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Abstract

In real-world scenarios, providing user queries with visually enhanced responses
can considerably benefit understanding and memory, underscoring the great value
of interleaved image-text generation. Despite recent progress, like the visual autore-
gressive model that unifies text and image processing in a single transformer archi-
tecture, generating high-quality interleaved content remains challenging. Moreover,
evaluations of these interleaved sequences largely remain underexplored, with
existing benchmarks often limited by unimodal metrics that inadequately assess
the intricacies of combined image-text outputs. To address these issues, we present
RAG-IGBench, a thorough benchmark designed specifically to evaluate the task
of Interleaved Generation based on Retrieval-Augmented Generation (RAG-IG)
in open-domain question answering. RAG-IG integrates multimodal large lan-
guage models (MLLMs) with retrieval mechanisms, enabling the models to access
external image-text information for generating coherent multimodal content. Dis-
tinct from previous datasets, RAG-IGBench draws on the latest publicly available
content from social platforms and introduces innovative evaluation metrics that
measure the quality of text and images, as well as their consistency. Through exten-
sive experiments with state-of-the-art MLLMs (both open-source and proprietary)
on RAG-IGBench, we provide an in-depth analysis examining the capabilities and
limitations of these models. Additionally, we validate our evaluation metrics by
demonstrating their high correlation with human assessments. Models fine-tuned on
RAG-IGBench’s training set exhibit improved performance across multiple bench-
marks, confirming both the quality and practical utility of our dataset. Our bench-
mark is available at https://github.com/USTC-StarTeam/RAG-IGBench.

1 Introduction

Multimodal content generation has gained prominence in modern information systems, particularly for
interleaved image-text generation in open-domain question answering. This emerging field addresses
the need for responses combining textual explanations with visual elements for more comprehensive
user interactions [[1} 10} [69]. The task aims to produce coherent sequences of interleaved text and
illustrative images aligned with arbitrary queries [38| 22,165, 162]], supporting applications ranging
from web content creation to visual storytelling [30]] and chain-of-thought explanations. Unlike
previous approaches [4} 75} 28, 120, 161 25] that generated single-modality responses, this integrated
approach better addresses complex real-world needs.
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Query: "What are the iconic landmarks in Zhengzhou?"
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Image-Text Interleaved Answer:

Here are Zhengzhou's representative buildings:

1.Zhongyuan Tower: Standing at 388 meters, it's the world's tallest self-

! supporting steel tower, offering panoramic views of Zhengzhou city.

2.CBD "Big Corn": Officially named Greenland Plaza, this 280-meter tall bu\ldlng is
the landmark of Zhengzhou's CBD in Zhengdong New District. It got its nickname
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(a) Data example where answer is with interleaved images and texts.

Figure 1: Data example and statistics of input.

Recent research [[1] has explored combining multimodal large language models (MLLMs) with
diffusion models for coherent image-text generation. However, this approach suffers from seman-
tic inconsistencies between modalities and reduced image quality due to independent generation
processes. While novel unified transformer architectures (66} 92} [70] attempt to handle image-text
comprehension and generation simultaneously, they show limitations in following complex instruc-
tions, restricting their practical utility. Additionally, these transformer-based approaches require
extensive datasets and computational resources, presenting further development challenges.

In addition, developing comprehensive benchmarks for interleaved image-text generation presents two
significant challenges [23]. First, despite the availability of extensive open-source image-text datasets
[9. 56, [O1]), their unlabeled nature and quality inconsistencies limit their applicability to benchmark
evaluation, relegating them primarily to model pre-training. Second, current evaluation methodologies
demonstrate considerable limitations [48], 83]. Conventional metrics such as Fréchet Inception
Distance (FID) assess only image quality while neglecting image-text integration. Although
recent MLLM-based evaluation approaches [48],[83] attempt to address this gap through specialized
instructions, they introduce inherent model biases, inconsistencies from stochastic variations, and
require task-specific manual adaptation of evaluation criteria.

To enhance image-text content generation for open-domain applications, we propose an innovative
approach based on Retrieval-Augmented Generation (RAG) [40]]. As illustrated in Figure[T[a), our
RAG-IG framework integrates MLLMs with retrieval mechanisms, enabling the processing of both
user queries and retrieved multimodal content. The system generates markdown-formatted text with
image placeholders, subsequently replaced with corresponding retrieved images to produce coherent
interleaved image-text responses. This methodology significantly improves information clarity and
presentation, yielding high-quality outputs that effectively integrate textual and visual elements while
maintaining semantic consistency.

To address the evaluation challenges in image-text interleaved generation tasks, we propose a
comprehensive benchmark framework that extends beyond current MLLM-based evaluation methods
[48.183]). Our evaluation framework systematically assesses generated content across three critical
dimensions: textual quality, image quality, and image-text coherence. For textual assessment, we
utilize ROUGE scores [46] to evaluate the accuracy and fluency of generated text. For image
evaluation, we propose modified metrics based on edit distance [53] and Kendall correlation [50]
to assess both image selection accuracy and sequential arrangement. The image-text coherence is
measured through two complementary metrics: CLIP-score [26] and a novel semantic alignment score
derived from embedding models. These metrics are then integrated to provide a holistic evaluation
score for the generated content.

To establish a reliable benchmark, we have developed a systematic data collection and validation
pipeline. The process begins with careful query selection and image-text content generation using



(1) Data Generation

Meticulous
Q1: What plants symbolize friendship? Instruction A1: There are various plants that
Q2: What colors do hedgehogs have? symbolize friendship, ...
#Magnolia
N r,\ The language of the magnolia flower is
. . . 0] 'lasting fi dship,’ ... I[M. lia](IMG#1
Query with visual requirement @ Q sj’ #TSLZ%aQSQFZr'HP ity !
I e GPT-40 Asparagus fern represents eternal
@& & friendship, ... ![Asparagus Fern](IMG#19)
[~
The language of the ivy is friendship,
o — | . loyalty, .. [IWyJIMG#22) ...
Documents & Images Markdown Answer
(2) Annotation and Evaluation \
Image-Text Interleaved Answer:
ﬂﬁ Metrics
Query: what plants symbolize ] I
Markdown Answer friendship? Automated
with Image Answer: There are various plants that Evaluation
Indices symbolize friendship... 5 RAG-
Replace #Magnolia
P The language of the magnolia flower is IGBench
‘lasting friendship," symbolizing the purity
I;l d f friendsh aj% :::
and preciousness of friendship... & Fi
ilter
N #Asparagus Fern Ground-
Retrieved Human
Images List Asparagus fern represents eternal ~ Annotation m Truth Data

friendship... I /

Figure 2: Overview of the pipeline of RAG-IG and the data construction of RAG-IGBench

our RAG-IG framework, followed by comprehensive human evaluation across multiple quality
dimensions. We validate RAG-IG’s effectiveness from both data and metric perspectives. First,
models fine-tuned on our benchmark dataset demonstrate improved performance across various
multimodal evaluation tasks, confirming the high quality of our data. Second, we validate our
evaluation metrics through a systematic study of 200 sampled queries, where we compare our
automated metrics against human assessments. The strong correlation between automated and
human evaluations, measured by both Pearson [57]] and Spearman [58]] coefficients, demonstrates
the robustness of our evaluation framework. These results establish our benchmark as a reliable
evaluation tool for interleaved image-text content.

Our main contributions can be summarized as follows: (1) We introduce an innovative method
for generating interleaved image-text content based on RAG. This approach provides multi-modal
answers to queries requiring images, effectively integrating text and visuals. (2) We establish a novel
benchmark for interleaved image-text generation with a systematically collected dataset and validate
the high quality of our collection. (3) We propose innovative automated metrics for evaluation and
demonstrate their reliability through correlation experiments between automated scores and human
assessment results. (4) We perform extensive experiments on our benchmark, evaluating a range of
mainstream state-of-the-art MLLMs, including both open-source and proprietary models. The results
provide valuable insights for future research in this field.

2 Related Work

Multimodal Large Language Models for Multimodal Generation. Recent advances in multimodal
large language models (MLLMs) have substantially improved the integration of text and image modal-
ities [47, 94, [18]]. These models have evolved through pipeline-based and end-to-end approaches.
Pipeline-based approaches combine diffusion models [54] for interleaved image-text generation
[37] or utilize text-to-image retrieval to obtain visual information [44, |52, |85], while end-to-end
approaches like Chameleon [66] and Show-o [84] employ unified transformer architectures for joint
image-text understanding and generation. Though these advances have enhanced models’ capabilities
in cross-modal understanding and generation, they face significant challenges in maintaining both
high-quality image generation and image-text semantic alignment. RAG-based Interleaved Generation
(RAG-IG) effectively addresses these limitations and requires fewer computational resources.

Benchmarks for Multimodal Large Language Models. Current evaluation benchmarks for multi-
modal large language models (MLLMs) face several critical limitations. While large-scale datasets
like MINT-1T [37] and Obelics [39] serve as valuable pre-training resources, their lack of annotations
and limited image-text coherence restricts their effectiveness for evaluation. Traditional benchmarks



[34], though effective for basic capability assessment, fall short in evaluating complex reasoning abil-
ities. Recent benchmarks [43} 88l 149, 186} 182, [77, 71} 16, 133]] have addressed sophisticated reasoning
evaluation, yet they primarily focus on isolated tasks, overlooking the critical aspect of interleaved
comprehension and generation. Although advancing efforts like [48]], [83]], and [93]] attempt to evalu-
ate interleaved content through model-based methods, these benchmarks are either limited by their
dataset scale or restricted by the limitations of their evaluation metrics. Our benchmark addresses
these limitations by providing a comprehensive evaluation framework for interleaved multimodal
comprehension and generation.

Evaluation Metrics For Multimodal Generation. Evaluating multimodal generation for open-
domain question answering presents significant challenges [, 159} [81]], which we have systematically
categorized into three key aspects. First, single-modality metrics (e.g., BLEU[S1], ROUGE[46] for
text and FID [27]], IS [55] for images) fail to capture the interdependence between different modalities.
Second, cross-modal alignment metrics like CLIPScore [26] and X-IQE [13]] evaluate image-text
correspondence but overlook the intrinsic quality of individual modalities. Third, recent model-based
approaches face significant limitations: GPT-based scoring [48| |89]] and fine-tuned models scoring
[83] introduce model-specific biases and suffer from evaluation instability [6, 78], and Interleaved
Area approach [93]] encounters considerable computational expense and limited scalability. Moreover,
these frameworks require extensive task-specific adaptations, leading to inconsistent evaluation
standards across different tasks and substantial manual effort in implementation.

3 RAG-IGBench

In this paper, we propose an approach for interleaved image-text generation based on Retrieval-
Augmented Generation (RAG) and establish a comprehensive benchmark for systematic evaluation.
The following sections first present the formal task definition for RAG-based interleaved generation,
followed by a detailed description of our RAG-IGBench, including data format, statistics, construction
methodology, and evaluation metrics.

3.1 Task Definition

The task of interleaved image-text generation

aims to produce responses that effectively com-  Taple 1: Dataset statistics. The token statistics are

bine textual and visual information for a given  ¢ajculated based on the tokenizer from Qwen2VL.
query. We adopt the RAG framework [40]] to

enhance the coherence and quality of the gener- ~_Statistic Number _Percentage
. . . p Total queries 6,057 -

ated content. As illustrated in Figure E], given a Questions with images 6.057 100%
query g, we begin by retrieving a set of relevant ~ Questions with answer label 6,057 100%
— : Avg./Max. Retrieved images 12.96/51 -

documepts D N {dl’ d2’ o ’dn} and their cor Avi./Max. Generated imagges 2.26/10 -
respondmg 1mages I= {Il, 127 DR In} where Avg./Max. Input tokens 7,914.22/39,959 -
n is the number of retrieved documents and I; ~_Avg/Max. Answer tokens 291.40/2,967 -

is the image set of the i-th document. Then, the

retrieved content, in conjunction with the query and our elaborate instruction, is utilized as input for
multi-modal large language models (MLLMs). Each image in the input is distinctly labeled with an
index number. The MLLM generates a response in markdown format, where images are represented
as ![image description](IMG#k), with k indicating the image index. We then replace these indices
with corresponding image URLs to produce the final multimodal response.

However, implementing the RAG-IG paradigm with multiple images poses significant challenges:
large image sets expand the input context window substantially, straining MLLM performance and
computational resources [63} 29]. Therefore, we retrieve a maximum of three documents per query.
Additionally, we exclude the queries that can be adequately addressed through text-only responses.

3.2 Dataset Format and Statistics

Each sample in our dataset is structured as a tuple (g, gt, D, I), where g represents the original
user query, gt denotes the ground-truth answer in markdown format incorporating both textual and
visual elements, D represents the retrieved contextual documents and I represents their corresponding
images. As shown in Table[I} RAG-IGBench consists of 6,057 curated samples where each query is
selected based on explicit visual requirements.



Table 2: Comparisons between Benchmark and existing open-sourced multi-modal evaluation bench-
marks.

Multi-Images Interleaved Interleaved Average

Dataset Name Input Input Generation Images Metric

MIRB [90] v X X 3.8 ACC
MEGA-Bench [11] v X X 2.0 45 metrics
Qbench2 [80] v X X 2.0 ACC

NLVR?2 [64] v X X 2.0 ACC

BLINK [24] v X X 1.9 ACC
MuirBench [73] v v X 4.3 ACC
SEED-Bench-2 [42] v v X 15 ACC

VL-ICL Bench [95] v v X 1.3 Acc & MLLM
MMMU [87] v v X 1.2 ACC
INTERLEAVEDBENCH[48] v v v 1.7 GPT-40 based
MMIE [83] v v v 8.5 Fine-tuned VLM based
RAG-IGBench (Ours) v v v 13.0 Multi-dimensional metrics

3.3 Dataset Construction

The process of constructing benchmark data comprises three key stages, each of which plays a crucial
role in ensuring the high quality of the final dataset.

In the first stage, we guide MLLMs (including GPT40[35]], Claude-3.5-Sonnet[3]], et al.) with
meticulously crafted instructions to generate the raw question-answer data. This stage takes a query,
retrieved documents, and relevant images as input into an MLLM, resulting in a Markdown-formatted
answer that includes image indices. To improve answer correctness and ensure consistency between
text and images, we took inspiration from the Chain of Thought (CoT) [79]] and the ICL approach
[21], which begins by instructing the model to analyze the input query, categorizing it into one of
four types: "what-is", "how-to", "yes-or-no", and "head-to-head". The main reason for categorizing
queries is that different types of queries have varying requirements for visual information. Please
refer to the appendix [B] and [F| for detailed information and the specific generation prompt.

In the second stage, we annotate first-stage results through a rigorous process that is both time-
consuming and labor-intensive. We first filter out cases lacking image indices in the answers.
Annotators then evaluate the remaining data based on text quality, image quality, image-text con-
sistency, and overall quality. To establish high-quality ground-truth answers, we conduct thorough
image selection refinement, manually adding, removing, or replacing images in answers according
to the candidate images. All annotators are multimodal assessment experts with high inter-rater
reliability scores [x > 0.85], ensuring precise ground-truth answers.

In the third stage, we filter the QA pairs based on the annotation results of the second stage. QA pairs
with low scores in any dimension are excluded from the dataset. Besides, we retain cases that have
been successfully improved through manual refinement. This systematic filtering process results in
our final benchmark dataset.

Through this three-stage process, we constructed our final RAG-IGBench . Answers are stored in
markdown format with image indices rather than direct URLs, allowing for systematic evaluation and
easy conversion to complete multimodal responses by mapping indices to their corresponding image
URLs. It should be noted that the data was systematically reviewed for privacy concerns and any
content containing potentially identifiable personal information was excluded.

3.4 Evaluation Metric

This section presents our evaluation metrics for multimodal responses. Following the annotation
criteria established in[3.3] we evaluate responses across three dimensions: text quality, image quality,
and image-text alignment. Unlike previous works that rely on MLLM-based scoring methods such
as INTERLEAVEDBENCH [48] and MMIE [83], we implement rule-based metrics leveraging
ground-truth references, which ensures unbiased and reproducible evaluation results. The following
subsections detail our specific metrics for each dimension.

Text Quality: In the field of natural language processing (NLP), there are a variety of effective metrics
to evaluate the quality of the generated text, including BLEU [51], ROUGE [46], and perplexity.
In RAG-IGBench , we focus on measuring the semantic alignment between the generated text
and the ground truth answers. We adopt the ROUGE-1 score as our evaluation metric due to its



effectiveness in capturing lexical overlap and semantic similarity between text passages. Although
we also evaluated the ROUGE-2 and ROUGE-L metrics, empirical testing showed that ROUGE-1
provides better discriminative power to distinguish the quality of generated responses.

Image Quality: Previous image quality assessment studies have relied on metrics like the Fréchet
Inception Distance (FID) [27] and the Inception Score (IS) [[7], which measure statistical similarity
between the generated and real distributions of characteristic features of the image. However, our
RAG-IG framework selects images rather than generates them, making these traditional metrics
inapplicable. Since both generated and ground-truth answers contain images selected from the same
candidate pool, our evaluation focuses on two aspects: the selection accuracy and the ordering
correctness of images. We formulate this as an ordered list comparison problem, employing Edit
Distance to measure selection accuracy and Kendall Score to evaluate ordering consistency.

Specifically, let Ijenerated = {imgi, imge, . .., imgy} and I, = {imgy,imgs, ... ,img, } where
Igeneratea and Ig; are lists composed of images from the generated answer and ground truth, respec-
tively, and m and n represent the lengths of two lists.

For the Edit Distance, we measure the similarity between the generated image sequence Iyepnerated
and Iy by calculating the minimum number of operations (insertion, deletion, and substitution)
required to transform one into the other. This computation can be efficiently implemented using
dynamic programming. To handle varying sequence lengths, we normalize the score as:

dp(m,n)

Edit Distance = 1 — €))]

max(m,n)

where dp is the dynamic programming matrix. This normalization ensures comparable scores across
sequences of different lengths, with higher values indicating greater similarity.

For the Kendall Score, inspired by the Kendall rank correlation coefficient [50], commonly known as
Kendall’s 7 coefficient, we calculate it by counting the proportion of concordant pairs between the two
lists relative to all correct pairs in Igepnerated- 10 elaborate, let Ieorrect = {img1,imga,...,img,} be
the intersection of two image lists, Jgenerateqd and Iy;, where o denotes the length of the intersection,
and the images in I.oprect follow the order in Iyeperqteq. Then define index(imgy, I, ) refer to
the index of the image ¢mg;, within Iy;. For each possible pair (img;, img;) in Icorrect, Where
i < j < o, determine if it is a concordant pair by checking if index(img;, I.) < index(img;, Iy;).
At last, we count the ratio of the number of concordant pairs to the total number of possible pairs
formed by elements in I ...t as the final Kendall Score. Therefore, we can derive the following
formula for the Kendall Score:

> I(index(img;, 1) <index(img;, Ig:))

1<i<j<o

Kendall Score = %0 (o—1) 2
o

mazx(m,n)’

This dual-metric enables a comprehensive evaluation that considers both the selection of appropriate
images and their proper arrangement in the response.

Image-Text Consistency: In our RAG-IGBench , we first employ CLIP Score [26]] to assess image-
text consistency by measuring cosine similarity in a shared vector space. However, it has notable
limitations: it struggles with complex semantics, inherits biases from the pre-training data, and
captures limited context for individual images. To overcome these limitations, we propose the
Alignment Score metric, which evaluates textual similarity between the context surrounding the
correct image in the generated answer and its corresponding context in the ground-truth answer. This
approach better captures the contextual relationship in interleaved multimodal content. It can be
formulated as follows:

Z?:l Sim (Clmgh s Gim_zn)

o

3

Alignment Score =

Here img; € Icorrect, Where Cipg, denotes the context of img; in generated answer and G,
represents the context of img; in ground-truth answer. This approach is predicated on the notion
that the same image should be embedded in similar contextual settings. We evaluate image-text



alignment by comparing both the selected images and their contextual usage with the ground-truth
answer. Strong alignment between the generated and ground-truth answers typically indicates proper
integration of images within their textual context.

The CLIP Score and Alignment Score provide complementary measures for evaluating image-text
consistency, with the former assessing direct semantic alignment and the latter measuring contextual
similarity between image usage patterns.

3.5 Comparison With Other Multi-modal Benchmarks

As illustrated in the table 2] RAG-IGBench distinguishes itself from existing multimodal benchmarks
in several significant ways: (1) Multi-modal Multi-Image Input: RAG-IGBench requires MLLMs
to process multiple images alongside text simultaneously, presenting a more complex challenge
than existing benchmarks that typically handle single-modality input or limited image counts; (2)
Open-Domain Interleaved Generation: Unlike INTERLEAVEDBENCH [48] and MMIE [83],
which focus on specific tasks like step-by-step instructions, our benchmark is designed for open-
domain queries requiring interleaved image-text responses, enabling comprehensive and visually
enriched answers across various domains; (3) Novel Comprehensive Evaluation Metrics: We
introduce multi-dimensional evaluation metrics specifically designed for interleaved generation tasks,
addressing three key dimensions: text quality, image quality, and image-text consistency (detailed in
[3:4). Our RAG-IGBench overcomes the limitations of existing metrics that either lack task specificity
or rely on MLLM-based evaluation, which can introduce potential bias and instability.

Table 3: Evaluation results of mainstream MLLMs on RAG-IGBench. Bold and underlined entries
represent the best performance in proprietary and open-source models, respectively.

Models Text Quality Image Quality Image-Text Consistency Mean?
Edit Kendall, Alignment CLIP
Rouge-17 DistanceT Score T Score T Score T
Proprietary MLLMs
GPT40 57.42 51.28 46.50 38.81 36.04 46.01
Claude3.5-sonnet 35.98 29.98 21.91 30.68 35.56 30.81
Gemini-1.5-pro 46.35 42.22 34.57 35.07 34.85 38.61
QwenVL-Max 49.24 44.66 38.02 34.55 38.28 40.95
Open-source MLLMs
Qwen2VL-7B 43.21 22.23 18.93 18.77 27.84 26.20
Qwen2VL-72B 49.49 36.66 31.40 26.49 32.69 35.34
Llava Onevision 72B 42.89 24.77 19.66 18.20 27.19 26.54
InternVL2.5 8B 41.98 24.53 19.20 21.94 28.53 27.24
InternVL2.5 78B 50.71 36.86 27.10 35.68 33.23 36.71
NVLM-D-72B 38.43 13.97 11.87 8.57 13.82 17.33
InternVL2-Llama3-76B 4391 25.18 18.15 25.38 27.66 28.08
Qwen2.5VL-7B 44.79 24.56 19.75 19.87 25.45 26.88
Qwen2.5VL-72B 43.18 40.38 30.12 35.26 40.03 37.79

4 Experiment

This section describes our experimental setup and presents the evaluation results of mainstream
MLLMs on our RAG-IGBench , followed by a detailed analysis of model behaviors.

4.1 Experiment Setup

Evaluation Models. In this study, we evaluated the mainstream state-of-the-art MLLMs on the RAG-
IGBench including four closed-source models (GPT-4o0 [35]], Claude 3.5-Sonet [3]], Gemini-1.5 [67],
QwenVL-Max [5]]) and six open-source models (Qwen2vl-7B/72B [76], Llava OneVision 72B [41],
InternVL2.5 8B/78B [14], NVLM-D-72B [17], InternVL2-Llama3-76B [15]], Qwen2.5VL 7B/72B
[68]). The RAG-IG framework requires models to process multimodal inputs and multiple images
simultaneously, which excludes certain models like LlaVA-1.6 [47] despite their strong image-text
understanding capabilities. Furthermore, the evaluated models must strictly follow instructions to
generate valid markdown results that can be transformed into image-text interleaved answers. Due to



Table 4: Correlation results with Human Evaluation of Image Quality, Image-Text Consistency and
Overall Assessment.

Metric \ Image Quality Image-Text Consistency  Overall Assessment
| Pearson Spearman Pearson Spearman Pearson Spearman

FID -0.223 -0.217 - - - -

IS -0.174 -0.139 - - - -

CLIP-Score - - -0.108 -0.094 - -

GPT4o based 0.097 0.112 0.151 0.104 0.017 0.028

RAG-IGBench | 0.256 0.244 0.172 0.145 0.143 0.152

these requirements, models with limited parameters and relatively weaker image-text understanding
capabilities were not included in our evaluation. All models employed greedy decoding for answer
generation, and all evaluations were conducted on a single machine equipped with 8 HS800 GPUs.

Implementation Details. We utilize CLIP-ViT-Large-Patch14 [26] from OpenAl for CLIP Score
calculation and Conan-embed-ding [45] for Alignment Score calculation. The choice of Conan-
embedding is based on its superior performance in text embedding tasks. Besides, all images were
constrained to a uniform width of 540 pixels for the main experiments. To facilitate a more systematic
comparison across different models, we normalized both metrics to a standardized scale.

4.2 Main Results

We present our primary evaluation results on RAG-IG in Table [3] with proprietary models in the
upper portion and open-source models in the lower portion. Our analysis reveals several key findings:
(1) In terms of overall performance, GPT4o0 leads among all models, followed by Gemini-1.5-pro.
Among open-source models, Qwen2.5VL-72B achieves the highest performance, closely followed
by InternVL2.5 78B. Claude-3.5-sonnet demonstrates relatively lower performance, primarily due
to incorrect images in its responses. (2) The performance gap between proprietary and open-source
models varies significantly across different metrics. The small gap in CLIP Score between proprietary
and open-source models suggests that current MLLMs have reached comparable proficiency in
image-to-text tasks. However, larger performance disparities appear in the image quality dimension,
which requires image-to-text matching capabilities. We attribute these significant differences to the
limited exploration of such image-to-text matching tasks in previous multimodal research.

Analysis of Table [3|reveals a substantial performance gap between Qwen2VL-7B and Qwen2VL-
72B. This disparity is not only in text quality but also in image quality and image-text alignment,
demonstrating the significance of scaling up MLLM architectures.

Additionally, among open-source
models, those beyond the Qwen-2VL
series and InternVL2.5 demonstrate
notably inferior performance. We

Table 5: Performance of Qwen2VL models benefits from fine-
tuning on RAG-IGBench training set, which demonstrates the
high quality of our dataset.

attribute the superior performance Benchmark Qwen2VL-7B  Qwen2VL-7B-sft  Variation
of Qwen2VL and InternVL2.5 0 “pic 1GRenchDev) 26,12 36.10 +9.98
their spemahzed 1mmage processing MMB [49] 81.62 82.04 +0.42
approaches: Qwen2-VL employs BLINK [24] 53.34 54.50 +1.16
mROPE for adaptive resolution han- BQAZEIUS'EZV%S@ ‘g?-gg gg-gg +?-£(9)

. . . -benc N . +0.
dling, wh}le InternYLZ.S implements NLVR? [64) 8401 20,56 345
a dynamic resolution strategy, pro-

Avg. 59.33 63.23 +3.90

cessing input images into tiles of
448 x 448 pixels. This represents
a promising direction for future MLLM advancement.

4.3 Analysis

In this subsection, we conduct a detailed analysis of the results, centering on four key research
questions related to RAG-IGBench:

RQ1. How is the consistency of our metrics with human evaluation?

RQ2. How is the data quality of RAG-IGBench?
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RQ3. What challenges encountered by MLLMs in RAG-IG?

RQ4. How does the amount and resolution of input images influence the performance of MLLMs?

The consistency of our metrics with human evaluation. We evaluated our RAG-IGBench metrics
through correlation studies with 200 randomly sampled cases. Our metrics assess image quality (Edit
Distance and Kendall Score), image-text consistency (Alignment Score and CLIP Score), and overall
assessment. We computed Pearson and Spearman correlations between these metrics and human
evaluations, comparing them with conventional metrics (FID, IS, et al.) and GPT40-based evaluation.
Table ] shows that our metrics outperformed conventional metrics and GPT4o-based evaluation in
terms of correlation with human evaluation.

The data quality of RAG-IGBench. To illustrate the high quality of our dataset, we conducted
a systematic evaluation by partitioning RAG-IGBench into training and test sets and subsequently
fine-tuning the Qwen2VL series model on the training set. The experimental results, as shown in the
table [} demonstrate not only significant performance improvements on the test set but also notable
gains across various existing multi-modal benchmarks. Particularly noteworthy is the enhanced
performance on benchmarks that require multi-image comprehension capabilities, such as BLINK
[24]. These comprehensive improvements across different evaluation metrics underscore the quality
of our dataset.

Challenges encountered by MLLMs in RAG-IG. RAG-IG poses substantial challenges to MLLMs,
particularly in their ability to comprehend and process interleaved image-text inputs containing
multiple images. Through systematic error analysis, we find that not all queries produce valid outputs,
and we have categorized these failure cases into three distinct categories: (1) Hallucination: Our
experiments reveal that models frequently hallucinate image index numbers, generating indices that
exceed the number of retrieved images (see Figure [6)). (2) Instruction following ability: Despite
explicit formatting instructions in prompt, models often generate syntactically incorrect Markdown
structures. (3) Length of context windows: The combination of multiple images and retrieved texts
results in extensive context lengths, thereby impacting model performance and memory efficiency.
Consequently, we have to exclude samples with excessive images and restrict the maximum number
of retrieved documents to three. Table [6] presents statistics on hallucination and format errors across
model variants. We focus on open-source MLLMs where these issues are prevalent, as proprietary
models show minimal errors.

Influence of the amount and resolution of input images. We conducted systematic ablation studies
on Qwen2VL-7B, varying the number and resolution of input images (Figure[3)). Our quantitative
observations indicate the following: (1) Model performance decreases with more input images, even
at low resolutions, indicating MLLMs’ inherent limitations in processing multiple images beyond
token-length constraints. (2) Higher image resolutions improve performance with 1-5 images but
degrade performance with more images, suggesting a critical trade-off between detail richness and
context length management.

4.4 Other Text Quality Metrics

We selected ROUGE as our primary text evaluation metric due to its widespread adoption and
computational efficiency. However, considering that stronger text evaluation metrics are available,



Table 7: Comparison of different text quality metrics.

Models ROUGE CIDEr CIDEr-D SPICE CLAIR
GPT-40 56.58 2.458 0.810 0.0998  88.461
Claude-3.5-sonnet 40.82 1.199 0.026 0.0584  87.940
Gemini-1.5-pro 45.59 1.827 0.364 0.0575  88.113
Qwen2VL-72B 50.92 2.339 0.549 0.0788  87.841
Qwen2VL-7B 44.70 1.990 0.307 0.0880  84.466

such as CLAIR [8]] and SPICE [2], we also report the performance of several mainstream models
under these metrics in Table [/| for comprehensive reference. Specifically, the CLAIR metric employs
GPT-40 as the evaluation model.

The CIDEr [72] and SPICE metrics necessitate multiple reference sentences (i.e., multiple ground
truths) to generate reliable evaluation outcomes. Given that RAG-IGBench provides only a single
reference sentence, the reliability of these metrics is inherently compromised. While CLAIR demon-
strates strong capability in differentiating text quality across various models, several considerations
must be addressed: GPT-40’s potential model bias, evaluation instability arising from API modifica-
tions, and the associated computational costs. In contrast, the ROUGE metric employs rule-based
text quality assessment without requiring additional large language models, thereby facilitating more
efficient and cost-effective evaluation.

In summary, while ROUGE metrics exhibit certain limitations in terms of evaluation reliability,
CLAIR metrics present notable concerns regarding potential model bias and substantial additional
computational overhead. Following a comprehensive assessment of these methodological trade-offs,
we employ ROUGE metrics as our primary evaluation framework for the experimental analysis.

5 Limitation

Our RAG-IGBench, while demonstrating promising capabilities in evaluating the interleaved content
generated by RAG-based methodologies, faces several important limitations that warrant discussion.
First, although using model-generated answers as ground truth could potentially introduce biases, we
have effectively mitigated this concern by employing diverse state-of-the-art models as generating
models complemented by expert manual refinements. Second, while the data originates exclusively
from the Xiaohongshu platform, this actually enhances content consistency while still providing
substantial diversity—our dataset encompasses queries across nine categories including culture,
health, education, etc., as demonstrated in the figure i} The inherent high-quality standards of
Xiaohongshu content, combined with our meticulous annotation process, ensure exceptional dataset
quality despite the single-platform source. Third, regarding the predominantly Chinese original
corpus, our utilization of SOTA LLMs like GPT-40 for translation ensures a high-fidelity English
version with minimal semantic discrepancies. Finally, although the benchmark has been carefully
curated to ensure high-quality question-answer pairs and feasible evaluation metrics, this comes at
the expense of scale, thereby limiting its utility for pre-training purposes.

6 Conclusion

In this paper, we introduced RAG-IGBench, a novel benchmark designed specifically for evaluating
interleaved image-text generation. Our benchmark advances the field through 4 key contributions: (1)
A novel RAG-based approach for interleaved image-text generation. (2) A systematic benchmark
with a meticulously curated dataset featuring diverse multimodal content. (3) Comprehensive
evaluation metrics that assess text quality, image quality, and image-text coherence. (4) Extensive
experimental analysis of both open-source and proprietary MLLMs. Our experimental results not
only validate the benchmark’s effectiveness but also reveal important insights into the capabilities
and limitations of current MLLMs in handling complex multimodal tasks. Future research directions
include expanding the benchmark’s scale while maintaining its high-quality standards and developing
enhanced evaluation methodologies for emerging multimodal generation tasks.
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A Data Resource and Statistics during the data construction process

Resource. All data in our benchmark are sourced from Xiaohongshu, a popular Chinese social
media platform. We have conducted a rigorous content check to ensure that all data does not involve
personal privacy, patents, or intellectual property issues. The personnel involved in manual annotation
are professional annotators who have undergone specialized training. Importantly, all annotators are
active users of the Xiaohongshu platform, making them highly familiar with the platform’s image-text
content and user preferences.

Statistics. We provide detailed data

S . Table 8: Data statistics during the data construction process.
statistics during the data construc-

tion process in .Tab1§ @ Sipce we Statistics Of Raw Cases Number Percentage
pre-filtered queries without visual re-
et ot g b - L e o b
man annotation exhibit visual needs, - 2670
and most model-generated answers Generated by Claude-3.5-sonnet 5550 29.78%
I : Generated by Gemini-1.5-pro 4032 21.63%
contain images. During the anno- oY P
tation process, we categorized text gﬁ:fvye:v;vvfmuzl Ssemands };;g? ggg;?
. . . . . . (%
quality, image quality, image-text 15 "0, qualitgy 11536  61.91%
consistency, and overall quality into High image quality 10400 5581%
'three level§: 0, 1,’and 2. Note th'at High image-text consistency 7277 39.05%
image quality and image-text consis- High overall quality 5334 28.67%
tency are scored individually for each Refined cases 723 3.88%
image. "High text quality" and "High Final dataser 057 251%

overall quality" refer to cases with a
score of 2, while "High image qual-
ity" and "High image-text consistency" indicate an average score above 1.5 per image. "Refined
cases" refers to instances where we rewrote cases that had only one low-scoring dimension while
all other dimensions scored high, thereby obtaining additional ground-truth data. Finally, regarding
the source distribution of ground truth, we employed three state-of-the-art closed-source MLLMs
(GPT-40, Claude-3.5-Sonnet, and Gemini-1.5-Pro) for raw data generation, thus mitigating bias
issues from relying on a single model and achieving more robust and fair evaluation.

Health
Finance
Education what-is
@ Entertainment m @ how-to
Fashion ® head-to-head
@ Family yes-or-no
Technology
Culture

Figure 4: The distribution of distinct types of queries in RAG-IGBench.

B Detailed Annotation Process

Section [3.3]has already provided an overview of the annotation process. The following section offers
supplementary details regarding the first phase: raw answer generation.

In the first stage, we guide MLLMs (including GPT40[35]], Claude-3.5-Sonnet[3], et al.) with
meticulously crafted instructions to generate the raw question-answer data. This stage takes a query,
retrieved documents, and relevant images as input into an MLLM, resulting in a Markdown-formatted
answer that includes image indices. To improve answer correctness and ensure consistency between
text and images, we took inspiration from the Chain of Thought (CoT) methodology [79], which
begins by instructing the model to analyze the input query, categorizing it into one of four types:
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* The "what-is" query requires a direct response, ideally supplemented with an image to
provide a clearer and more vivid understanding of the entity. For example, "What are the
iconic landmarks in Zhengzhou?".

» The "how-to" query calls for a detailed, step-by-step action plan, complete with illustrations
for each step to effectively guide the user through the process. For example, "How to tell if
a carnation is a cold storage flower?".

* The "yes-or-no" query requires a straightforward affirmative or negative answer, comple-
mented with images to enhance credibility while explaining the reason. For example, "Is
Gonjiam: Haunted Asylum worth watching?".

* The "head-to-head" query involves comparisons, and it is most effective to present these
with visual side-by-side images for immediate clarity. For example, "What is the difference
between Calla Lily and Taro?".

The main reason for categorizing queries is that different types of queries have varying requirements
for visual information. After query analysis, the model engages in thoughtful reasoning to plan the
logic and structure of the answer. Figure ] shows the distribution of four query categories. To further
facilitate model comprehension, we incorporate an example in the instructions, in a manner analogous
to the ICL approach [21]]. For specific prompt details, please refer to[F|

C Dataset and Code Release

Following NeurIPS Dataset and Benchmark Track guidelines, we publicly release the RAG-
IGBench dataset on HuggingFace at this link: https://huggingface.co/datasets/Muyil3/
RAG-IGBench. RAG-IGBench is available under the Creative Commons Attribution License (CC
BY 4.0).

We include example code and instructions for (1) inference using closed- and open-source models,
(2) automatic evaluation of generated answers, and (3) examining and analyzing the evaluated
results. Our evaluation and metric computation scripts, along with responses from all closed-
and open-source models, are accessible in the GitHub repository https://github.com/zry13/
RAG-IGBench under the Apache 2.0 license. We include the dataset card and README for the
resources

D Additional Experiment of Reasoning MLLLLMs

Generating content that seamlessly integrates textual and visual modalities poses significant chal-
lenges. Recently, research into the reasoning capabilities of MLLMs has intensified rapidly, making
it particularly meaningful to examine their potential to enhance performance in such tasks. Below,
we present additional experiments conducted on four different multimodal reasoning models. Specifi-
cally, VL-Rethinker-7B [[74] and Vision-R1-7B [31] are open-source models obtained by fine-tuning
QwenVL2.5-7B with GRPO and other techniques, whereas Claude3.7 (claude-3-7-sonnet-20250219)
and OpenAl ol (01-2024-12-17) are closed-source models. For better comparison, we also include
the results of QwenVL2.5-7b, GPT-40, and Claude3.5-sonnet from the main experiment, and the
reasoning MLLM:s are highlighted in bold in the table.

Table 9: Experiments of Reasoning MLLMs on RAG-IGBench. 1 indicates that higher values are
better.

Models Rouge-11 Edit Distance? Kendall Scoret Alignment Scoret CLIP Score? Meant
Qwen2.5VL-7B 44.79 24.56 19.75 19.87 25.45 26.88
VL-Rethinker-7B [74] 46.70 27.42 23.24 21.54 28.99 29.58
Vision-R1-7B [31] 41.11 11.54 9.26 9.00 12.28 16.64
Claude3.5-sonnet 35.98 29.98 21.91 30.68 35.56 30.81
Claude3.7-sonnet-thinking 38.19 36.02 25.34 4543 39.19 36.83
GPT4o 57.42 51.28 46.50 38.81 36.04 46.01
OpenAl ol 38.07 39.16 35.25 35.22 40.48 37.64

Both VL-Rethinker-7B and Vision-R1-7B are built upon the Qwen2.5VL-7B foundation model
and trained using GRPO. However, VL-Rethinker-7B achieves a 2.7% improvement in overall
performance, while Vision-R1-7B shows a 10.24% decline in comprehensive performance. We
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attribute this disparity primarily to their distinct training paradigms: Vision-R1-7B is predominantly
optimized for mathematical reasoning tasks, while VL-Rethinker-7B incorporates a broader spectrum
of real-world reasoning scenarios. This limited scope is the primary reason for Vision-R1-7B’s
inferior performance.

Regarding proprietary reasoning models, Claude-3.7-Sonnet-thinking with reasoning capabilities
significantly outperforms the standard Claude-3.5-Sonnet on RAG-IGBench, demonstrating that
enhanced reasoning abilities can improve performance on the RAG-IG task. Although the o1 model
performs considerably worse than GPT-40, we believe this is because 01’s multimodal understanding
capabilities are inherently weaker than those of GPT-4o.

E GRPO Experiment Results Based on Our Metrics

Recent developments in the DeepSeek-R1 [[19] series of work introduced Group Relative Policy
Optimization (GRPO), a novel training paradigm that employs rule-based reward functions to enhance
the reasoning capabilities of LLMs significantly. Subsequently, numerous studies [60, [12,|32] have
attempted to extend GRPO to MLLMs. However, most of these efforts have been limited to tasks with
easily verifiable answers, such as Math, OVD, and REC. The reason is that open-domain question
answering presents challenges for GRPO implementation due to the difficulty in efficiently evaluating
responses through rule-based approaches.

Our RAG-IGBench addresses this limitation through the innovative metrics we proposed, which
effectively solve the evaluation challenge. Leveraging these newly developed metrics, we have
designed novel reward functions capable of scoring generated multimodal responses, thereby enabling
GRPO experiments in open-domain multimodal contexts.

Table [I0] presents our preliminary experimental results. We conducted Supervised Fine-Tuning (SFT)
and Group Relative Policy Optimization (GRPO) experiments on both the 3B and 7B versions of
the Qwen2.5VL-Instruct model. We compared the different improvements brought by SFT and
GRPO, and further performed GRPO training on the SFT checkpoint to demonstrate the compatibility
between these two approaches. For SFT training, we set the initial learning rate to le-5 with a
warmup ratio of 0.05, and trained for a total of 3 epochs. For GRPO training, we set the generation
number to 8 and trained for 5,000 steps. We designed the reward model and training scripts based on
the VLM-R1 [60] codebase, and we acknowledge the open-source work of [60]. The training scripts
for this experiment have also been made publicly available.

Models Text Quality Image Quality Image-Text Consistency MeanT
Edit Kendall, Alignment CLIP
Rouge-17 DistanceT Score T Score T Score T

Qwen2.5VL-3B-Instruct 41.49 17.71 10.44 16.78 19.80 16.30
+ SFT 50.81 32.99 22.81 35.31 39.15 33.11
+ GRPO 42.01 31.66 24.23 30.52 41.20 31.63
+ SFT and GRPO 50.95 31.65 23.36 35.74 40.10 33.31

Qwen2.5VL-7B-Instruct 45.82 24.41 17.07 22.41 28.18 22.89
+ SFT 52.91 34.35 24.30 35.47 39.25 33.77
+ GRPO 45.43 31.19 25.22 3341 41.77 33.00
+ SFT and GRPO 52.35 34.63 24.69 35.38 38.95 33.81

Table 10: The experiment result of GRPO training based on our innovative metrics.

The experimental results demonstrate that GRPO training yields improvements in the dimensions of
image quality and image-text consistency, while showing minimal changes in text quality. Compared
to SFT, GRPO achieves greater enhancements in Kendall score and CLIP score, though the improve-
ment in edit distance is relatively modest. Furthermore, the results of the combined SFT+GRPO
training confirm the compatibility of these two training approaches. We believe this is because GRPO
enhances the model’s ability to understand multiple images, whereas SFT primarily improves the
model’s textual capabilities.

20



11

13

15

16

F Prompt Templates

Here, we present the prompt template used for generating interleaved image-text content. We employs
Jinja2 as a templating system, where during inference, the prompt is populated with specific queries
and relevant image-text content to form complete instructions.

You are an answer aggregation system that generates informative
answers based on the user’s query and relevant documents.

User queries can be categorized into the following types:

1) what-is: definition type queries, for which the answer should be
direct and include entity images when possible to make the
response more illustrative;

2) how-to: procedure type queries, for which the answer should outline

a process with steps preferably accompanied by corresponding
images;

3) yes-or-no: verification type queries, for which the answer should
be direct;

4) head-to-head: comparison type queries, for which the answer should
be presented in a table format.

Below you will receive a specific user query, relevant numbered
documents (e.g., DOC#1), and corresponding numbered images (e.g.,
IMG#1) . Please determine the query category, provide an ideal
answer , include appropriate reasoning, and insert suitable images
to enhance your answer when necessary.

Input and output should follow the JSON format below:

Input:
{
"query": "xxx", # User query, str
"documents and corresponding images": [ # Retrieved relevant
documents and corresponding images, List[dict]
{
"document": "DOC#1\nxxx", # Relevant numbered document
"images": [IMG#1, IMG#2, xxx] # Corresponding numbered
images 1list
})
{
"document": "DOC#2\nxxx",
"images": [IMG#3, IMG#4, xxx]
}
]
}
Output:
{
"reason": "xxx", # Rationale for determining query category,
approach for organizing the answer, and layout planning, str
"category": "xxx", # Query category, must be one of ["what-is", "
how-to", "yes-or-no", "head-to-head"], str
"answer": "xxx" # Ideal answer, str
}

The generated answer should meet the following requirements:

1. Use **markdown** syntax with appropriate formatting;

2. Properly cite documents as superscript references, e.g., xxx<sup
>[3] (DOC#3) </sup>xxx, where DOC#3 is the document number. Avoid
explicitly mentioning phrases like ’data source’ or ’according to
the document’. Each document should be cited only once;

3. Insert key images as core content, e.g., xxx![dummy] (IMG#1)xxx,
where IMG#1 represents the first image. Image placement should be
appropriate, selection should be relevant, placement should be
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4.

precise, multiple images should maintain consistent style, and
each image should be inserted only once;

Formatting should prioritize rationality, aesthetics, and
simplicity.

Here is a question-answering example:

{

}

"query": "difference between polo and Ralph Lauren"

Output: "The user query is asking about the difference between
Polo and Ralph Lauren, which falls into the image-text
category. By providing comparative logo images of the brands,
we can visually demonstrate their differences while
complementing with brief textual explanations to better
address the user’s question.",

"category": "image-text",

"answer": "The differences between Polo and Ralph Lauren are
mainly reflected in their brands and logo designs. Ralph
Lauren is an American luxury brand, and its men’s clothing
line is called Polo Ralph Lauren, with a logo featuring a
single rider on a single horse, holding a mallet in the right
hand and leaning toward the left of the image<sup>[1](DOC#1) </
sup>. Polo Sport is a domestic copycat brand, also with a
single rider on a single horse logo, but holding a mallet in
the left hand and leaning toward the right of the image<sup
>[2] (DOC#2) </sup>. Additionally, there’s U.S. POLO ASSN.,
whose logo features two riders on two horses, with one rider
positioned in front of the other<sup>[3](DOC#3)</sup>. The
image below shows the differences between these brand logos:
!'[logo comparison] (IMG#1)"

Here is the given input:

{

}

"query": {{queryl}},
"documents and corresponding images": [
{% for note in notes %}
{
"document": "{{note[’doc’]}}",
"images": {{note[’img’]}}
}
{% endfor %}

Following the question-answering example, and based on the provided

documents and image information, please provide your output.
Remember to appropriately cite documents in your answer , insert
relevant images in suitable positions when necessary, and ensure
your output follows the JSON format.

G Qualitative Example

G.1 Comparative generation results across different MLLMs

As illustrated in the figure[5] we show the outputs generated by distinct multimodal large language
models responding to identical queries under our instructions. While all models successfully produced
syntactically valid markdown-formatted responses, they exhibit notable variations in their presentation
of image-text integration and visual-textual alignment.
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Query: Sand painting compositions

Retrieved Images

Sand painting is an art form that uses fine sand to
create on a smooth surface, which can express rich
patterns and emotions. Here are some examples of sand
painting works:

1. **Nezha-themed sand painting**: This work shows the
image of Nezha. The fine sand outlines the details of the
character, full of childlike fun and artistic sense. |[Nezha
Sand Painting(IMG#1)

2. **Ancient Poetry Spring Dawn Sand Painting**: This
work is based on the Tang Dynasty poem "Spring Dawn",
depicting the birdsong and flowers in spring, showing a
poetic picture. [[Ancient Poetry Spring Dawn Sand
PaintingJ(IMG#2)

3. **Commercial District Sunset Sand Painting**: This
group of works expresses the prosperity and tranquility
of the city through sand painting. The af terglow of the
setting sun shines on the high-rise buildings, forming
warm light and shadow. [[Commercial District Sunset
Sand Painting](IMG#3)

Sand painting is an ancient art form that is
created by using fine sand on a sand tray.
Sand paintings can depict a variety of vivid
scenes, from natural scenery fo urban bustle,
which can be presented by the skillful hands
of sand painters. Here are some examples of
sand paintings:

I[Sand painting 1J(TMG#1)

I[Sand painting 2J(IMG#2)

I[Sand painting 3J(IMG#3)

I[Sand painting 4J(IMG#4)

I[Sand painting 5](IMG#5)

I[Sand painting 6J(IMG#6)

These works show the diversity and unique
charm of sand painting art.

Sand painting is a unique art form that
uses fine sand to create various patterns
and pictures on a sand tray. Sand paintings
can express a variety of themes and styles,
from cartoon characters to natural
landscapes to urban scenery, showing the
diversity and creativity of sand painting
art.

First, sand painting can be used to express
cartoon characters, such as the image of
Nezha in sand painting works, which is vivid
and interesting, full of childlike fun and
imagination. |[Nezha Sand Painting(IMG#1)
Second, sand painting can also be used to
express natural landscapes and the artistic
conception of ancient poems. For example,
the picture of the ancient poem "Spring
Dawn" in the sand painting works depicts
the birdsong and flowers of spring through
fine sand grains, showing the beauty and
poetry of nature. |[Ancient Poetry Spring
Dawn Sand Painting(IMG#2)

In addition, sand painting can also be used
to express urban scenery and modern life.
In a busy commercial district, sand
painters use sand to depict high-rise
buildings, pedestrians and sunsets, showing
the prosperity and tranquility of the

city. [[Urban Scenery Sand
Painting](IMG#3)

Sand painting art has attracted the
attention and love of many art lovers with
its unique expression techniques and rich
creative themes.

Figure 5: Comparison of results generated by different models

G.2 Failure examples

The figure [f] illustrates an example of model error, demonstrating instances where the generated
responses reference image indices that exceed the number of retrieved images. As analyzed in section
[£3] this represents a form of hallucination phenomenon. These findings highlight that addressing
hallucinations in multimodal large language models constitutes a critical research direction. The
observed inconsistencies between textual outputs and visual inputs underscore the challenges in
achieving reliable cross-modal reasoning, suggesting that developing robust mechanisms to mitigate
such hallucinations remains an important frontier in advancing multimodal Al systems.
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4 Retrieved Images

Query: What is a stilt house?

Docs: Stilt house, also known as
"diaolou," is a traditional type of dwelling
for ethnic groups such as the Miao,
Zhuang, Bouyei, Dong, Shui, and Tuijia.
These structures are especially prevalent
in southeastern Chongging, northern
Guangxi, western Hunan, western Hubei,
and southeastern Guizhou regions.
Typically built against mountains and
near rivers.......

Stilt houses are often built against mountains
and near rivers, resembling a sitting tiger. They
traditionally consider the ideal orientation to be
“left Azure Dragon, right White Tiger, front
Vermilion Bird, back Black Tortoise.” Later......
The following are images of stilt houses.

I[Stilt house](IMG#1) ![Stilt house](IMG#2)
I[Stilt house](IMG#3)

I[Stilt house](IMG#4)

I[Stilt house](IMG#5) The image index
I[Stilt house](IMG#6) *exceods the number of

retrieved images.

Figure 6: Examples of model failures.
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NeurlIPS Paper Checklist

1.

Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction clearly reflect the main contributions and scope
of this paper, elucidating a novel approach and an innovative evaluation framework proposed
in the field of multimodal generation.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: See appendix [A]

. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]

Justification: The paper does not include theoretical results.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: This paper provides open access to the source code and datasets, along with
detailed documentation of the experimental procedures

. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: See appendix [C|

. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: The paper outlines the key configurations and methodological settings imple-
mented in[4] More granular information is provided in the publicly released codebase.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: Though we were unable to conduct extensive repeated evaluations due to
computational resource limitations, we provide the data statistics as shown in the table

. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
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Answer: [Yes]

Justification: All codes, datasets, and models used in the paper have been properly cited
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Answer: [Yes]

Justification: The new assets introduced in this paper are accompanied by documenta-
tion, which is provided alongside the assets and includes detailed instructions for dataset
evaluation and usage.

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: [NA]
Justification: This paper does not involve crowdsourcing or research with human subjects.

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: [NA]
Justification: This paper does not involve crowdsourcing or research with human subjects.
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,
scientific rigorousness, or originality of the research, declaration is not required.
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Answer: [NA]

Justification: The development of the core methods in this research does not involve LLMs
as any important, original, or non-standard components.
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