ON 0.039 £ 0.007  0.284 + 0.008

gwen-3-vl-32b-thinking-budget | image-as-text | 0.049 + 0.002  0.280 + 0.002
A +0.010 -0.003

Table 23: Overall output-failure rates per model, aggre-
gated over all 18 task variants x 3 context lengths x
3 reruns. Empty% is over all predictions; truncation%
and JSON-fail% are over samples with a recorded raw-
response length.

Model ‘ #pred  Empty%  Trunc%  JSON-fail%
Gem-Flash 39,054 3.6 0.0 2.7
Gem-Pro 39,054 7.0 0.0 3.0
Claude-4.5-Sonnet 39,054 4.3 0.0 43
GPT-5.4 39,054 5.1 0.0 1.8
GPT-5.4-nano 39,054 5.7 0.0 42
Qwen-Inst 39,054 43 0.0 2.0
Qwen-Think 39,054 245 16.2 17.9
Qwen-Think-Bgt 39,054 2.8 0.0 1.8

Fashion attribute hierarchy. The images are or-
ganized along a hierarchical attribute taxonomy
(Figure 17); each percentage reflects the share of
an attribute over total annotations. The depth of
the hierarchy supports fine-grained image retrieval
evaluation: candidates must be matched on detailed
sub-attributes (e.g., sleeve style, neckline) rather
than coarse category alone.

Intent and sentiment distributions. Figure 18
visualizes the intent (a) and sentiment (b) dis-
tributions. Intent is dominated by REFINED-
REQUEST (28.3%) and CHAT (27.7%), with
EVALUATION (14.5%), KNOWLEDGE (11.5%),
REQUEST (10.3%), and DETAIL (7.8%) cover-

Current Info. Viewer ©
System

Chat o
Selected Images
Hi, can you tell me .4 Knowledge

about the history
of blouses?

ohg? SapeAo| efatol cish
*2qEA?

ke gatea

Intent: REQUEST \ Sentiment: neutral ojsie matAoi W 0j2LL

2025-10-17 15349 S| 22 X(Blouse)7t

Text Knowledge

e " The etymology of the word
il Bl blouse is the French word

Yot Rojats X0l 2= " " B
(Blouse)?} &g ZeiLict. blouse”, which means
loose clothing.

2 Update Information

© Back to Info. Viewer
Figure 16: Dialogue generation interface. Left: a user
(purple) and a system (blue) perform a role-play to pur-

sue the initial objective about “blouse.” Right: the sys-
tem may attach related images or text knowledge.

Strategy: KNOWLEDGE

5-10-17 15:52

Type a Message <

ing the remainder. Sentiment reflects the structure
of shopping conversations: most informational ex-
changes are neutral, while positive and negative
reactions cluster around recommendation moments.

Strategy distribution. CLARIFICATION ac-
counts for the largest share of system strategies
(Figure 19), reflecting that user requests typically
arrive in incomplete form and the system must spec-
ify preferences before recommending. DETAIL is
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Table 24: Empty-prediction rate (%) per task variant and model. A prediction is empty when parsing yields
None/""/[1/{}. A “*’ marks extraction tasks where an empty list may also be a valid ‘no items’ answer.

Task ‘ Gem-Flash Gem-Pro Claude-4.5-Sonnet GPT-54 GPT-5.4-nano Qwen-Inst Qwen-Think Qwen-Think-Bgt
Sent-T 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Sent-M 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0
Intent-T 0.0 0.3 0.0 0.0 0.0 0.0 0.3 0.0
Intent-M 0.0 0.0 0.0 0.0 0.0 0.0 0.2 0.0
Strat-T 0.0 0.0 0.0 0.1 0.1 0.0 0.0 0.0
Strat-M 0.0 0.4 0.0 0.0 0.0 0.0 0.3 0.0
DST-T 0.0 0.0 0.1 0.0 0.0 0.0 23.2 0.0
DST-M 0.0 0.0 0.0 0.0 0.0 0.0 17.0 0.0
ImgRet-T 0.1 14 0.0 0.8 0.8 0.0 32 0.0
ImgRet-M 0.2 0.4 0.0 0.1 0.1 0.0 3.8 0.0
TxtRet-T 0.0 0.8 0.0 0.0 0.0 0.0 6.1 0.0
TxtRet-M 0.0 0.3 0.0 0.0 0.0 0.0 7.3 0.0
Span-T* 5.1 22.7 7.0 13.4 43 7.3 97.0 1.4
Span-M* 0.1 1.0 0.0 0.0 0.0 0.0 79.3 0.0
Coref-T* 144 26.4 14.8 20.1 10.0 19.9 38.7 11.6
Coref-M™ 0.3 0.1 0.7 0.0 0.0 0.3 41.6 0.0
Rel-T* 41.6 64.4 50.3 52.0 56.0 46.3 78.5 34.2
Rel-M™ 1.5 4.2 34 2.5 414 1.0 63.5 1.7

Table 25: Token-truncation rate (%) per task variant and model. A response is truncated when its raw length exceeds
12,000 characters (== the 4096-token cap). ‘t* marks cells estimated from the sampled examples set (raw length not

recorded in all_samples).

Task ‘ Gem-Flash Gem-Pro Claude-4.5-Sonnet GPT-54 GPT-5.4-nano Qwen-Inst Qwen-Think Qwen-Think-Bgt
Sent-T 0.0t 0.0f 0.0 0.0 0.0 0.0t 0.0t 0.0
Sent-M 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Intent-T 0.0f 0.0f 0.0 0.0 0.0 0.0t 0.0t 0.0
Intent-M 0.0 0.0 0.0 0.0 0.0 0.0 0.2 0.0
Strat-T 0.0f 0.0f 0.0 0.0 0.0 0.0 0.0f 0.0
Strat-M 0.0 0.0 0.0 0.0 0.0 0.0 0.3 0.0
DST-T 0.0 0.0 0.0 0.0 0.0 0.0 31.3 0.0
DST-M 0.0 0.0 0.0 0.0 0.0 0.0 20.2 0.0
ImgRet-T 0.0f 0.0f 0.0 0.0 0.0 0.0t 11t 0.0
ImgRet-M 0.0 0.0 0.0 0.0 0.0 0.0 3.7 0.0
TxtRet-T 0.0f 0.0f 0.0 0.0 0.0 0.0f 22f 0.0
TxtRet-M 0.0 0.0 0.0 0.0 0.0 0.0 4.6 0.0
Span-T 0.0 0.0 0.0 0.0 0.0 0.0 0.8 0.0
Span-M 0.0 0.0 0.0 0.0 0.0 0.0 14.3 0.0
Coref-T 0.0 0.0 0.0 0.0 0.0 0.0 29.4 0.0
Coref-M 0.0 0.0 0.0 0.0 0.0 0.0 417 0.0
Rel-T 0.0 0.0 0.0 0.0 0.0 0.0 34.0 0.0
Rel-M 0.0 0.0 0.0 0.0 0.0 0.0 49.8 0.0
Item Attribute-category Attribute-value
N POSITIVE
Top (34%) Print (4%) SENED) 104%
. Sleeve-length (4%) &
8 others (22%) NEUTRAL

2 32 others (66%)

Style (10%) R

Figure 17: Hierarchical composition of fashion at-
tributes assigned to images, which supports the image
diversity. Percentages are computed over the total num-
ber of annotated attributes. “Others” aggregates the re-

maining categories.

the least frequent strategy but still includes more
than 20,000 utterances, so no category suffers from
data sparsity.

(b) Sentiment

(@) Intent

Figure 18: Distributions of user intent and sentiment.

State tracking transitions. Query-state length
per dialogue averages 5.04 attributes (maximum
14). State transitions partition into ADD (5.75 per
dialogue on average), CHANGE (0.28), and RE-
SET (0.01), indicating that users primarily refine re-
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Table 26: JSON-format failure rate (%) per task variant and model. The model produced a non-trivial response (>50
chars, not truncated) that failed to parse as the expected JSON. ‘f* marks sampled cells.

Task ‘ Gem-Flash Gem-Pro Claude-4.5-Sonnet GPT-54 GPT-5.4-nano Qwen-Inst Qwen-Think Qwen-Think-Bgt
Sent-T 0.0t 0.0f 0.0 0.0 0.0 0.0t 0.0t 0.0
Sent-M 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Intent-T 0.0t 0.0f 0.0 0.0 0.0 0.0t 0.0t 0.0
Intent-M 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Strat-T 0.0f 0.0f 0.0 0.0 0.0 0.0 0.0f 0.0
Strat-M 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
DST-T 0.0 0.0 0.1 0.0 0.0 0.0 0.5 0.0
DST-M 0.0 0.0 0.0 0.0 0.0 0.0 1.0 0.0
ImgRet-T 0.0f 0.0f 0.0 0.0 0.0 0.0t 0.0t 0.0
ImgRet-M 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0
TxtRet-T 0.0f 0.0f 0.0 0.0 0.0 0.0 10.0f 0.0
TxtRet-M 0.0 0.0 0.0 0.0 0.0 0.0 2.7 0.0
Span-T 0.0 0.0 7.0 11.0 0.0 5.2 95.4 0.4
Span-M 0.0 0.0 0.0 0.0 0.0 0.0 64.6 0.0
Coref-T 7.8 0.1 147 0.0 0.0 0.5 22 0.0
Coref-M 0.2 0.0 0.7 0.0 0.0 0.3 2.7 0.0
Rel-T 243 35.0 49.7 18.2 455 18.0 443 29.9
Rel-M 15 3.9 34 25 414 1.0 13.0 1.7

66,157
(29.0%)

60,000

50,000

39,777
(17.4%)

40,000 34,350

7% (15.0%)

CLARIFICATION SUGGESTION PRE-SUGGESTION CHAT

30,985
(13.6%)
30,000

20,000

10,000

KNOWLEDGE

0
DETAIL

Figure 19: Distribution of strategies. All six strategies
appear more than 20,000 times, indicating that no cate-
gory suffers from data sparsity.

quirements incrementally; however, complex alter-
nating transitions appear in over 20% of dialogues,
supporting non-trivial DST evaluation under realis-
tic conversational shifts.

Text retrieval frequency. The corpus contains
an average of 2.03 text retrievals per dialogue, up to
7 in the longest case. The average number of utter-
ances preceding a retrieval is 13.87, placing most
retrievals in the early-to-middle stages of dialogues
whose average length is 35.25 utterances.

Image retrieval attribute complexity. User re-
trieval utterances contain a median of 3 fash-
ion attributes (75th percentile: 5; maximum: 10),
while candidate images contain a median of 14 at-
tributes (75th percentile: 26). Retrieval must there-
fore match attribute subsets rather than whole bags,
making the task a non-trivial multi-constraint prob-
lem.

Span detection distributions. Figure 20 plots
the distribution of text-span lengths and image-span
area ratios. For text, 76.31% of spans (299,774) fall
in the [1, 10)-character bin, reflecting the preva-
lence of deictic expressions (“this one”), object-
level categories (e.g., dress), and fine-grained at-
tributes (e.g., black, hem length) that dominate
user-system references. Image spans show a flatter
distribution of area ratios; excluding 481 images
without bounding boxes, the remaining 32,454 im-
ages yield a median area ratio of 25.85%, consistent
with full-body fashion photos where target items
occupy approximately one quarter of the frame.

80 100
(b) Image span area ratio
(%)

0

20 40 60
(a) Text span length
(characters)

20 40 60

Figure 20: Distributions of text and image spans.

Coreference entity and mention-distance dis-
tributions. The corpus contains 181,497 enti-
ties after coreference resolution; 149,191 (82.20%)
consist exclusively of text mentions, and 32,306
(17.80%) contain both text and image mentions.
To quantify the breadth of textual context required,
we measure the utterance distance between men-
tions within the same entity: 91.21% of coreferent
pairs fall within 10 utterances, while multi-session
dialogues produce rare long-range cases up to 59
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Benchmark Cite Korean Multi- Multi-turn Co-evaluated Cross-modal Avg utt./
modal dialogue fine-NLU relation dialogue
Korean LLM benchmarks (single-turn, text-only, MCQ)
KMMLU (Son et al., 2024) v -
KMMLU-Redux/Pro (Hong et al., 2025) v -
KoCommonGEN v2 (Seo et al., 2024) v -
KoBALT (Shin et al., 2025) v -
Multimodal dialogue benchmarks
MMD (Saha et al., 2018) v v 40
SIMMC 2.0 (Kottur et al., 2021) v v partial 10.6
MMDialog (Feng et al., 2023) v v 4.6
MUSE (Wang et al., 2025b) v v 119
ECom-Bench (Wang et al., 2025a) v v end-to-end’ <20*
Customer-service dialogue corpora
IDDC (Chen et al., 2020) v 20
JDDC 2.1 (Zhao et al., 2022) v v 14.1
CMCC (Huang et al., 2022) v v 22.31
Cross-modal NLU benchmarks (no dialogue)
MNRE (Zheng et al., 2021) v v -
MORE (He et al., 2023) v v -
MRE-MI (Huang et al., 2025) Ve v -
KoMMERCE (ours) v v v v (9 tasks) v 35.25

Table 27: Axes of comparison between KOMMERCE and representative prior resources. “Co-evaluated fine-NLU”
refers to having multiple NLU subtasks annotated on the same dialogues. SIMMC 2.0 is marked “partial” because it
co-annotates a subset (state tracking, coreference, disambiguation) but not the broader nine-task suite we provide.
ECom-Bench is marked “end-to-end’” because its primary metric is a single pass® outcome rather than per-NLU-
competence scores. “Avg utt./dialogue” is reported by, or directly computed from, each original paper for scale

comparison only (higher is not necessarily better; production-log corpora are short by design).

TR

marks corpora

where the number is not applicable. ECom-Bench* reports only an evaluation-time turn cap (< 20 per task).

utterances apart.

Cross-modal relation mention-pair distance.
Figure 21 reports the ECDF of head-to-tail utter-
ance distance across all annotated cross-modal re-
lations. The median distance is 3 and the 95th per-
centile is 17 utterances, confirming that relation
extraction in KOMMERCE spans substantive dia-
logue contexts rather than collapsing into within-
utterance triples.
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Figure 21: Cumulative ratio of relation mention-pair
distances in dialogues. The distance denotes the absolute
difference between the utterance indices of the head and
tail mentions.
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Image attribute field

Distinct values

Category

Color
Secondary color
Material

Print

Length

Sleeve length
Neckline

Collar

Fit

Detail

Style
Secondary style

21
21
21
25
21
10

6
12

9

7
40
23
23

Table 28: Image diversity within the fashion domain,
quantified by distinct attribute values across 29,829
unique images. Values are deduplicated across garment
categories; secondary color and style are counted sepa-

rately.
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