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1 Motivations

Any-to-Any Interleaved: Realistic Application Scenario

-+

é ﬂ Based on <videol> with <audiol>, I have the map in the 7e/>, the ticket </ and an-

Y| gmm, chor . Please design the optimal route. ... Provide images and audios in your answer.

v)

< The route is in and is the map. Listen to <audioZ> for details. bl el ] o bt b e <audio2>
I give you a purchase list in . There are souvenirs and audio narrations . R wiprnonhotons s b <audio3>

’

lnwg Scenarlo:

in the and <audiois, and <audioss, and <audio5s.

Capabilities Image Planning ( Temporal C Spatial )
Required: Locahzatlon apablhty Understandin, Reasoning

e o ? bbb ohin <audiodd

g f’ Meet record <auciol>, UL design , , requirement Suchol> IF URSEN DI G e . . f—

§ 48, and based code in . ; .. Finish the code, API file and UI figures. D g - EE GW ok
£ = — =
g There are codes in ; , and respective explanations . R NeE—
Al in caudioZ> for HTML code, <audio3> for CSS code, <audio4> for JS code. oy == !

§ API file , UI figures in and g —| el etimrdin <audiod>

g Capabilities (-Structural ) Q/lulnm dal) C Q Tempora] e ttphtmfprsetin <aud

0)) Required: Analysis Generation Understandln Reasoning Cs J =]

3| # I'm assembling a chair. Here are part images in , , 2 . i
I and instruction in . Provide a video and a step-by-step image <3Dl>% s 1 3 l i m
3 @8 1 torial. This is the assembled model <707> —
Py =

There is the installation tutorial in <videol> and <audio/>. And there is a step-by- aisineshicane aatans

o step lmage tutorial and explanahons in the and <audio2s, ... ,
@ and caudioss, and <z ‘

<audiol>

sttt <audio>
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1 Motivations

Research Gaps

1) Limitation in modality coverage and paradigm. (only text and image fall short of capturing the

realistic essential any-to-any interleaved multimodal paradigm.)

2) Lack of unified any-to-any evaluation. (current any-to-any evaluation only focuses on isolated

single-modality assessment or purely automatic evaluation)

3) Single-capability task design and insufficient domain diversity. (simple tasks and general-

domain scenarios, failing to reflect real-world applications.)

Benchmarks Domains Num. Inter. Comb. Cap. per Instance Eval. Metric Difficulty Tax. Any-to to-Any Modalities
ITLVD-BENCH [34] 10 2 Single 5 X X X - .
OpenING [79] 8 4 Single 7 X X X g
ISG-Bench [6] 8 3 Single 4 X X X - A
CoMM [8] 3 4 Single 3 X X X - -

MMIE [67] 10 3 Single 7 X X X - .

UNIM (Ours) 30 41 Multiple 13 O D T

Comparison with existing interleaved multimodal benchmarks. Inter. Comb.: Interleaved combinations of

modalities. Cap. per Instance: Capability per instance. Difficulty Tax.: Difficulty taxonomy.



2 UniM: Unified Any-to-Any Interleaved Benchmark

1) Any-to-Any Interleaved Modalities. 2) Universal and Diverse Capabilities.
3) Multi-domain Coverage. 4)Multiple Tasks per Instance.
5) Progressive Difficulty. Large Scale and High Quality.

Data Source Collection Interleaved Combinations and Template Design
> Public Datasets s®@Interleaved Combinations Data Template
Food3D PanoSent Multimodal Data > . . .
MMIU MMCode .- @ How to interleave Design the Combination Question: -
. . Collect A a ) E %A data reasonably? ¢ Text+Image+Audio+Document -> Text+Image+Video text with <imagels, )
> Social Media 1 Audio  Vid Question Answer <audiol> and <documentl> )
et e Vi o o "
AN e 1 Answer: ah
> Open Resources - e W < text with <image2>,
u W Document Cods o Contents: analysis the location and the environment dmages> and «videals "I
QA Pairs Construction Systematic Verification Multi-reviewer Quality Evaluation
> Human Construction QA Pairs Checklist Instance Reviewer 1 Reviewer 2 High Quality @
> GPT Generation i Low Quality %
Question %Acfzézsfhe coherence V' e Question Fie:d: % "g % 'Ig i
{Data Template} > Confent: .  Revise )@ > Content: - ';gie‘:r:é Remain
{Exa.rnple} > Multimodal:.-a ﬂ@D Mul‘l’ll‘l‘lzdfﬂ Da;rg S 2) .;iﬁ > Multimodal: .4 & ) | 5 - %
{Requirements} > Check the rationality X @ 3) v Eon:mnn. l % Ig % [lg % “g
Answer ) v Answer nvironmen
QA Pai @ > Content: Fllag::ii:: 1;:3:1,5 [/ 4) i'i( > Content: iD= 7 % ug % ug Reviewer 3 ug
irs : . = - f 5 + (V)
> Multimodal: e 3 > Check the positions %/ > Multimodal: st @ Check: (Y Delete &



3 UniM Evaluation Suite

Model Response with <placeholder> & All Modality Source Files

§ GPT-S Ground Tru:{r with Quality Eval.
43- Qwen3-Omni Lop ety Text: @&
& PointLLM WS NI Image: NIQE
3 with {Dense Caption} ) .
Audio: Signal

Ground Truth -

_as- Video: DOVER
with <placeholder> @ HLM-as-a-Judge Doc.:. &

Placeholders Num. Detailed Rating Criteria | = code: &

Modality Type Few-shot Examples 3D: Topo. & Geo.
sSts Les SH HC sSC GR
cs SRLCS
Ground Model X2Caption
Truth Response Module

/ / Metric Calculation Module

3 dimensions, 13 metrics

(1) Semantic Correctness &
Generation Quality: SC, GQ,
SQCS™s, SQCS™,

(2) Response Structure Integrity:
StS5bs, StSl LeS™s, LeS™!

(3) Interleaved Coherence:

HC, SH, ICS*s, [CS™!.
Supporting Rate: 7.



4 UniMA: A Unified Any-to-Any Agentic Model

3 Modules: Receiving Module, Traceable Evidence

Reasoning Module, Generating Module.

Recetving Module converts non-text modalities into

text descriptions. ( all modalities to text)

Traceable Evidence Reasoning Module generates and
refines evidence to produce a consistent, verifiable

report for guiding generation.

Generating Module produces interleaved multimodal
outputs, completing a loop from understanding to
generation based on the report. ( modalities generation )

( core reasoning )

Receiving
Module

Traceable Evidence Resoning (TER) Module

Generating
Module

Verification

. = = 1+
VA Ja O7m A %
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S:; (ilg;?“s @ GPT-5 G; Qf'vef3 PointLLM

STEP 1 Structured Evidence Reasoning Chain

Generating Task-Conditioned Dense Caption
(") and Paraphrased Question ( )

STEP 2 N
Identifying whether ? is data-analysis-
related. If so, the code interpreter is invoked
to generate a Data Report (“4)

SIEP3 V¥ —
Based on (“" ? fj_%};g*enemfing Modalities Content
(=), Text Content (), and Tool List ( nj-;"-‘l)

STEP 4 .

Integrating = 771, generating the Final
Report ;'_’J)
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o oo /\
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5 Experiments Results

Baseline models show very low StS scores (below 5%). Although slightly better on ICS, their overall
performance remains low (generally below 50%), with SQCS under 20%, reflecting significant
semantic misalignment. It indicates UniM is challenging tor existing models. Our UniMA shows
clear superior performance on UniM.

Model Natural Science Social Science General Area
Stsabs Lesabs StSreI Lesrel Stsabs Lesabs Stsrel Lesrel Stsa.bs LeSabs Stsrel Les'rel
AnyGPT [76] 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 [64] 2.2 1.2 1.3 1.3 1.7 1.2 1.5 2.2 2.5 14 1.7
MIO [59] 1.9 0.9 1.3 4.1 5.2 4.0 5.1 33 3.8 2.4 2.9
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
Field Models SC GQ SQCS@bs T SQCSTe! Field Models HC SH ICS*** 1CS™¢
= &é AnyGPT [76] 137 379 1110 9204 € 107 1 AnyGPT [76] 39.9 46.3 41.8 38.5
§,2 NExXT-GPT [64] 84 234 62 | 620 ™ 29 | Natural NEXT-GPT [64] 23.5 26.1 249 16.3
Z. & MIO [59] 197 291 159 1@ 592 ™ 1001 Science MIO [59] 49 .4 63.7 52.1 31.8
UNIMA 598 79.7 573 W 100 ® 573 W UNIMA 68.4 71.9 69.1 69.1
= Eé AnyGPT [76] 18.0 238 155N 947 © 1470 AnyGPT [76] 31.3 353 32.1 29.2
g,a NExT-GPT [64] 16.8 319 133 0§ 80.0 € 108 1% Social NEXT-GPT [64] 24.5 27.1 21.4 19.0
N@  MIO [59] 252 328 214 W 80.8 @ 16.1 N Science MIO [59] 46.3 55.0 51.6 42.0
UNIMA 762 81.0 727 BW 100 ® 727 mm UNIMA 73.1 76.5 73.8 73.8
S & AnyGPT [76] 19.0 30.1 179 W 903 € 172 0 AnyGPT [76] 36.5 41.9 43.6 31.3
gfﬁ NExT-GPT [64] 54 300 44 | 76.0 € 34 | General NEXT-GPT [64] 27.9 31.1 28.1 20.0
O  MIO [59] 248 375 212W 717 @ 1521 Area MIO [59] 683 717 60.0 45.7
UNIMA 647 83.6 622 MW 100 @ 622 UNIMA 68.7 74.3 69.8 69.8




6 Conclusion

1) We introduce UniM, the first Unified Any-to-Any Interleaved Multimodal benchmark,
including 31K high-quality instances, spanning 30 diverse domains, covering 7 represent-
tattve modalities, text, image, audio, video, document, code, and 3D.

2) We further develop the UniM Evaluation Suite, which assesses models along 3 dimen-
sions: Semantic Correctness & Generation Quality, Response Structure Integrity, and Int-
erleaved Coherence, for better evaluate MLLLLMs under the Any-to-Any interleaved setting.

3) We propose UniMA, a Unified Any-to-Any Interleaved Multimodal Agentic model

capable of supporting arbitrary interleaved combinations of 7 modalities.
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