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Abstract

In real-world multimodal applications, systems usually
need to comprehend arbitrarily combined and inter-
leaved multimodal inputs from users, while also generat-
ing outputs in any interleaved multimedia form. This ca-
pability defines the goal of any-to-any interleaved mul-
timodal learning under a unified paradigm of under-
standing and generation, posing new challenges and op-
portunities for advancing Multimodal Large Language
Models (MLLMs). To foster and benchmark this capa-
bility, this paper introduces the UNIM benchmark, the
first Unified Any-to-Any Interleaved Multimodal dataset.
UNIM contains 31K high-quality instances across 30
domains and 7 representative modalities: text, image,
audio, video, document, code, and 3D, each requir-
ing multiple intertwined reasoning and generation ca-
pabilities. We further introduce the UNIM EVALUA-
TION SUITE, which assesses models along three di-
mensions: Semantic Correctness & Generation Qual-
ity, Response Structure Integrity, and Interleaved Co-
herence. In addition, we propose UNIMA, an agentic
baseline model equipped with traceable reasoning for
structured interleaved generation. Comprehensive ex-
periments demonstrate the difficulty of UNIM and high-
light key challenges and directions for advancing unified
any-to-any multimodal intelligence. The project page is
https://any2any-mllm.github.io/unim.

1. Introduction

MLLMs have rapidly progressed from early architec-
tures centered on visual-language understanding to re-
cent unified frameworks that jointly support both under-
standing and generation within a single model [1, 10, 12,
17, 19, 37, 41, 43]. This integration has substantially
broadened the functional scope of MLLMs, enabling
more comprehensive multimodal reasoning and content
creation. Yet, studies indicate that simple unification
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remains inadequate for achieving true general-purpose
multimodal intelligence [11, 14, 24, 36]. A more prac-
tical and flexible paradigm, termed interleaved multi-
modal learning [2, 3, 15, 16, 20, 29-31], is needed,
where inputs and outputs consist of arbitrarily ordered
sequences of modalities (e.g., text and images). Such in-
terleaving better reflects real-world multimodal interac-
tions and is key to building systems that can seamlessly
perceive, reason, and respond across diverse modali-
ties. To advance this paradigm, several interleaved mul-
timodal benchmarks have been introduced, including
ITLVD-BENCH [22], MMIE [39], CoMM [7], ISG-
Bench [5], OpenING [46], which assess models on inter-
leaved text—image understanding and generation tasks.
However, these benchmarks still exhibit notable limita-
tions that constrain further development in the field.

The primary limitation lies in their narrow focus on
only two modalities, i.e., text and image, thus failing to
capture the full potential of multimodal learning. In con-
trast, the MLLM landscape has rapidly advanced, with
many recent models capable of understanding and gen-
erating across a broader spectrum of modalities. Rep-
resentative examples such as Unified-10 [23], NExT-
GPT [37], and AnyGPT [44], etc., illustrate this growing
paradigm of any-to-any multimodal learning. In prac-
tical applications such as Al assistants, programming
copilots, and engineering design systems, users typically
interact through complex interleaved multimodal inputs
and expect correspondingly diverse multimodal outputs.
As shown in Fig. 1, an Al assistant may process inter-
twined textual instructions, sketches, and images, and
respond with a combination of textual reasoning, anno-
tated visuals, or synthesized audio—visual content. Such
capabilities represent the next generation of MLLMs,
emphasizing a unified treatment of both modality and
functionality. However, current interleaved multimodal
benchmarks (e.g., MMIE [39]) fall short of capturing
this essential any-to-any interleaved multimodal learn-
ing paradigm within a unified framework.

Beyond the limitation in modality coverage and
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Figure 1. Illustration of the any-to-any interleaved multimodal paradigm with different real-world application scenarios. Solving
any-to-any interleaved multimodal learning requires complex and combined capabilities.

paradigm, existing interleaved multimodal benchmarks
suffer from several additional shortcomings. First, their
evaluation dimensions are neither sufficiently universal
nor diverse, in which each data instance typically targets
a single, isolated capability, failing to reflect the com-
posite and intertwined nature of real multimodal reason-
ing. In contrast, authentic any-to-any multimodal learn-
ing usually involves multiple competencies within a sin-
gle instance. For example as in Fig. I, the AI assis-
tant may simultaneously require comprehension of au-
dio, image, and video inputs, precise image localiza-
tion, and multimodal generation tasks such as producing
images or audio, all demanding temporal understand-
ing, spatial reasoning, and multi-step cognitive plan-
ning, etc. Thus, a genuinely unified any-to-any inter-
leaved paradigm should not only expand modality cov-
erage but also emphasize complex reasoning and multi-
stage generation. Second, current benchmarks mainly
concentrate on general-domain scenarios and overlook
the diversity of real-world contexts. To accurately model
practical applications and rigorously evaluate MLLMs
generalization, any-to-any multimodal learning should
encompass a broader range of domains and tasks.

To bridge all these gaps, we propose UNIM, the
first Unified Any-to-Any Interleaved Multimodal Bench-
mark. We curate data from real-world sources, such as
publicly open data, online social platforms, and large-
scale knowledge bases such as YouTube and Wikipedia.
After rigorous manual filtering, annotation, and qual-
ity verification, we construct a dataset of 31,026 high-
quality instances spanning 30 diverse domains. UNIM

covers 7 representative modalities, i.e., text, image, au-
dio, video, document, code, and 3D, with each instance
intentionally designed to involve multiple intertwined
tasks and reasoning skills. The benchmark faithfully
mirrors real-world any-to-any interleaved input—output
patterns within an open-form framework. To establish
a structured evaluation protocol, all instances are di-
vided into three difficulty levels ranging from basic to
advanced. Existing evaluation metrics (e.g., accuracy)
can be largely insufficient for assessing such flexible
any-to-any multimodal generation, i.e., often failing to
provide objective or consistent measurement. To remedy
this, we thus develop the UNIM EVALUATION SUITE,
which evaluates model performance along three comple-
mentary dimensions: (1) Semantic Correctness & Gen-
eration Quality, (2) Response Structure Integrity, and
(3) Interleaved Coherence. Together, these criteria pro-
vide a more comprehensive and accurate assessment of
a model’s capability to understand and generate within a
unified any-to-any interleaved paradigm.

Benchmarking any-to-any interleaved multimodal
learning requires models capable of reasoning over com-
plex multimodal contexts and performing structured,
goal-oriented generation rather than simple content syn-
thesis. To this end, we introduce UNIMA, a Unified
Any-to-Any Interleaved Multimodal Agentic model that
serves as the baseline system for UNIM. Built upon an
agentic framework, UNIMA integrates specialized mul-
timodal encoders and decoders to enable coherent com-
prehension and generation across heterogeneous modal-
ities. At its core, it devises a Traceable Evidence Rea-
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Table 1. Comparison with existing interleaved multimodal benchmarks. Inter. Comb.: Interleaved combinations of modalities.
Cap. per Instance: Capability per instance. Difficulty Tax.: Difficulty taxonomy.

Benchmarks Domains Num. Inter. Comb. Cap. per Instance Eval. Metric Difficulty Tax. Any-to to-Any Modalities
ITLVD-BENCH [22] 10 815 2 Single 5 -
OpenING [46] 8 5,400 4 Single 7 -
ISG-Bench [5] 8 1,150 3 Single 4 -

CoMM [7] 3 / 4 Single 3 -

MMIE [39] 10 20,103 3 Single 7 -

UNIM (Ours) 30 31,026 41 Multiple 13 a @D T L

soning Module that plans, validates, and refines inter-
mediate reasoning steps before producing the final inter-
leaved outputs, thereby improving response, generation
quality, and overall interleaved coherence.

Extensive experiments show that current any-to-any
MLLMs still struggle considerably on UNIM, highlight-
ing the intrinsic difficulty and challenge of this setting.
In-depth analyses further reveal the specific weaknesses
of existing models and offer actionable insights for ad-
vancing unified interleaved multimodal learning. Mean-
while, UNIMA establishes a strong and interpretable
baseline, achieving consistent improvements over prior
methods. Overall, this work presents the first compre-
hensive benchmark for unified any-to-any interleaved
multimodal learning, offering a large-scale, high-quality
dataset, a principled evaluation suite, and a robust base-
line to catalyze future research in this emerging frontier.

2. Related Work

Multimodal learning has witnessed rapid advances with
the emergence of MLLMs that can integrate text and
image modalities for tasks such as captioning and vi-
sual question answering [18, 21, 26, 28, 38, 42]. Re-
cent developments [4, 6, 8, 9, 32, 40, 41] have ex-
tended these models toward interleaved comprehension
and generation, where text and images appear in alter-
nating sequences rather than isolated pairs. Such inter-
leaved modeling is increasingly regarded as a critical ca-
pability for next-generation multimodal systems, since
it better reflects the natural patterns of human commu-
nication. However, existing studies predominantly con-
centrate on the image-text scenario, and thus fall short
of addressing the broader requirement of any-fo-any in-
terleaving that involves modalities beyond vision and
language, such as audio, video, documents, code, and
3D. This paradigm represents a more realistic setting,
supported by a growing number of advanced MLLMs,
such as NExT-GPT [37], AnyGPT [44], MIO [34], Spi-
der [13], Codi-2 [27] and ModaVerse [33].

Meanwhile, a variety of datasets and benchmarks
have been proposed to support research in interleaved
multimodal learning.  Relevant resources, such as
MMIE [39] and CoMM [7], provide structured bench-
marks for interleaved multimodal comprehension and
generation. Although these benchmarks represent an
important step forward, they remain restricted to image-

text scope and fail to support the evaluation of arbi-
trary modality combinations. Moreover, these bench-
marks only simulate relatively simple language—vision
interleaving scenarios, whereas realistic any-to-any in-
teractions are far more complex, especially when in-
volving multiple heterogeneous modalities. This leaves
clear gaps for a unified, high-quality benchmark that can
systematically assess any-to-any interleaved multimodal
comprehension and generation, which motivates the de-
velopment of UNIM. Table | illustrates the comparison
between UNIM and existing interleaved benchmarks.

3. UNIM: Unified Any-to-Any Interleaved
Multimodal Benchmark

UNIM takes an open-formed QA format, where input or
output is a sequence of interleaved information pieces
of any combined modalities, with non-textual pieces
represented by placeholder tags (e.g., ‘<imagel>’,
‘<video2>"). Also, the sequences may encompass mul-
tiple modalities, and each modality contains multiple
items (e.g., multiple images). Fig. 1 exemplifies the
paradigm. Appendix §B gives a formal task definition.

3.1. Data Construction

Process Pipeline. We first collect a wide range of mul-
timodal data mainly from three sources: curated sam-
ples from public datasets, real-world multimedia content
from social media (vlogs, posts), and open resources (fo-
rums, websites). Then, we manually design interleaved
combinations tailored to different modalities, providing
templates for the later construction. During the con-
struction of QA pairs, we design task types and template
instances to ensure task diversity and semantic validity.
Based on these, GPT-5-mini [25] is employed to gen-
erate additional candidate instances for data expansion,
s0 as to simulate more any-to-any multimodal scenarios
that are hard to directly retrieve from the Internet.

Quality Control. We adopt a two-phase quality control
process. All QA pairs are manually reviewed and re-
vised as needed to ensure that the modality placeholder
tags comply with task specifications and that the con-
tent remains logically consistent. Then, an independent
checking process is conducted, where reviewers care-
fully examine each completed sample to further ensure
the reliability and high quality of our dataset. Details re-
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Table 2. General statistics of UNIM dataset.

Modality
Image Audio Video Document Code 3D
Num. 22,936 24,963 2,336 3,858 807 420
TMB9%)  (805%)  (1.5%) (12.4%) (2.6%) (1.4%)
Field Difficulty
NS SS GA Easy Medium Hard
Num 10,624 11,574 8,828 10,678 14,088 6,260

(34.2%) (37.3%) (28.5%) (34.4%) (45.4%) (20.2%)
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Figure 2. Distribution of different difficulty levels.

garding dataset construction and quality control are pro-
vided in Appendix §C.1 and Appendix §C.2.

Data Statistics. The resulting UNIM data contains a to-
tal of 31,026 instances, covering 30 real-world domains
across natural science, social science and general area.
Table 2 presents statistics of UNIM. We further define a
rule-based progressive difficulty taxonomy, which cate-
gorizes instances into three levels: Easy, Medium, and
Hard. The distribution of difficulty levels across dif-
ferent fields is shown in Fig. 2. Details regarding the
classification criteria and grading process are provided
in Appendix §C.3.

3.2. Data Core Characteristics

UNIM features the following key aspects: Any-to-Any
Interleaved Modalities. UNIM covers 7 modalities,
supports any-to-any interleaved combinations, faithfully
simulating real-world scenarios.

Universal and Diverse Capabilities. UNIM evaluates
the comprehensive and diverse capabilities of MLLMs.
Appendix §C.4 details definitions of each capability.
Multi-domain Coverage. UNIM encompasses 30 real-
world domains across different fields.

Multiple Tasks per Instance. Each instance in UNIM
encompasses multiple task objectives ranging from un-
derstanding to generation. Detailed descriptions and
definitions of tasks can be found in Appendix §C.5.
Progressive Difficulty. Instances in UNIM are graded
into 3-scale difficulty levels, providing comprehensive
evaluation support for both simple and complex inter-
leaved scenarios.

Large Scale and High Quality. UNIM contains 31,026
instances, constructed through a rigorous pipeline for
high semantic validity and logical coherence.
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Figure 3. Illustration of the UNIM evaluation suite. U refers
to the calculation process of the StS and LeS (§4.2). \© repre-
sents the calculation process of the ICS in Eq. (2). - refers to
the calculation process of the SQCS; please refer to Eq. (1).

4. Evaluation Suite for UNIM

Traditional metrics (e.g., accuracy) focus on single-
modality or closed-form matching, which limits their
applicability in complex any-to-any interleaved scenar-
ios. We thus rethink evaluation methods and design
a systematic evaluation suite for UNIM, with three di-
mensions: Semantic Correctness & Generation Quality,
Response Structure Integrity and Interleaved Coherence
(cf., Fig. 3). All these metrics and algorithms details are
further provided in Appendix §D.

4.1. Semantic Correctness & Generation Quality

Semantic Correctness (SC) measures how well the
generated output semantically aligns with the reference
answer. To ensure fair evaluation across modalities with
varying instruction-following capabilities, we convert
all modality outputs into comparable caption-like textual
representations and employ the LLM-as-a-Judge [45]
strategy for measurement. Generation Quality (GQ)
evaluates the perceptual quality and structural coherence
of generated content. Accordingly, we design modality-
specific no-reference quality assessment methods to en-
sure unified and comparable quality metrics across mul-
timodal scenarios. Then, we compose both SC and GQ
into Semantic—Quality Coupled Score (SQCS) to re-
flect the overall performance:

SQCS =SC- (PP + (1 -7°%%).6Q) . (1)

4.2. Response Structure Integrity

We devise Response Structure Integrity to evaluate
whether a model adheres to task-defined structural re-
quirements regarding modality types and item quanti-
ties, regardless of semantic or logical correctness. Tech-
nically, we break it down into two branches:

Strict Structure Score (StS) evaluates the strict struc-
tural consistency of a model’s output. StS requires
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that the types and quantities of modalities generated in
model’s response precisely correspond to those in the
ground truth. Any missing or redundant modalities,
or discrepancies in the number of modality placeholder
tags, are explicitly penalized.

Lenient Structure Score (LeS) evaluates the degree of
coverage at the modality level. LeS assesses whether
the types of modalities generated in model’s response
are consistent with those in the ground truth.

4.3. Interleaved Coherence

Interleaved Coherence is designed to evaluate a
model’s ability to maintain logical connectivity and
expressive coordination during multimodal integration,
measured by Holistic Coherence (HC), which focuses
on cross-modal semantic and structural consistency, and
Stylistic Harmony (SH), which evaluates consistency
in writing style, tone, and visual aesthetics. We adopt the
LLM-as-a-Judge [45] to quantify HC and SH, and ulti-
mately use a composite metric over them: Interleaved
Coherence Score (ICS):

ICS = 7' . HC + (1 — *5) - SH. )

4.4. Supporting Rate

There might be the common case in UNIM, where an
MLLM may not support certain modalities and thus fail
on a portion of samples (resulting in overall low met-
rics), yet it still can achieve top performance on those
samples it supports well. To objectively assess a model’s
performance, we further introduce the Supporting Rate
(1) as a conditional modifier on top of the above three
evaluation dimensions, i.e., by distinguishing the model
performance between two conditions: X% and A",
X% represents the model’s original capability (i.e., ab-
solute), while X" considers the model’s supporting
rate on the entire UNIM:

Xrel =T. Xabs ) (3)

5. UNIMA: An Agentic Model for UNIM

Overview. We build UNIMA to bridge the gap in
existing MLLMs that lack strong enough any-to-any
multimodal transformation across interleaved modali-
ties. Technically, the overall agentic pipeline operates
through three coordinated modules (cf. Fig. 4). The Re-
ceiving Module converts non-text modalities into fask-
conditioned dense caption (TCDC), forming a unified
text space for subsequent reasoning. The Traceable Ev-
idence Reasoning (TER) Module performs structured
reasoning by generating, verifying, and refining trace-
able evidence to construct a logically consistent and ver-
ifiable final report that guides subsequent generation. Fi-
nally, the Generating Module, driven by the verified
final report, produces interleaved multimodal outputs,
completing a loop from understanding to generation.
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Figure 4. Overview of the UNIMA architecture.
5.1. Traceable Evidence Reasoning Module

TER serves as the core inference module of UNIMA,
responsible for transforming multimodal inputs passed
from the front-end into a structured and verifiable fi-
nal report. Instead of relying on an implicit Chain-
of-Thought [35], TER establishes an explicit evidence-
grounded and traceable reasoning chain, enabling each
inference step to be justified, verifiable, and revisable
within the overall reasoning process. As illustrated in
Fig. 4, there are four key steps in the Structured Evi-
dence Reasoning Chain (SERC) within TER.

e Step 1: TER leverages the Receiving Module to pro-
duce TCDC and a paraphrased question from multi-
modal inputs, primarily enhancing the SC of the content.

o Step 2: TER determines whether the task involves data
analysis; if so, the code interpreter is invoked to generate
a data report, improving SC through factual grounding.

e Step 3: The extracted information is organized into
modalities content, text content, and a tool list: modal-
ities content mainly improves SQCS, text content en-
hances ICS, and the tool list increases StS/LeS.

e Step 4: TER integrates all evidence to produce a draft
of the final report, enhancing all evaluation dimensions
to support reliable multimodal generation.

Notably, in TER, the Checker detects factual and
logical errors in the report, while the Judger back-
tracks for corrective reasoning. Through iterative gener-
ation—checking—backtracking—regeneration cycles, TER
achieves traceable and reliable multimodal reasoning.
More details of UNIMA are provided in Appendix §E.
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6. Experiments

We select AnyGPT [44], NExT-GPT [37], and
MIO [34] as the representative any-to-any MLLMs.'

In our experiments, 73S = 0.7, n'S = 0.8, which
help to achieve the best alignment with human evalua-
tions. More settings are detailed in Appendix §F.1.

6.1. Rationality of Evaluation Suite

Before we analyze the model performance, here, we
study the rationality of our proposed evaluation suite.

» SQCS and ICS. We assess the rationality of SQCS
and ICS through Pearson correlation analysis between
automatic and human evaluations. As shown in Fig. 5,
both metrics exhibit a remarkably high degree of lin-
ear correlation with human evaluation results, with the
Pearson correlation coefficient reaching r» = 0.974 for
SQCS and r» = 0.960 for ICS. These results confirm
that the proposed automatic metrics can accurately re-
flect the performance assessed by human evaluation.

» StS and LeS. We introduce two types of controlled
perturbations: one varying the modality types and the
other varying the number of modality placeholder tags.
The perturbation set is constructed based on the ground
truth. As shown in Fig. 6, StS decreases when modality
types or placeholder tags are added or removed, whereas
LeS decreases only when modality types are removed.
These results confirm that both types of perturbations
induce the anticipated score deviations, validating the
soundness and discriminative effectiveness of the pro-
posed metrics.

Detailed procedures and experimental settings of ra-
tionality experiments are provided in Appendix§ F.3.

'We experiment with more MLLMs, where results and analyses
are shown in Appendix §F.4.

6.2. Main Results and Observations

» Baseline models exhibit poor performance in
terms of absolute metrics on UNIM. First, according
to the results in Table 4, baseline models achieve low
SQCS (mostly below 20%), indicating substantial se-
mantic deviations between their responses and ground
truth. Then, NExT-GPT and MIO perform quite poorly
on StS and LeS (mostly below 5%, cf. Table 3), repre-
senting severe limitations of the baselines in matching
the required modality coverage and quantity. In addi-
tion, baselines perform slightly better on ICS than on
the other metrics, but their overall performance remains
low (mostly below 50%; cf. Table 5).

» Notably lower relative scores owing to baselines’
limited support for diverse interleaved input modali-
ties. All baseline models suffer notably reduced relative
scores. As shown in Table 3, the most significant de-
cline appears in AnyGPT in general area, where StS®*
drops to 12.5%, StS™ to 9.8%, LeS*** to 16.4%, and
LeS™ to 13.6%. In Table 4, the largest degradation is
observed for MIO in natural science, with SQCS‘“’S de-
creasing to 15.9% and SQCS"® to 10.0%. Similarly,
in Table 5, the most substantial drop occurs for MIO in
natural science, where ICS?s reaches 52.1% and ICS™¢
31.8%. Their restricted support for diverse interleaved
input modalities (cf. 7 column of Table 4) further indi-
cates that these MLLMs exhibit overall inferior relative
performance across tasks.

» Model performance varies significantly across dif-
ferent fields and domains. For SQCS, models per-
form best in social science (SQCS®*: 13.3%-72.7%
& SQCS™: 10.8%-72.7%, cf. Table 4), likely due to
the prevalence of common concepts and descriptive rea-
soning patterns in pretraining data. In contrast, natural
science tasks require precise terminology and structured
logic rarely seen during training, leading to weaker se-
mantic alignment. For ICS, the general area performs
best (ICS?s: 28.1%-69.8%, ICS™*!: 20.0%-69.8%, cf.
Table 5), as open-domain data better aligns with the
model’s training style for smoother coherence and tone.
Meanwhile, the higher modality and stylistic complex-
ity of natural and social science tasks make consistent
expression harder, lowering ICS performance.

» UNIMA shows clearly superior performance on
UNIM, serving as a reasonable baseline. UNIM A sur-
passes the baselines by a large margin, with StS/LeS
2-6x higher than AnyGPT and 15-40x higher than
NEXT-GPT and MIO (cf. Table 3). UNIMA achieves
an SQCS of around 60% and an ICS approaching 70%,
both exceeding those of the best-performing baseline
model (cf. Table 4 and Table 5).

Overall, existing any-to-any MLLMs still face sig-
nificant challenges under unified any-to-any interleaved
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Table 3. Assessment results on Response Structure Integrity.

Natural Science

Social Science General Area

Model

StSe%°  LeSa%*  StS7¢!  LeS™e!  StSeb*  LeS%®*  StSTe! LeST¢!  StSe%°  LeSe%c  StS§Te!  LeSTe!
AnyGPT [44] 12.9 27.8 12.2 214 14.9 16.6 14.5 16.2 12.5 16.4 9.8 13.6
NEXT-GPT [37] 2.0 2.2 1.2 1.3 1.3 1.7 1.2 1.5 2.2 2.5 14 1.7
MIO [34] 1.3 1.9 0.9 1.3 4.1 52 4.0 5.1 33 3.8 24 29
UNIMA 50.8 62.2 50.8 62.2 58.1 72.9 58.1 72.9 71.3 84.3 71.3 84.3

Table 4. Performance on Semantic Correctness & Generation
Quality and Supporting Rate (7).

Field Models SC  GQ SQCSs*b® T SQCs™e!
T8 AnyGPT[44] 137 379 1L11 9204 @ 1071
2 8 NExT-GPT[37] 84 234 62 | 620 ™ 29 |
Z & MIO [34] 197 291 1590 592 1001
UNIMA 598 797 573 M 100 @® 573 M
=8 AnyGPT[44] 180 238 1550 947 @ 1471
8.8 NExT-GPT[37] 168 31.9 1331 89.0 @ 1081
2 & MIO [34] 252 328 214MW 808 @ 1610
UNIMA 762 810 727 WA 100 @ 727 W
E - AnyGPT[44] 190 30.1 179N 903 @ 1721
j:; é‘i NEXT-GPT [37] 54 300 44 | 760 @ 34 |
O MIO [34] 248 375 212W 717 @ 1521
UNIMA 647 836 622 100® 622

Table 5. Evaluation results on Interleaved Coherence.

Field Models HC SH ICS**®  ICS™¢
AnyGPT [44] 39.9 463 41.8 38.5
Natral ~NExT-GPT [37] 235  26.1 24.9 16.3
Science  MIO [34] 494 637 52.1 31.8
UNIMA 684 719 69.1 69.1
AnyGPT [44] 313 353 32.1 29.2
Social  NExT-GPT [37] 245 27.1 21.4 19.0
Science  MIO [34] 463 55.0 51.6 42.0
UNIMA 731 765 73.8 73.8
AnyGPT [44] 365 419 43.6 31.3
General NEXT-GPT [37] 279 31.1 28.1 20.0
Area MIO [34] 683 717 60.0 45.7
UNIMA 687 743 69.8 69.8

paradigm. UNIMA achieves acceptable performance on
UNIM, yet there is still room for further enhancement.

7. In-depth Analysis and Discussion

7.1. Performance across Various Capabilities

By evaluating all metrics across different capability di-
mensions, we identify the following trends.

RQ-1: How do MLLMs perform across diverse capa-
bility dimensions? As shown in Fig. 7, UNIMA con-
sistently achieves the highest and most balanced per-
formance across all 10 capability dimensions, while
AnyGPT, MIO, and NExT-GPT show uneven capabil-
ity distribution with sharp declines in tasks requiring
complex multimodal interactions such as content edit-
ing. This indicates that UNIMA attains more stable
multimodal fusion and structural control, whereas the
baseline models remain fragmented across capabilities,
failing to sustain performance once tasks demand higher
levels of cross-modal coordination.

AnyGPT MIO NEXT-GPT UniMA

c4 c3 c4 C3

S%CS

C8 9 Cc8 c9
Figure 7. Results across 10 capabilities on UNIM. C1: Percep-
tual Understanding, C2: Spatial Understanding, C3: Temporal
Understanding, C4: Semantic Generation, C5: Content Edit-
ing, C6: Creative Expression, C7: Reasoning Capability, C8:
Emotional Analysis, C9: Structural Analysis, and C10: Plan-
ning Capability. Refer to Appendix §C.4 for details.

RQ-2: What trends emerge in metric behavior across
different capability types? Across all models, SQCS
and ICS remain relatively stable in perception, spatial,
and reasoning capabilities, while StS and LeS vary sig-
nificantly across capabilities. Structurally demanding
tasks such as temporal understanding, content editing,
and multimodal planning show the lowest scores, with
MIO and NEXT-GPT both below 10%. These results in-
dicate that current MLLMSs can maintain semantic align-
ment when input semantics are concrete but struggle to
preserve modal precision and temporal synchronization
in tasks with compositional or sequential dependencies,
leading to failures in maintaining structural integrity, se-
mantic correctness, and coherence during generation.

7.2. Analysis across Varying Levels of Difficulty
We analyze evaluated MLLMs performance across in-
stances of varying difficulty and find the following.

RQ-1: Do MLLMs exhibit performance variation con-
sistent with task difficulty? Only UNIMA shows a
clear performance gradient aligned with increasing dif-
ficulty, whereas AnyGPT, NExT-GPT, and MIO consis-
tently fail, even at the easiest level (cf. Fig. 9). No-
tably, while UNIMA’s StS and LeS decline as difficulty
increases, while its SQCS and ICS remain stable, sug-
gesting robustness in semantic reasoning but limitations
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P> User Query: Watch the instructional video in <video >, please provide a text-image tutorial about how to draw

a blue morpho butterfly using watercolor techniques.

«.-itlu,,/~~»‘ i L &%MQ(/&Q{]

P NEXT-GPT Response: Certainly! I‘ll be happy to help you with that. In this audio, I'll guide you through the process ~ P>MIO Response: A person first sketches the Ol
of drawing a blue butterfly using watercolor techniques. First, we’ll start by discussing the basic techniques for creatinga  outline of a butterfly with a pen, then colors it,

blue butterfly, including how to hold the pencil and how to get the right shade of blue. Then, we’ll explore different wa-
ys to add details like highlights and shading to your butterfly. By the end of the video, you‘ll have a beautiful blue butte-

rfly that you can be proud of! Enjoy the process! (No image generation)

P UniMA Response: Get materials ready — watercolor paper, round brushes, rigger, blue palette, wate- ~ F#fa5

Lightly sketch the butterfly; mark wings/veins; | T.
Wet one w- L. I/

Add loose background splatters for expressive effect...

Add darker edges + small eye-spots; soften inward. ..

rproof liner, white gouache, water, towels. ..

optional masking fluid...

ing and lay the lightest blue wash...
Lift small highlights; add minimal white gouache for shimmer...

ded; add final highlights — your butterfly is complete...

Mix a range of blues — deep ultramarine. ..

and finally finishes drawing a blue butterfly.
(Missing steps)

1 a0 NG

Remove masking; re-ink if nee-

Figure 8. Comparison of model responses in the cross-modal painting instruction task. NExT-GPT [37] outputs only generic text
without image generation, lacking procedural structure. MIO [34] produces a single sketch image but omits key intermediate steps.
UNIMA generates a coherent step-by-step text—image workflow aligned with the video, covering the entire painting process.

O AnyGPT @ NEXT-GPT A~ MIO &~ UniMA
80 801 o s
60 & o vy 60 23
L 40 340
—
20 o Y 20 * * )
0 3 s a 0 b & a
80 80
< <
neol o * 460 j
g 40 Q401 o & N
20 s 8 3 20 = o -
0 i 0

Easy Medium Hard Easy Medium Hard

Figure 9. Performance comparison of MLLMs under differ-
ent difficulty levels across evaluation metrics. Each curve il-
lustrates the performance trend of a model as task complexity
increases, where higher values indicate better performance.

in high-order modality interleaving.

RQ-2: Why do baselines perform equally poorly across
all difficulty levels? Most current MLLLMs are insen-
sitive to task difficulty because even easy interleaved
tasks already exceed their compositional and alignment
capacities. AnyGPT, NExT-GPT, and MIO show uni-
formly low scores (mostly below 20%), regardless of
difficulty, indicating that even the simplest interleaved
tasks in UNIM surpass their multimodal compositional
and alignment capacities. Therefore, these models fail
to distinguish task complexity.

7.3. Ablation Study on UNIMA

Following the previous results where UNIMA consis-
tently outperforms baselines, we further conduct a con-
trolled ablation to quantify each component’s contribu-
tion. We compare the full model with three variants: re-
moving the TER module, replacing TCDC with a vanilla
dense caption, and removing only the verification sub-
module. As shown in Table 6, removing TER causes
the largest StS/LeS drops, confirming its central role
in structural adherence and instruction-following. Re-
placing TCDC leads to moderate SQCS and ICS de-
clines, indicating that task-conditioned evidence mainly
enhances semantic grounding and cross-modal coher-

Table 6. Ablation results on UNIMA.

SQCS ICS StS LeS

UNIMA 85.1 63.4 52.7 82.6
wio TER 729 (-12.2) 56.6(-6.8) 164 (-36.3) 21.8(-60.8)
w/o TCDC 784 (-6.7) 57.7(-5.7) 462(-6.5) 82.1(-0.5)
wlo Ver. 729 (-12.2) S547(-8.7) 383 (-14.4) 66.8(-15.8)

ence. Removing the verification submodule produces
notable degradation across all metrics, demonstrating
that checking—backtracking—regeneration design is criti-
cal for reliable interleaved outputs. More model ablation
details are provided in Appendix §E.4.

7.4. Qualitative Case Study

Finally, to better illustrate the performance gap between
existing baselines and our UNIM A, we present a visual-
ization of case study in Fig. 8, comparing the outputs
of UNIMA with representative models (MIO, NExT-
GPT). Compared with existing models that struggle to
achieve synchronization between text and image modal-
ities, UNIMA constructs a complete text—image instruc-
tional workflow. Its generated results maintain consis-
tency in temporal order, modality coverage and stylis-
tic coordination, enabling the model to produce seman-
tically grounded and structurally clear instructional con-
tent, fully demonstrating UNIMA’s advances in multi-
modal reasoning and coordinated generation.

8. Conclusion

This paper presents UNIM, for the first time bench-
marking the Unified Any-to-Any Interleaved Multimodal
Learning. UNIM provides a large-scale, high-quality
dataset covering 7 modalities and 30 real-world do-
mains, involving complex task-solving capabilities, to-
gether with a principled evaluation suite for assessing
comprehension and generation in complex interleaved
scenarios. Furthermore, an agentic baseline model
UNIMA is deliberately designed to better benchmark
the task. Our experiments show that existing MLLMs
still face significant challenges under this unified any-
to-any Interleaved paradigm, revealing key limitations
and opportunities for future progress.
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