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Abstract

As multimodal large models (MLLMs) continue to advance across challenging
tasks, a key question emerges: What essential capabilities are still missing? A
critical aspect of human learning is continuous interaction with the environment —
not limited to language, but also involving multimodal understanding and genera-
tion. To move closer to human-level intelligence, models must similarly support
multi-turn, multimodal interaction. In particular, they should comprehend in-
terleaved multimodal contexts and respond coherently in ongoing exchanges. In
this work, we present an initial exploration through the INTERMT - the first
preference dataset for multi-turn multimodal interaction, grounded in real
human feedback. In this exploration, we particularly emphasize the importance
of human oversight, introducing expert annotations to guide the process, moti-
vated by the fact that current MLLMs lack such complex interactive capabilities.
INTERMT captures human preferences at both global and local levels into nine
sub-dimensions, consists of 15.6k prompts, 52.6k multi-turn dialogue instances,
and 32.4k human-labeled preference pairs. To compensate for the lack of capability
for multi-modal understanding and generation, we introduce an agentic workflow
that leverages tool-augmented MLLMs to construct multi-turn QA instances. To
further this goal, we introduce INTERMT-BENCH to assess the ability of MLLMs
in assisting judges with multi-turn, multimodal tasks. We demonstrate the utility of
INTERMT through applications such as judge moderation and further reveal the
multi-turn scaling law of judge model. We hope the open-source of our data can
help facilitate further research on aligning current MLLMs to the next step.

1 Introduction

Humans perceive the world through dynamic, multimodal interactions involving text, images, audio,
video, and more [1, 2, 3, 4]. Building on the success multimodal large language models (MLLMs)
[5, 6, 7, 8, 9], recent efforts aim to develop general-purpose Al assistants that handle multiple
mixed modalities [10, 11, 12]. A key feature of such general-purpose assistants is to engage in
natural multi-turn conversations, perceive and generate any modality (i.e., interleaved multimodal
understanding and generation), to enable more smooth interaction and grounded understanding
[10, 13, 12, 14, 15, 16].

Recent years have seen community efforts in transplanting alignment techniques (e.g., Reinforcement
Learning from Human Feedback (RLHF)) from the text modality [17, 9, 18, 19, 20, 21, 22] to
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Figure 1: Motivated by the challenges of single-turn interactions in aligning with human intent, and
the goal of constructing general-purpose Al assistants, we intrddu@R MT : Data: INTERMT,

the rst human preference dataset focusedrariti-turn , multimodalunderstandingandgenera-

tion; Decoupled Helpfulnessccapturing human feedback at both tbeal (turn-level) andylobal
(conversation-level)Evaluation: evaluating the capabilities of MLLMs as judge models.

multiple modalities settingslf, 23, 24, 25, 26, 27, 15, 28, 29]. Within this line of research, most
studies focus exclusively on either understandid@ P3] or generation 27, 26]. The lack of
alignment considerations for multimodal mixed input-output settings exacerbates the imbalance
across modalities,e., modality disequilibriun{15]. Furthermore, existing methods primarily focus

on single-turn interactions, where an LLM generates a response from a prompt and receives immediate
alignment feedback. However, real-world interactions typically occur in long-horizon conversations
(e.g, over 5 turns) and often feature interleaved multimodal inputs and outputs [31, 32, 33].

How to improvemulti-turn interleavedunderstanding generationalignment via human feedback?
Our re ections highlight several key issues in the alignment of MLLMs:

« Modality Fusion via Harmonizing Understanding and Generation. To build general-purpose
Al assistants, high- delity perception and understanding alone are not suf cient. The system
should also support the selective generation of multimodal outpudsifmages) to effectively
communicate, instruct, or interact with users in a natural and contextually appropriate manner.

* Modeling Long-Horizon, Interleaved Multimodal Interactions. Real-world user—Al exchanges
typically span many turns and interleave text, vision, and other modalities. Such interactions
demand not only precise instruction following but also sustained attention and reasoning over an
evolving context, approaching near-human in-context reasoning capabilities.

» Dynamic Human-in-the-Loop Alignment. In extended, multimodal interactions, user preferences
continually evolve. For example, a user may rst ask the assistant to draw a vase, then—after

inspecting the rendered image—request that the vase be repositioned or restyled for greater
emphasis. Capturing and aligning with these emergent, dynamic preferences calls for genuine,
iterative human feedback throughout the interaction.



In response, we introdud@&TERMT, a human preference dataset designed to capture the complexity
and diversity of human intent imulti-turn settings. Speci cally/NTERMT targets vision-language
interaction scenarios involving interleavedderstanding andgeneration To model dynamic

human preferencesNTERMT comprises 15604 seed questions that elicit multi-turn, multimodal
conversations spanning 15+ domains. Helpfulness is then decomposed into 9 sub-dimensions,
capturing both global (conversation-level) and local (turn-level) aspects of human feedback.

Our key contributions are summarized as follows:

« The First Multi-turn Interleaved Preference Dataset: To the best of our knowledg&NTERMT
is the rst dataset that captures real human preferences for tasks invahttgturn and
interleaved multimodalinderstandingandgeneration It contains 15604 unique seed questions
across diverse categories, 52.6k multi-turn interleaved vision-language QA instances, and 32,459
sets of multi-dimensional human preference annotations.

« Agent-based Construction Work ow: INTERMT employs a carefully designed agent-based
multi-turn QA construction work ow that leverages strong MLLMs augmented with external tools
(e.g, image editing, generation and retrieval) to simulate high-quality real multi-turn interactions.

» Decoupled Helpfulness in Multi-turn Multimodal Scenarios: INTERMT decomposes the
concept of helpfulness fanulti-turn interleaved multimodal understanding and generaiita
two distinct levelsiocal (turn-level) andglobal (conversation-level). At the local level, helpfulness
is assessed for each individual turn, while at the global level, helpfulness is evaluated across the
entire conversation. Furthermot@TERMT breaks down helpfulness into 9 speci ¢ dimensions
(e.g, contextual coherengémage-text consistengcgtc.), allowing for a detailed and nuanced
evaluation of multi-turn, multi-modal interactions.

« Effective for Multi-turn Alignment: Building onINTERMT, we investigate methods tnodel
long-horizon valueandalign dynamic human value®ur ndings reveal the phenomenon of
preference transfer in multi-turn multimodal interactions, which facilitates preference modeling
for predicting human judgments. Additionally, we identifg@aling phenomenan multi-turn
multimodal judge moderation (Section 4.1).

¢ One More Thing We introducel NTERMT-BENCH to evaluate the ability of MLLMs in assisting
judges across multi-turn, multimodal tasks, encompassing three Sadsng EvaluatiopPair
ComparisonandCrucial Step Recognitio(Section 4.2). Despite strong reasoning capabilities,
advanced MLLMs .9, 04-mini [34)) fail to align with human values in judgment tasks. However,
they show potential in identifying crucial steps in long-context scenarios.

For more details about the motivation of our work, please refer to Appendix A.

2 Dataset

Our core contribution is the introduction of a human preference dataset desigmadifieturn ,
multimodalunderstanding andgenerationtasks. This section outlines the dataset's composition,
the collection of prompts and multi-turn QA instances, and human annotation process.

2.1 Dataset Composition

The INTERMT dataset includes: (1) carefully crafteded questionfor multi-turn, multimodal
conversations, and (2) ne-grained human preference annotations at both local and global conversation
levels. Inspired by theories from linguistics, human-computer interaction, and cognitive psychology
[35, 36, 37, 38, 39, 4(], the seed questions are rigorously selected and re ned to enable more faithful
simulation of real-worldnterleaved multimodal understanding and generatowa multi-turn tasks.

We collect preference data through score evaluations and pairwise comparisons of multi-modal
responses at each conversation turn, based on four sub-dimensions. Global conversation helpfulness
is then evaluated via ve sub-dimensions. Incorporating natural language feedback further improves
annotation quality and alignment with human intent. Trega Card for INTERMT is as follow:

« INTERMT is built from a corpus of 100k image-text examples, comprising 72.1% from open-
source vision-language datasets, 22.8% from web data, and 5.1% from human-written content.
All prompts are re ned following constitutional guidelines to improve multi-turn compatibility,
resulting in 15604 unique seed questions, as shown in Figure 2.



Figure 2:INTERMT includes over 15 tasks in vision-language scenarios, capturing communication
examples across diversaulti-turn settings. These examples demonstratgti-turn , interleaved
understanding andgenerationin six representative domains.

« Each seed question is expanded via an agent-based multi-turn QA construction work ow, produc-
ing at least 8 multi-turn QA instances per prompt. After pruning and Itering, we obtain 52.6k
high-quality multi-turn QA instances, with 41.92% containing ve or more turns.

« The resulting 52.6k QA instances cover 15+ vision-languagerstanding andgenerationtasks,
such as image editing and visual tutorials. Each instance features interleaved textual and visual
content in both inputs and outputs, with an average of 5.33 images per conversation.

* INTERMT features 32,459 human preference annotations, organized as score evaluation pairwise
comparisons at both the local and global levels. Preferences are decomposed into 9 dimensions of
helpfulness, accompanied by human-written critiques, re nement suggestions, and rationales.

2.2 Multi-turn QA Construction

Prompt Collection. INTERMT is constructed from 100k image-text QA instances collected from
three primary sources: 72.1% from public datas&s 30, 41]; 22.8% from legally scraped web
content; and the remaining 5.1% from researcher-curated, human-written prompts. These instances
span diverse vision-language taskg, activity generation, data visualization, and table analysis.

Drawing upon cognitive psychology theori€5[ 36, 37, 38, 39], we identify ve common scenarios

that give rise to multi-turn conversations in real-world multimodal settings. Based on these scenarios,
we lter, diversify, and rewrite the original image-text QA instances, resulting in 15604 usigee
guestiors. These questions serve as the initial round for generating multi-turn conversation data.
Additional details can be found in Appendix D.

Tool-Augmented Agent Work ow for QA Construction. We identify two core challenges in
constructing multi-turn QA instances that capture realistic scenarios of multimodal understanding and
generation: (1) How to effectively simulate realistic human multi-turn conversations in multimodal
contexts? (2) Given that current MLLMs lack interleaved understanding and generation capabilities
[42, 31], how to construct interleaved QA instances that generalize across diverse real-world tasks?

To address these challenges, we propose a tool-augmented agent work ow that integrates powerful
open-source and APIl-based models with image-centric tools. Within this framework, each agent
simulates human-like conversations by either responding to the current query or generating follow-up



Figure 3: Overview of the four-stage pipeline for construcliRgeRMT . Stage |: seed questions

are harvested from open-source corpora, websites, and human writing, then Itered for perceptual
quality, diversity, and multi-turn potentialStage II: iterative calls to large models and external

tools (e.g. edit, retrieve, generate) produce answer expansions and follow-up questions, forming
a candidate QA treeStage Ill: human annotators perform per-turn (local) and conversation-level
(global) evaluations—covering quality, coherence, context awareness, and completeness—to prune
and select preferred branch&age |V: the retained branches are reassembled into deep, coherent
QA trees (depth 5) yielding the nal multi-turn QA pairs for model training.

questions based on the previous answer. Agents can invoke tools to generate, edit, or retrieve images,
enabling the recursive construction of tree-structured, multi-turn interleaved image—text QA instances.

Agent Construction. The agent work ow is built upon a combination of strong open-source
models §3, 44, 45, 5] alongside leading API-based modef&[47, 48]. To support diverse mul-
timodal operations, three types of image-centric tools are integrated: (1) text-to-image generators
(e.g, FLUX.1-Schnell 9] and Stable-Diffusion§0]) for producing high-quality images based on
prompts; (2) an image editing APé.g, Gemini-2.0- ash p1]) capable of cropping, highlighting,

and modifying images; and (3) web-based retrieval interfaces for sourcing real-world visuals. During
multi-turn QA generation, agents embed structured tokens suchregye,caption > within the

text to denote visual references after which GPT4K) ferves as a double classi er and veri er,
automatically determining the appropriate tool call based on the image intent and context.

Iteratively Question and Response GenerationWe begin with carefully craftedeed question®

initiate extended multimodal dialogues; at each turn, diverse agents generate a pool of 10 candidate
follow-ups via a Socratic strategy, from whidh (typically 1-3) high-quality, non-redundant
guestions are selected using textual similarity ranking and regex Itering, ensuring contextual
coherence and, when needed, visual clari cation. Each selected follow-up is then answered by
sampling over 10 candidate responses paired with multiple visual options, from Wh{tpically

2-4) responses are chosen based on relevance and multimodal quality, with optional user-guided
continuations to enhance q@tisfaction. Repeating this selection processofands yields a tree-
structured QA dataset of sizei”:l M N ;. Formore details, see Appendix D.

Quality Control and Pruning. We apply a ltering strategy from multiple perspectives with two

key components: the image(-text) Filter, which evaluates each candidate image for visual quality

and semantic relevance, and the consistency Iter, which preserves content and stylistic coherence
across dialogue turns. Finally, we prune the multi-turn paths based on overall quality, coherence, and
diversity, yielding a re ned set of QA instances for annotation.

Human Annotation. De ning high-quality multi-turn multimodal dialogues is inherently challeng-
ing, as it requires assessing response correctness, the coherence of image-text interleaving, and the
dynamic nature of human preferences throughout the conversation. We conduct multiple rounds of



in-depth discussions with our annotation team regarding existing open-source datasets and prior work
on MLLMs. We then identify the following 9 annotation dimensions.

G1: Context Awareness

G2: Helpfulenss and Completeness
G3: Crucial Step Recognition

G4: Global Image-Text Consistency
G5: Style Coherence

L1: Local Image-Text Consistency
L2: Visual Perceptual Quality

¢ L3: Contextual Coherence

L4: Text Quality

L]

Crowdworkers rst rate individual turns and then evaluate entire conversations from both local and
global perspectives. RBual Veri cation stage combines dedicated annotator efforts with professional
quality control reviews to ensure guideline adherence. Structtaaduage Feedbackwhich offers
concise explanations of scoring rationale, focused critiques, and re nement suggestions, further
guides response improvement and substantially enhances annotation reliability.

3 Analysis

Since thelNTERMT dataset capturagal human preferences across multiple dimensions at both
globalandlocal levels, it is meaningful to analyze the correlations among these dimensions, examine
the relationship between per-turn preferences and overall evaluation, and further compare human
feedback with Al feedback in this section.

Figure 4: Linear correlation coef cient of different preference annotations.

Correlation Analysis. Figure 4 illustrates the
relationship between global and local preference
annotation dimensions. We identify three key
ndings: (1) Modality perception precedes
effective modality fusion for both the local-
local and local-global correlation, the evaluation
of image-text consistency is strongly correlated
with visual perceptual quality (up to 0.81). This
suggests that before assessing multimodal infor-

mation, human evaluators tend to prioritize a ) .
clear understanding of each individual modalit;/gure 5: Agreement rates between different roles

indicating that a clear perception of individuaft 0cal and global levels. Heréjumanrefers
modalities is a prerequisite for reliable multi© the outsourced annotation team, whiteri er

modal judgment(2) Long-horizon evaluations enotes human experts with professional back-
hinge on coherence and temporal consistencygr_ounds and the author_s, who perform random sam-
for the global-global correlation, metrics sucR!iNg and manually verify 5-10% of the dataset.

as helpfulness and completeness strongly align with context awareness and global visual consistency,
underscoring the importance of maintaining coherent semantics, multimodal information, and con-
sistency with prior conversational context over extended interact{8p#ntent grounding drives
long-horizon crucial step recognition in multi-turn scenarios, models may deviate from the user's

core intentions, producing self-directed responses. Despite locally high-scoring and plausible outputs,
this leads to stylistic drift and omission of key steps over extended interactions, as demonstrated in
the local-global correlation setting.



Human Feedbackvs. Al Feedback. Human-labeled data introduce high cost, which motivates the
exploration of MLLMSs' potential to assist with evaluation task®][ We develop a pipeline that
utilizes advanced API-based model$,[53, 54, 47, 55, 34]) to produce multidimensional scores

from both global and local perspectives. Then, we evaluate the agreement between Al and human
annotators, as well as between Al annotators and expert human veri ers. Agreement scores are then
averaged across all pairs for comparative analysis. Experimental results (Figure 5) show that while Al
annotators achieve approximately 60% agreement on local evaluations, their consensus with humans
on global (longer-horizon) tasks is markedly lower. This indicates current MLLMs struggle to match
human judgments in multi-turn, multimodal scoring. Until Al feedback ef cacy is rmly established,
replacing human annotation remains inadvisable.

4 Inspiring Future Research

INTERMT lays the groundwork for advancing research on aligning human valuesliiturn multi-
modal understanding and generatitasks, potentially inspiring new research directions. Building
on real human data provided by TERMT, we identify several promising directions:

* Modeling long-horizon values.How can we model long-horizon, interleaved multimodal prefer-
ences by leveraging tHecal andglobal human annotations iNTERMT?

« Aligning dynamic human values How can we design algorithms that effectively incorporate real
human feedback frorNITERMT to assess and enhance the performance of MLLMs?

In this section, we present several baseline approaches that address the above questions, with the goal
of fostering further research and demonstrating the utility of our dataset.

4.1 Preference Modeling for Multi-turn Interleaved Multimodal Scenarios

A widely adopted approach for modeling human preferences is to employ a preference predictor
grounded in the Bradley—Terry (BT) modéld. However, when extending to multi-turn settings,

new challenges arise—particularly in capturing the dynamics of evolving user preferences across
turns. Moreover, traditional outcome-level reward signals often fail to generalize in purely textual
domains 7], let alone in complex multimodal settings involving interleaved understanding and gen-
eration.INTERMT incorporates botlocal andglobal human annotations in multi-turn, multimodal
interactions, leading us to investigate ef cient preference modeling methods.

Inspired by b8, 59, 60], we investigate two strategies for modeling long-horizon preferences in multi-
turn multimodal scenariogre x preferenceandchain-based preferenc®etails of formulations can

be seen in Appendix H. Our ndings, presented in Figure 6, suggest that modeling ne-glagatd
(turn-level)preferences is more effective in capturing human values and achieving better alignment.
In contrast, directly modelinglobal (conversation-levepreferences often fails to re ect these
nuanced preferences, especially in complex, long-horizon scenarios.

Local vs. Global Preference Transfer. We

examine the bidirectional transfer between turn-

level (ocal) and conversation-levetj(obal) hu-

man preferences. As shown in Figure 6, both
local-to-globalandglobal-to-localtransfers are

effective, since multi-turn questions typically

hinge on the seed question's intent. However,
global-to-localtransfer is consistently easier and

better aligned with actual preferences. We at-

tribute this to the greater stability of global pref-

erences—re ecting users' overarching tenden-
cies—whereas local preferences are short-term

and more context-dependent, makingal-to- Figure 6: Judge models trained and evaluated on
globaltransfer more challenging. different dataset.

Multi-turn Scaling Law of Turn-based Judge Moderation Can we accurately capture users'
intentions and latent preferences with a limited number of conversational turns, thereby improving



Figure 7: Scaling laws of judge models. As training turns increase, model's ability to predict future
preferences improves (left), while generalization diminishes as evaluation turns increases (right).

the modeling of long-term valuesSuch capabilities are crucial for building general-purpose Al
assistants, which need to understand and predict users' needs across diverse contexts, adapting to
changing preferences over time. We investigate whether the discriminative power of judge models,
trained on the rstk turns, improves in subsequent turns (frent 1 to N') and exhibitsscaling laws

The results reveal two key insights: (1) Multi-turn judge moderation exhibits a generalization effect
linked to the number of turns. As shown in Figure 7 (a), for evaluation kyras the number

of preceding turns increases from 1ko 1, the model's accuracy continues to improve, with
average future performance rising, indicating that training on multi-turn data with a limited number
of turns can generalize to longer horizons. (2) Regarding the number of turns in the training data, the
generalization effect shows a diminishing trend. As demonstrated in Figure 7 (b), traininig with
turns does improve performance for-1 ! T turns, but this effect diminishes as the number of
turns increases. The decline is due to three factors: diminishing returns as the model struggles with
long-term preferences, contextual drift as earlier turns lose relevance, and the evolving interaction
between user intentions and latent preferences.

4.2 MLLM as a Judge and INTERMT-B ENCH

Do MLLMs truly understand what is desirable in multi-turn, multimodal interactions and how to
align with human valuesThis task is particularly challenging due to the absence of multimodal
benchmarks that capture human preferences in multi-turn settings. Inspirét] b|[and leveraging
genuine feedback frodrNTERMT, we introducd NTERMT-BENCH to assess MLLMs' alignment
with human values in multi-turn, multimodal taskeNTERMT-BENCH comprises three distinct
tasks:Scoring EvaluationPair ComparisonandCrucial Step RecognitiorDetails can be found in
Appendix G.

Judge Settings and Metrics The dataset includes multi-turn multimodal interleaved communica-

tion histories and human-annotated ground truth. Evaluated models must assess the conversation at
both the turn and conversation levels across nine dimensions, following a set of guidgtinasg
Evaluationrequires the model to assign scores on a 0-3 scale, with evaluation based on Pearson
similarity [62, 61, 52]. Pair Comparisordirectly compares two individual turns or entire conversa-
tions, without considering ties, and is evaluated for accuracy against human judg@remial Step
Recognitiortest if MLLMs can accurately identify the user's intent and determine whether it has
been ful lled, evaluated by the score provided by judge according to the human-annotated reference
answers.

Results and Takeaways We evaluated 6 advanced MLLMs for their ability to assist in judgment

for multi-turn multimodal interactions, considering the nine dimensions proposed above. The results
reveal key observation&xisting models still face challenges in aligning with long-horizon human

values, but they perform more accurately in evaluating local, ne-grained preferences As

shown in Table 1, all models exhibit signi cant gaps in performance compared to humans in both
Score Evaluation and Pair Comparison tasks. However, the models demonstrate better accuracy when



Figure 8: Score and length distribution comparison.

Table 1: Overall performance comparison of various MLLMs across three judgment tasks in
INTERMT-BENCH. The Score Evaluation task requires models to assign scores on a 0-3 scale
and is evaluated using Pearson correlation metric. The Pair Comparison task involves direct binary
comparison of two individual turns or entire conversations without ties and is evaluated by accuracy
against human judgments. All reported Pearson correlation values achieve statistical signi cance
with p-values below 0.09\ote: Gemini-Flash* denotes Gemini-2.0-Flash, Gemini-Pro* corresponds

to Gemini-2.5-Pro-preview, and Claude-thinking* refers to the Claude-3.7-Sonnet (thinking) model.

| | Local Setting | Global Setting

Settings | MLLMs | 11 12 18 14 Ag | GI G2 G3 G4 G5 Awg

Gemini-Flash* 0.346 0.107 0.119 0.173 0.1860.163 0.042 0.051 0.246 0.005 0.101
Gemini-Flash* (+reason) 0.361 0.072 0.122 0.168 0.181-0.038 0.083 0.139 0.199 0.048 0.086
GPT-4.1 0.264 0.095 0.242 0.269 0.2180.215 0.216 0.084 0.044 0.049 0.122

GPT-4.1 (+reason) 0.281 0.094 0.272 0.271 0.2290.215 0.255 0.217 0.216 0.0500.191
GPT-40 0.291 0.131 0.277 0.268 0.242| 0.254 0.167 0.137 0.139 0.069 0.153
Scoring GPT-40 (+reason) 0.290 0.091 0.252 0.280 0.228| 0.183 0.243 0.194 0.086 0.072 0.156

Evaluation Gemini-Pro* 0.273 0.079 0.258 0.168 0.1940.285 0.240 -0.024 0.235 0.145 0.176
Gemini-Pro* (+reason) 0.274 0.070 0.304 0.211 0.2150.239 0.267 0.195 0.129 0.060 0.178
Claude-thinking* 0.299 0.044 0.262 0.229 0.2090.172 0.140 0.175 0.150 0.069 0.141
Claude-thinking* (+reason) 0.291 0.023 0.254 0.214 0.1960.207 0.260 0.183 0.155 -0.001 0.161
04-mini 0.334 0.062 0.306 0.134 0.2090.169 0.161 0.120 0.096 0.028 0.115

04-mini (+reason) 0.326 0.056 0.322 0.151 0.214) 0.215 0.229 0.347 0.137 0.016 0.189

GPT-4.1 0.541 0.589 0.508 0.484 0.53] 0.540 0.520 0.530 0.590 0.563 0.549
GPT-4.1 (+reason) 0.550 0.584 0.501 0.5210.539| 0.520 0.520 0.477 0.513 0.540 0.514

GPT-40 0.513 0.488 0.499 0.510 0.5030.560 0.517 0.550 0.543 0.470 0.528
GPT-40 (+reason) 0.500 0.537 0.511 0.509 0.514| 0.542 0.490 0.545 0.522 0.528 0.525

Pair Gemini-Pro* 0.533 0521 049 0.533 05210562 0.566 0523 0.505 0.505 0.532
Comparison | Gemini-Pro* (+reason) 0.526 0.528 0.513 0.514 0.5200.548 0.562 0.495 0.522 0.538 0.533
Claude-thinking* 0.561 0.568 0.508 0.502 0.5350.539 0.523 0.518 0.521 0.528 0.526
Claude-thinking* (+reason) 0.567 0.550 0.506 0.519 0.536 0.512 0.522 0.512 0.547 0.512 0.521
04-mini 0.556 0.549 0.508 0.536 0.537| 0.552 0.498 0.522 0.518 0.495 0.517
04-mini (+reason) 0,521 0564 0522 0513 0.5300.534 0.510 0.507 0.512 0.483 0.509

assessing local dimensions rather than global dimensions, suggesting that capturing ne-grgined (
turn-level) human preferences is crucial for both evaluation and alignment with human dynamic and
long-horizon values. However, there is cause for optimism: current MLLMs exhibit near-human-level
performance (4.38/5) in recognizing task completion and aligning with human inepC¢ucial

Step Recognitign providing potential solutions for long-term value alignment.

Induced Bias and Hallucination. Consis-

tent with [52], we identify issues related to bias

and hallucinationPosition Bias where mod-

els consistently favor responses in speci ¢ po-

sitions €.g, the rst answer), often in uenced

by training data that places correct answers at

the beginning or end of prompt63], andHigh-

Score Bias[52], where models tend to assign

higher scores to entire multi-turn communica-

tions. These issues, particularly in long-horizon

tasks, may hinder the model's ability to capture Figure 9: Results o€rucial Step Recognition
differences between extended conversations, thereby posing challenges in modeling long-horizon
values and potentially leading to safety concerns [64].



Reasoning Ability Is Not a Panacea. We compare weak reasoninge(, providing plausible
explanations for the evaluation results) with strong reasoniag ((sing advanced reasoning models

like 04-mini) on the scoring evaluation and pair comparison settings. However, the results are
suboptimal. The models' reasoning processes are primarily based on a step-by-step comparison
against prede ned guidelines, rather than actively identifying potential aws in the responses. This
approach, which differs from the more granular feedback humans provide, leads to misalignments
with human preferred judgement.

Divide and Conquer is bene cial for Crucial Step RecognitionWe observe that models with high
scores inCrucial Step Recognitioshown in Figure 9) tend to adopt a divide-and-conquer approach,
meaning they rst assess each turn in a multi-turn, multimodal dialogue for problem-solving, and
then provide an overall conclusion; in contrast, models with lower scores often give more generalized
and ambiguous responses.

5 Conclusion and Outlook

This work introducedNTERMT, the rst human preference dataset designed for multi-turn, mul-
timodal understanding and generation tasks, capturing human feedback at both local (turn-level)
and global (conversation-level) granularities across nine dimensions. We also preceriV T-

BENCH to evaluate the capability of advanced MLLMs in assisting with judging such complex
interactions. We nd that modeling ne-grained local (turn-level) preferences is generally more
effective in capturing human values and achieving better alignment compared to directly modeling
global (conversation-level) preferences. Analyzing preference transfer, we observe that while both
local-to-global and global-to-local transfers are effective, global-to-local transfer is consistently easier
and better aligned with actual preferences. Another key observation is the multi-turn scaling law
of judge moderation; as the number of training turns increases, the model's ability to predict future
preferences improves, while its generalization ability diminishes with longer evaluation horizons.

Fair and Ethical Labor We employed 30 full-time, experienced crowdsourced workers for multi-
modal annotation, ensuring fair and transparent compensation signi cantly above the local minimum
wage, in compliance with labor regulations. ThereRMT project underwent thorough ethical

review by the Institutional Review Board and the Academic Committee of the Institution for Arti cial
Intelligence at Peking University. The dataset will be released under a CC BY-NC 4.0 license.
To mitigate potential risks, NSFW Itering was applied during dataset construction, though we
acknowledge that absolute safety cannot be ensured. Given the heightened societal risks associated
with multimodal data, we recommend safeguards such as gated access. We are committed to the
responsible development of Al and strongly oppose any malicious or unethical use pfrteM T

dataset.

5.1 Limitations and Future Work

While our work, utilizing the carefully curatelNTERMT dataset, provides signi cant clarity on
modeling long-horizon preferences in vision-language settings, it also illuminates the inherent
complexity of human communication and thus reveals important directions for future research. A
key observation is that human communication extends far beyond vision and language; it is deeply
multimodal, involving video, audio, and more. Future work is essential to eXteneRMT to
encompass these additional modalities, moving closer to a holistic representation of communications
dynamics. Future work should focus on developing more advanced and ef cient methods speci cally
tailored to exploit the unique richness of the local and global human annotatidRSERMT,
thereby enhancing model alignment. Finally, as MLLMs are increasingly used in diverse real-world
contexts, ensuring robust value alignment and safety becomes a critical challenge. Addressing the
complexities of diverse human values will require sustained, interdisciplinary research efforts.
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. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurlPS Code of Ethiclttps://neurips.cc/public/EthicsGuidelines ?

Answer: [Yes]

Justi cation: We carefully check our paper that conform with the NeurlPS Code of Ethics in
every respect.
Guidelines:
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11. Safeguards
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Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.qg., pretrained language models,
image generators, or scraped datasets)?

Answer: [Yes]

Justi cation: Yes, and we discuss them in Section 5. Given that multimodal data may pose
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» The answer NA means that the paper poses no such risks.

» Released models that have a high risk for misuse or dual-use should be released with
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that users adhere to usage guidelines or restrictions to access the model or implementing
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» Datasets that have been scraped from the Internet could pose safety risks. The authors
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» We recognize that providing effective safeguards is challenging, and many papers do
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Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
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Answer: [Yes]

Justi cation: Yes, our dataset and other resources are released undst B¥-NC 4.0
License. We also discuss the license in the Appendix.
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« For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset's creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]
Justi cation: Yes, we provide detailed documentation in the Appendix.
Guidelines:

» The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

» The paper should discuss whether and how consent was obtained from people whose
asset is used.

» At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip le.

Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper

include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [Yes]
Justi cation: Yes, we provide detailed documentations in the Appendix.
Guidelines:

» The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

« Including this information in the supplemental material is ne, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

 According to the NeurlPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [Yes]
Justi cation: Yes, we provide IRB in our supplementary materials
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

» Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

» We recognize that the procedures for this may vary signi cantly between institutions
and locations, and we expect authors to adhere to the NeurlPS Code of Ethics and the
guidelines for their institution.

« For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scienti ¢ rigorousness, or originality of the research, declaration is not required.

Answer: [Yes]

Justi cation: We use LLMs for the help of dataset construction. All of the experiment details
and proper use of LLMs are provided and discussed in the Appendix

Guidelines:

» The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

 Please refer to our LLM policyhitps://neurips.cc/Conferences/2025/LLM )
for what should or should not be described.
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A Related Work

A.1 QA Dataset with Human-Preference Annotation

Human preference annotations are essential for aligning language models with the 3H objectives:
helpfulness, harmlessness, and hone®®y17, 9]. These preferences are typically converted into
reward signals via the Bradley-Terry modB#], facilitating the use of established RL metho6§][

or direct policy optimization toward preferred response distributid8k [A number of datasets offer
question—answer pairs with human preference annotations, ranging from safety-focused datasets
[67, 66, 68, 69] to multimodal preference datasetb] 14, 70, 71, 72, 73]. However, preference

data in multi-turn dialogue settings remains underexplored. Existing studies primarily focus on
multi-turn response generatios], rather than improving instruction-following quality across turns,
particularly in multimodal contextdNTERMT lIs this gap by introducing a dataset speci cally
designed for preference-based human annotation dataset in multi-turn, multimodal interactions.

A.2 Interleaved Image-Text Dataset

Training on interleaved image-text web documents has shown superior performance compared to
simple image-description pairs, as demonstrated by models such as FladthdgoHameleon2],

and MiniGPT-5 [/4]. This improvement is attributed to the richer and more meaningful correlations

in interleaved documents, underscoring their importance in developing interleaved generation models.
However, the training data used in these studies is not publicly available. Recent efforts have focused
on constructing interleaved image-text dataseét 76, 77, 78, 41]. For instance, MMC4 79|

extends the text-only C4 datas80] 81] by incorporating images into text documents. OBELICS

[82] collects large-scale data from web pages. However, both datasets suffer from low image-text
coherence and a limited number of images per docurddht Qther datasets focus on image-centered
question answering/p, 77, 78]; however, their limited task diversity and reasoning depth reduce
their suitability for high-quality visual instruction tuning. CoMMJ], which sources data from
websites such as WikiHow, emphasizes visual tutorials. Nevertheless, none of these datasets support
multi-turn interactions. To address these limitations, we presereRMT—a multi-turn image-text
interaction dataset encompassing diverse tasks, including visual instruction following, image editing,
causal reasoning and so dMTERMT emphasizes image-text coherence, and logical consistency
across dialogue turns, aiming to enhance the general instruction-following capabilities of MLLMs.

A.3 Multi-Turn QA Dataset

Recent studies have concentrated on constructing multi-turn dialogue datasets, typically through
human-human interactions, to facilitate the development of more effective chat-based Al assistants.
These datasets generally incorporate both vision and text modalifiegq, 78, 75]. However, these
datasets are restricted to image-text inputs and textual multi-turn outputs, which are often collected
via crowdsourcing under narrowly de ned tasks. Consequently, the resulting data often contain
colloquial expressions, making them suboptimal for enhancing instruction-following capabilities.
More importantly, these studies lack a principled methodology for constructing multi-turn preference
datasets. To advance any-modality MLLMs, there is still a notable scarcity of high-quality vision-
language interactive datasets that incorporate human-annotated preference.

A.4 Modeling of Interleaved Image-Text

The advent of multimodal large language models has markedly advanced tasks involving interleaved
text-image understanding and generation. Earlier models like DAL83F4nd Stable Diffusion

[84] showcased impressive capabilities in generating high-quality images from textual descriptions,
whereas models such as LLaVA1] 5] achieve notable breakthroughs in image understanding and
reasoning via vision instruction tuning. However, previous research has predominantly focused on
unidirectional generation—either text-to-image or image-to-text—without addressing interleaved
generation scenarios in which text and images are seamlessly integrated within the same input or
output. Recent efforts have begun to close this &&p§, 10, 86, 87, 88, 89, 90]. Flamingo [LO]
introduced image tokens into the language modeling process, whereas Chameleon proposed a uni ed
architecture embedding both modalities into a shared space for multimodal input and output. Emu
[86] utilizes Stable Diffusion84] as an image decoder, thereby enabling generation from interleaved
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image-text inputs. Despite these advances, existing models continue to struggle with multimodal
contextual consistency—such as semantic coherence and stylistic alignment between images and
text [6, 41, 31, 42]. Furthermore, multi-turn dialogue capabilities—such as contextual coherence,
modality-aware content selection, and heuristic question generation—remain underexplored. To
address these gaps, we predermeRMT—a human preference dataset speci cally designed for
multi-turn interleaved text-image understanding and generation.

A.5 Al Alignment and RLHF

Aligning LLMs with human preferences is critical for their safe and effective deployn®nfmong

various approaches, supervised ne-tuning (SFT) and reinforcement learning from human feedback
(RLHF) have emerged as standard methods for aligning model behavior with human6eétdrm [L9].

Recent work has extended this alignment framework beyond language-only settings to multimodal
scenarios involving both image and text modalitig4, [30, 23, 15, 91]. Such multimodal alignment
necessitates addressing challenges like interleaved image-text inputs and outputs, alongside multi-turn
interactions that re ect real-world usage. However, the approach to alignment faruthieturn
interleaved multimodal understanding and generaseiting still remains an open question.

While highly effective for single-turn instruction following, extending RLHF to multi-turn dialogue
introduces signi cant challenges. These include capturing context-dependent preferences that evolve
over the conversation, maintaining long-term coherence and consistency, the increased cost and
complexity of collecting high-quality multi-turn preference data, and potential reward hacking where
the model optimizes for local turn-level rewards at the expense of overall conversational duidlity [

Some works take an initial step toward multi-turn alignment by leveraging conversation-level human
feedback in purely textual multi-turn dialogue, mainly focusinghom to generate better multi-turn
dialogue[57]. However, improving instruction-following abilities fanulti-modal understanding

and generationn multi-turn settings still remains an open challenge.

A.6 Evaluating Multi-turn Multimodal Capabilities

Recent advancements in evaluating multi-turn multimodal capabilities of MLLMs have highlighted
the need for benchmarks that re ect real-world conversational complexities. Traditional evaluation
datasets often focus on single-turn interactions or unimodal inputs, which do not adequately capture
the challenges posed by multi-turn, multimodal dialogues.

To address this gap, several benchmarks have been prof%8@8,[94, 95, 96, 97, 98, 99|. For
instance, MMDU introduces a comprehensive benchmark designed to evaluate MLLMs' abilities in
multi-turn and multi-image conversatior&3d. It emphasizes the importance of long-context under-
standing and the integration of multiple images within a single dialogue, pushing models to handle
more realistic and complex interactions. ConvBench introduces a hierarchical evaluation framework
that assesses LVLMs across three cognitive levels: perception, reasoning, and crdaityhis
structure enables a nuanced analysis of model performance in multi-turn dialogues, highlighting
speci ¢ areas for improvement. Similarly, MMMT-IF presents a challenging benchmark focusing
on instruction-following in multimodal, multi-turn dialogued4]. It introduces the Programmatic
Instruction Following (PIF) metric, which assesses a model's ability to follow instructions dispersed
across long dialogues, requiring the retrieval and reasoning over instructions spread throughout the
context. In the realm of language models, MT-Eval offers a comprehensive benchmark to evaluate
multi-turn conversational abilitiesD1]. By analyzing human-LLM conversations, it categorizes
interaction patterns and constructs multi-turn queries to assess models' performance in maintaining
context and coherence over multiple turns. Collectively, these benchmarks highlight the importance
of developing evaluation methods that re ect the intricacies of multi-turn, multimodal interactions.
However, a common limitation among them is the primary focus on understanding capabilities, often
neglecting the generation aspect of multimodal interleaved information. This oversight presents chal-
lenges in providing per-turn and overall feedback judgments, which are crucial for the comprehensive
assessment and improvement of MLLMs.
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B Data Examples

We conduct an in-depth comparison of both open-source and API-based models, includindd3nus [
103 104 and Gemini [LO5 106, on multi-turn multimodal understanding and generation tasks (Case
Study). We further present representative examples of multi-turn QA and preference-annotated
instances iINNTERMT (Examples). Please refer tps://pku-intermt.github.io/ for more

details.

C Data Details

C.1 Existing Asset Licenses

The INTERMT dataset is released under t8€ BY-NC 4.0 License. Some seed questions used for
eliciting multi-turn communications are sourced from open-source datasets, as shown in Table 3,
all of which are also under theC BY-NC 4.0 License. Additionally, we have obtained data from
Wikihow and Ehow through legitimate means. The real images included in our dataset are sourced
from Google Images and Pinterest, all of which were acquired legally.

C.2 Data Access

Our homepage is available latps://pku-intermt.github.io/ . The dataset consists of three
parts hosted on Huggingface:

* INTERMT: A human preference dataset contains 15,604 unique seed questions across diverse
categories, 52.6k multi-turn interleaved vision-language QA instances, and 32,459 sets of multi-
dimensional human preference annotations. It is availatiéas://huggingface.co/datas
ets/PKU-Alignment/InterMT

< INTERMT-BENCH: A carefully constructed dataset for evaluating MLLMSs in assisting judgment
capabilities under multi-turn multimodal understanding and generation. It is availditipsit
/lgithub.com/cby-pku/InterMT

e INTERMT-JUDGE: Atool that leverageBNTERMT preference modeling for multi-turn multimodal
judge scenarios, achieving a consistency rate of 75%, outperforming most advanced API-based
models. It is available dittps://huggingface.co/PKU-Alignment/InterMT-Judge

C.3 Instituional Review Board (IRB)

The human annotations and data usage in this work have received approval from the Institutional
Review Board (IRB) of the Institute for Arti cial Intelligence at Peking University, and the relevant
materials are included in the supplementary les.

Fair and Ethical Labor We employed 30 full-time crowdsourced workers with substantial expe-
rience in multimodal annotation for leading commercial language models. To acknowledge their
contributions, we adopted a fair and transparent compensation scheme. The estimated average hourly
wage ranged from USD 8.56 to USD 10.23 (XE rate as of 2025/05/13), substantially exceeding
the local minimum wage of USD 3.66 in Beijing, PROJ[/]. In accordance with local labor laws,
workers followed a standard Monday-to-Friday schedule, working eight hours per day with weekends
off.

Fair Use of Dataset and Identifying Potential Negative Societal Impacts The INTERMT project

has undergone a thorough review and audit by the Academic Committee of the Institution for
Arti cial Intelligence at Peking University. An Institutional Review Board (IRB) has evaluated this
work to ensure that the use of theTERMT dataset adheres to principles of fairness and integrity.
During dataset construction, we conducted NSFW ltering to enhance internal safety; however, we
acknowledge that absolute safety cannot be guaranteed. Given that multimodal data may pose greater
societal risks than pure text data, we believe it is necessary to consider implementing safeguards for
sensitive content, such as adopting Hugging Face's gated dataset access settings. We are committed
to developing safe and bene cial Al technologies and strongly oppose any misuse that hinders human
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progress. We unequivocally condemn malicious use ofti&RMT dataset and advocate for its
responsible and ethical use.

C.4 Comparison with other datasets

As shown in Table 2, compared to existing multimodal datadetsgeRMT is the rst human
preference dataset designed for multi-turn multimodal interactions. Each multi-turn QA instance
includes interleaved textual and visual content in both inputs and outputs, with an average of 5.33
images per conversation, simulating complex real-world human-Al communication scenarios.

Table 2: Comparison betweéRTERMT with other image-text datasets. Inter-I: interleaved image-
text input; Inter-O: interleaved output; Multi-I: multi-turn for input; Multi-O: multi-turn for output.

Dataset | Data Scale Inter-l Inter-O Multi-l Multi-O #Num Categories  Preference
CoMM [41] 227k Yes Yes No No 5 No
OBELITICS [82] 141M Yes Yes No No 200 No
MMCA4 [79] 101.2M Yes Yes No No 30 No
Visual Dialogue [76] 120k Yes No Yes Yes 80 No
IGC [77] 4.2k Yes No Yes Yes N/A No
Image-Chat [78] 202k Yes No Yes Yes 215 No
MM-Dialogue [75] 1.08M Yes Yes Yes Yes 4184 No
RLHF-V [14] 5.7k Yes No No No - Yes
INTERMT (Ours) |  32.4k Yes Yes Yes Yes 15+ Yes

D Data Collection

In this section, we detail the data construction procedsioERMT, as illustrated in Figure 3. The
pipeline consists of four main stagedtage I: Seed questions are collected from open-source corpora,
web content, and human-authored sources. These are then Itered based on perceived quality, topical
diversity, and potential for multi-turn expansidatage II: We apply iterative prompting of MLLMs,
augmented with external tools.@, editing, retrieval, and generation), to produce answer elaborations
and follow-up questions, constructing candidate QA tr&age Ill: Human annotators perform both
per-turn (local) and conversation-level (global) assessments—evaluating dimensions such as quality,
coherence, context awareness, and completeness—to prune and select preferred I3tagehBS.

The selected branches are reorganized into deep, coherent QA trees (with dgptbrming the

nal multi-turn QA pairs used for model training.

D.1 Prompt Collection

INTERMT is built from 100k image-text QA instances sourced from three primary channels: approxi-
mately 72.1% are derived from open-source corpora—namely, publicly available datasets related to
vision-language task4 b, 30, 41] (Table 3 summarizes the open-corpus vision-language datasets
used in our pipeline, along with the input-output formats of their original annotations.) ; around
22.8% originate from legally scraped web conteng( multimodal platforms such as WikiHow and
Pinterest); and the remaining 5.1% are contributed by researcher-curated, human-written prompts.
These instances span a wide range of vision-language tasks, including activity generation, data
visualization, and table analysis.

Table 3: Collected datasets and their corresponding task types. We select various datasets to ensure
that theseed questianencompass diverse query styles and originate from a broad range of sources.

I/O Format TI2T TI2TI T2l
Datasets LLaVA-Instruct-150K [1] LLaVA-Instruct-150K [1] DiffusionDB [111]
ART500K [108] RLHF-V [14] MS COCO [112]
MovieNet [109] MM-RLHF [30] HPDv2 [113]
RLHF-V [14] Align-Anything-200K [15] Pick-a-Pic-v2 [71]
ShareGPT4V [110] CoMM [41] Align-Anything-200K [15]
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Table 4: Prototypical scenarios that commonly lead to multi-turn conversations in real-world multi-
modal contexts, grounded in theories of information retrieval and communication.

Task Type Concept

Unclear Cognition Based on Belkin's ASK model, users are in an "anomalous state of knowl-
edge" during retrievall[14]. They recognize knowledge gaps but cannot
clearly articulate their needs. Multi-turn dialogue assists in clarifying their
goals through guided interaction.

Repeated Attempts Due to  According to Borlund's interactive IR model, retrieval is a dynamic, iterative

Unsatisfactory Answers process115. Users may re-query after unsatisfactory results. Multi-turn
dialogue enables iterative feedback and re nement of information needs.

Complex Tasks Requiring Drawing from Ellis's behavioral model and Kuhlthau's ISP model, complex

Stepwise Progression tasks require phased progre$4 6 117). Multi-turn dialogue supports task
decomposition and information integration, helping users build knowledge
step by step.

Exploratory or Bates's Berrypicking model illustrates non-linear, evolving information be-

Companion-like havior [118. Users follow shifting interests rather than xed goals. Multi-

Interaction turn dialogue provides contextual guidance and emotional engagement in
open-ended exploration.

Cross-modal Multiturn This involves integrating language and visual modalities. User needs may be

Interaction embedded across modalities, requiring multi-turn dialogue to semantically

align and interpret multimodal information for accurate understanding and
task resolution.

Grounded in theoretical frameworks from linguistics, human-computer interaction, and cognitive
psychology B5, 36, 37, 38, 39|, we identify ve prototypical scenarios that commonly lead to
multi-turn conversations in real-world multimodal contexts: (1) incomplete or unclear user cognition;
(2) follow-up queries prompted by unsatisfactory initial responses; (3) complex tasks that require
incremental, stepwise reasoning; (4) open-ended or companion-like dialogic interactions; and (5)
cross-modal mismatches arising from latent inconsistencies between image and text modalities or the
need for integrated cross-modal reasoning. Table 4 presents formal de nitions of these sceanarios.

Guided by these scenarios, we lter, diversify, and rewrite the original image-text QA instances,
resulting in 15,604 uniqueeed questionsvhich serve as initial prompts for generating iterative,
multi-turn conversations. Figure 11 presents the system prompt used with GR8}4@¢valuate the
suitability and potential for multi-turn communication, as well as to assist in Itering and rewriting

the original data. Figure 10 illustrates the distributiorseéd questionacross more than 15 distinct
vision-language tasks. Table 5 provides de nitions and representative examples for each task category.

D.2 lterative Questioning and Response Generation

Iterative Questioning To simulate realistic multi-turn communications, the construction process
begins with carefully designested questiorthat possess the potential to trigger extended multimodal
conversations. In subsequent rounds, agents addptiatic questioningtrategy, generating context-
aware follow-up questions based on the prior conversation history. These follow-ups fall into ve
common categories frequently observed in real-world multimodal conversations: emotional responses
that convey empathy or affective engagement, inquiries that deepen or elaborate on prior content,
challenges that test logical consistency or factual accuracy, task decomposition for complex problem
solving, and natural terminations when the topic has been suf ciently explored. At each turn, a
pool of 10 candidate questions is generated by diverse agents, and a subkettypically 1-3)
high-quality and low-redundancy candidates is selected based on textual similarity ranking and
regular-expression-based lItering of malformed text. The resulting follow-up questions consistently
maintain contextual coherence, ensure conversation continuity, and often leverage visual modalities
when necessary to enhance clarity or speci city. Figure 12 presents the system and user prompt for
generating follow-up questions.

Response Generation In each turn, every follow-up questioM( per round) is addressed by
samplingl0+ candidate responses from diverse agent models. Each response is paired with multiple
visual candidates, forming a multimodal answer set. Outputs are expected to be complete, accurate,
concise, and helpful, with optional user-guided continuatieng, \Would you like a further expla-
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