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Abstract

Recent progress in Omni-models has yielded
strong performance on benchmarks focused
on static observations. However, their abil-
ity to maintain spatiotemporal continuity when
predicting coherent future states from previ-
ous context remains underexplored. We ad-
dress this by formulating Next Scene Predic-
tion (NSP) as a diagnostic task for assess-
ing multimodal near-future state prediction,
requiring models to anticipate the immediate
future from a given context. We introduce
OmniNSP, a benchmark evaluating causal and
cross-modal coherence across physical, logical,
and social dynamics. Unlike prior tasks that
often rely on textual or discriminative proxies,
OmniNSP asks models to express predicted
future states through text-mediated visual and
speech synthesis. Our analysis shows that cur-
rent Omni-models can produce plausible tex-
tual forecasts while still failing to preserve
future-state consistency in generated outputs. A
frozen-generator control substantially narrows
cross-model visual-consistency gaps, attribut-
ing much of the original system-level differ-
ence to model-specific realization stacks rather
than textual foresight alone. A modality-input
ablation further shows that audio provides com-
plementary predictive cues beyond vision, with
the largest gains for logical transitions and con-
texts with informative speech. These results
position OmniNSP as a diagnostic of both near-
future prediction and the preservation of pre-
dicted state through multimodal realization.

1 Introduction

Recent years have witnessed steady progress in
Large Multimodal Models (LMM:s), with the emer-
gence of Omni-models (Xu et al., 2025; Li et al.,
2025; Comanici et al., 2025) capable of process-
ing and generating text, images, and audio. Be-
yond cross-modal alignment, a central goal for such
systems is to support world-model-like reasoning:
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Figure 1: Rethinking evaluation of Omni-models. Ex-
isting Omni-models are typically evaluated on static
benchmarks focusing on passive perception, which pro-
vides limited evidence about their ability to anticipate
future states. We propose Next Scene Prediction as a
diagnostic benchmark for probing causal and temporal
continuity.

maintaining a representation of how scenes evolve
under physical, logical, and social constraints (Ha
and Schmidhuber, 2018; LeCun et al., 2022). This
capability is important for embodied assistants, in-
teractive agents, and safety-critical systems that
must anticipate near-future outcomes rather than
only describe the current observation (Hafner et al.,
2019; Brooks et al., 2024).

Howeyver, it remains unclear to what extent cur-
rent Omni-models can maintain such dynamics
when asked to predict what happens next. Ex-
isting evaluation protocols (Zhou et al., 2025; Li
et al., 2026a,b) predominantly focus on passive per-
ception, where models interpret static or already-
observed content. These benchmarks offer limited
visibility into prospective reasoning: a model may
accurately describe a scene while still failing to
anticipate the next physical state, the next step in
a symbolic process, or the likely continuation of a
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social interaction.

To address this, we propose Next Scene Predic-
tion (NSP) as a task formulation for evaluating
multimodal near-future state prediction (Figure 1).
By shifting the focus from current observation to
future continuation, NSP probes whether a model
can infer the latent factors that drive a scene’s con-
tinuation. Under this framework, we introduce
OmniNSP, a curated diagnostic benchmark con-
structed via a semi-automated, human-in-the-loop
pipeline to evaluate future-state prediction across
physical, logical, and social dynamics. Distinguish-
ing itself from forecasting benchmarks that rely
primarily on textual proxies such as MCQA (Chen
et al., 2026), OmniNSP requires models to express
predicted future states through generated visual and
speech outputs in addition to text.

Using OmniNSP, we systematically evaluate cur-
rent Omni-models under a practical multi-stage
generation protocol: the model first predicts a tex-
tual future state, and that prediction is then used to
condition visual and speech synthesis. This proto-
col is not the ideal end-to-end realization of NSP;
rather, it is a controlled instantiation that reflects
current model capabilities and exposes interme-
diate predictions alongside downstream realiza-
tion. Because the final output remains affected
by each model’s generation stack, we addition-
ally use a frozen-generator control to distinguish
system-level realization effects from textual fore-
sight. Our results show that plausible textual predic-
tions do not always survive model-specific visual
and speech realization.

In summary, the contributions of this work are
as follows: (i) we formalize NSP as a diagnostic
framework for evaluating the transition from pas-
sive perception to prospective multimodal predic-
tion; (ii) we introduce OmniNSP, a curated bench-
mark spanning three operational domains of future-
state dynamics; and (iii) we provide an empirical
analysis of how textual future-state predictions are
preserved or degraded during multimodal realiza-
tion, including a controlled generator analysis that
localizes much of the visual gap to model-specific
synthesis stacks.

2 Next Scene Prediction

The NSP task frames world modeling as condi-
tional generation over temporal state transitions:
rather than interpreting observed content, a model
must anticipate how a scene will progress beyond

the provided context. Because the relevant latent
state is not directly observable, its continuation
must be inferred through mutually consistent visual,
auditory, and linguistic evidence. NSP therefore
evaluates whether a predicted future scene jointly
forms a plausible continuation of the environment’s
dynamics, rather than a collection of independently
reasonable modality outputs.

2.1 Formalization

At time ¢, we define a multimodal context segment
as C = {V4, Ay, I}, where V., denotes the ob-
served visual sequence, A.; represents the synchro-
nized audio stream, and I denotes the textual in-
struction or task-specific prompt. The objective
of the NSP task is for a model M to generate a
subsequent target segment 7" corresponding to the
scene after a temporal offset A:

T = {viyn, a0},

where A represents a variable temporal interval
determined by the duration of the underlying event.
Here, v A is a representative visual state (e.g., a
keyframe), and a; A is the corresponding auditory
output.

An ideal world model approximates the under-
lying transition distribution P(T' | C), ensuring
the predicted T aligns with the ground-truth fu-
ture state Ty across modalities. In our current
evaluation, we additionally elicit a linguistic pre-
diction ;1A as an auxiliary intermediate repre-
sentation. This text output is not a requirement of
NSP itself; rather, it makes the evaluation compara-
ble across present Omni-models whose end-to-end
future video-and-audio generation capabilities re-
main limited.

2.2 Practical Instantiation

While the most direct realization of this task would
involve an end-to-end generative process (e.g.,
video-to-video), current architectural constraints
often limit the stability and comparability of such
direct mappings across different models. To enable
arigorous and scalable evaluation, we instantiate
NSP through a decoupled synthesis approach.

In this setting, the linguistic component x4 A
functions as a bridge modality; the model first de-
scribes the predicted future state in text, which then
serves as a conditioning signal for the generation
of visual and auditory outputs. This multi-stage
realization preserves the core objective of future-
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Figure 2: Semi-automated curation pipeline for the
OmniNSP dataset. The workflow integrates automated
retrieval and filtering (Phase I) with human-expert tem-
poral grounding (Phase II) and dense multimodal syn-
thesis (Phase III) to ensure both scalability and physical
authenticity in causal scene transitions.

state prediction while addressing the practical lim-
itations of contemporary multimodal generative
systems. It makes stage-wise failures observable,
while a shared frozen generator enables targeted
attribution of downstream realization effects.

3  OmniNSP

3.1 Data Collection and Curation

To capture diverse future-state dynamics, we devel-
oped a semi-automated three-phase pipeline that
combines scalable retrieval with human temporal
grounding and quality control. Throughout the
pipeline, whenever LMM-based processing was
required, we used Gemini-3-Flash (Google Deep-
Mind, 2026).

Phase I: Automated Discovery and Filtering.
We first generated category-specific search phrases
(e.g., “glass breaking in slow motion,” “traffic sig-
nal change,” and “person reacting to surprise”) for
physical, logical, and social dynamics using an
LMM. These phrases describe concrete observable
events likely to contain valid future-state transi-
tions, such as collisions, deformation, optical ef-
fects, symbolic transformations, or social interac-
tions. We used the YouTube Data API to retrieve
candidate videos and then applied LMM-based fil-
tering to identify clips that contained a visually
and/or acoustically observable transition. This au-
tomated stage was used only to propose candidates;
it did not determine the final benchmark instances.

Phase II: Human-in-the-Loop Temporal
Grounding. Human annotators manually verified

whether each candidate was usable as an NSP in-
stance. A valid instance must contain a non-trivial
transition whose future state cannot be read off
from a single static frame alone, have a clear con-
text segment preceding the transition, and have a
target segment that captures the continuation of the
same event. Annotators inspected and corrected
the automatically proposed timestamps, selecting a
context segment that provides sufficient evidence
for prediction and a target segment that represents
the immediate future. We preserve these segment-
level timestamps even though the current evalua-
tion uses representative frames, so that future ver-
sions can support direct video-audio evaluation.

Phase III: Multimodal Annotation and Re-
view. For the current instantiation, we extract the
final frame of the context as the visual reference
and a representative mid-frame from the target seg-
ment as the ground-truth future state (v a). We
generate dense visual captions with Gemini and
speech transcriptions with Whisper (Radford et al.,
2023). Annotators then review caption quality, tran-
script quality, context-target alignment, and safety.
Instances are removed if the transition is ambigu-
ous, the target does not follow from the context, the
media quality is insufficient for evaluation, or the
content raises privacy or safety concerns.

The final dataset size reflects this high-precision
filtering process. Many retrieved videos are top-
ically relevant but unusable because the transi-
tion is unclear, the automatically suggested times-
tamps are misaligned, or the audio-visual evidence
is insufficiently consistent. We therefore frame
OmniNSP as a curated diagnostic benchmark rather
than an exhaustive large-scale benchmark. The
complete annotation protocol is detailed in Ap-
pendix A.

3.2 Taxonomy of World Dynamics

We categorize OmniNSP into three diagnostic pil-
lars of world modeling: Physical World Modeling,
Logical & Structural Reasoning, and Social Intelli-
gence. We do not claim that these pillars exhaus-
tively define world modeling. Rather, OmniNSP
uses them as a practical taxonomy for evaluating
observable future-state transitions in multimodal
contexts (LeCun et al., 2022).

Categories were included if they were grounded
in prior work, produced observable future-state
changes in visual or audio channels, and could be
annotated reliably at benchmark scale. Ambiguous
examples are assigned according to the primary
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Figure 3: The three diagnostic pillars of world modeling in OmniNSP. (I) Physical World Modeling evaluates
continuous dynamics such as intuitive physics and environmental effects. (II) Logical & Structural Reasoning
assesses discrete transformations based on causal, symbolic, or mechanistic logic. (IIT) Social Intelligence tests
agent dynamics and adherence to social norms. NSP uses these axes to diagnose observable future-state prediction

in multimodal context.

Pillar Sub-domains n

Physical Rigid Body; Deformable Body; En- 100
vironmental Effects; Thermodynam-
ics & Optics

Logical Causal Reasoning; Mathematical / 100
Symbolic Reasoning

Social Emotion & Intent Perception; Social 100
Norms & Cognition

Total 300

Table 1: Distribution of OmniNSP. Physical sub-

domains contain 25 samples each; logical and social
sub-domains contain 50 samples each.

causal driver behind the target transition, while cat-
egories that were too rare, subjective, or difficult to
observe in short clips were merged or excluded.

Physical World Modeling covers continuous
state changes governed by intuitive physical regu-
larities (Spelke and Kinzler, 2007; Battaglia et al.,
2013; Smith et al., 2019), including Rigid Body
Mechanics, Deformable Body Mechanics, Envi-
ronmental Effects, and Thermodynamics & Optics.
Logical and Structural Reasoning covers future
states determined by discrete causal or symbolic
rules (Pearl, 2009), including Causal Reasoning
and Mathematical / Symbolic Reasoning. Social
Intelligence covers agent-centered continuations
involving affect, intention, or conventions (Frith
and Frith, 2005; Bicchieri, 2006), including Emo-
tion & Intent Perception and Social Norms & Cog-
nition.

3.3 Statistics and Diversity

The OmniNSP benchmark consists of 300 human-
verified multimodal samples, stratified by category
to support comparison across different future-state

dynamics (Table 1). Each sample contains con-
text and target video timestamps, a context refer-
ence frame, a target future frame, the original au-
dio segment where available, speech transcription,
and dense visual captions. This design prioritizes
temporal grounding and annotation reliability over
scale.

4 Evaluation Framework and
Experimental Setup

4.1 Multi-stage Generation Protocol

The ideal NSP evaluation would ask a model to gen-
erate a future audio-visual segment directly from
the observed multimodal context. Current Omni-
models, however, do not uniformly support stable
and comparable end-to-end future video-and-audio
generation. We therefore instantiate NSP with a
multi-stage protocol that records textual future-
state prediction separately from visual and speech
synthesis, while evaluating the resulting pipeline
as an integrated system.

Stage 1: Future-State Reasoning. Given the
context segment C' and a fixed prompt, the model
predicts the scene at a temporal offset A after the
context ends. We require a structured JSON output
with two fields: (i) a Scene Description describing
the expected entities, actions, and state changes,
and (ii) an Audio Script describing the expected
spoken content when speech is relevant. This stage
evaluates semantic and causal foresight before any
downstream synthesis step.

Stage 2: Future-State Synthesis. The predicted
textual state is then used as a conditioning signal
for generation. For Visual Generation, the model
synthesizes a single future image using the pre-
dicted scene description and the last frame of the
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Component Evaluation role

LMM-judge score for causal plausi-
bility and alignment with the target
future state.

LMM-judge scores for fidelity,
observed-scene consistency, and
text-image alignment.

Automatic diagnostics for script
preservation, speech quality, and
speaker similarity.

Scene description

Generated image

Generated speech

Table 2: Evaluation components in the multi-stage NSP
protocol. LMM-judge scores are the primary future-
state evaluation; speech metrics are auxiliary synthesis
diagnostics.

context as reference. For Speech Generation, the
model synthesizes the predicted audio script using
its native text-to-speech capability. If a model sup-
ports zero-shot voice cloning, we provide a short
context-audio reference to preserve speaker iden-
tity; otherwise, the system uses its default or neutral
voice.

Scope of Audio Evaluation. The dataset pre-
serves full audio where available, including speech
and non-speech sounds. The current evaluation
focuses on speech-centered synthesis because the
Omni-model baselines evaluated in this study do
not provide stable and comparable generation of ar-
bitrary environmental sound effects. We therefore
treat non-speech audio as part of the context and an-
notation, while speech synthesis is evaluated as the
comparable audio-generation component. Audio-
script plausibility and speech-synthesis diagnostics
are computed only for target segments with evalu-
able speech, whereas the modality ablation parti-
tions all 300 examples by the informativeness of
the input context audio.

4.2 Evaluation Metrics and Protocol

We employ a hybrid framework that separates
primary NSP evaluation from auxiliary speech-
synthesis diagnostics. Gemini-3-Pro is used as
the LMM judge for the original rubric-based 0-2
scores of textual future-state reasoning and visual
synthesis. Automated speech metrics are computed
separately and are not provided as inputs to the
LMM judge.

Textual Future-State Metrics. Prospective rea-
soning is assessed through: (i) Causal Coherence,
which verifies whether the predicted scene logi-
cally continues the context using the ground-truth
target frame as a visual anchor; and (ii) Audio
Event Plausibility, which measures whether the

predicted speech content is situationally plausible
with respect to the context and target audio annota-
tions. These scores evaluate future-state plausibil-
ity rather than downstream speech quality.

Visual Synthesis Metrics. Synthesized images
are evaluated via: (i) Generative Fidelity, mea-
suring perceptual quality and artifact severity; (ii)
Observed Scene Consistency, measuring preserva-
tion of identities, layout, and environmental tone
from the context; and (iii) Text—Image Semantic
Alignment, measuring whether the generated image
instantiates the predicted scene description.

Speech Synthesis Diagnostics. Quantitative
analysis of synthesized speech includes: (i) Word
Error Rate (WER) computed with Whisper-large-
v3 (Radford et al., 2023), measuring whether the
generated speech preserves the predicted script; (ii)
UTMOS (Saeki et al., 2022), estimating speech nat-
uralness on a MOS-like 1-5 scale where higher is
better; and (iii) Speaker Similarity, measured by
MFCC-based cosine similarity between the context
audio and output speech. These metrics diagnose
the speech realization stage and are reported sepa-
rately from the LMM-judge scores.

4.3 Baseline Models and Implementation

We evaluate four Omni-modal architectures: (i)
Uni-MoE-2.0-Omni (Li et al., 2025), (ii) Ming-
flash-omni-Preview (Al et al., 2025), (iii) Qwen-
3-Omni (Xu et al., 2025), and (iv) Gemini-2.5-
flash (Comanici et al., 2025). We selected mod-
els that were accessible at evaluation time and
could process multimodal context, produce a struc-
tured future-state prediction, and support visual and
speech realization under a unified zero-shot proto-
col; this set is representative rather than exhaustive.
Uni-MoE and Ming are standalone models, while
Qwen-3 and Gemini operate as composite pipelines.
Specifically, Qwen-3 pairs its internal audio with
Qwen-3-image-edit, while Gemini integrates its
reasoning engine with Nano Banana and a TTS
suite.

Implementation Details. All models used uni-
fied zero-shot prompts and the same structured out-
put fields whenever supported. Uni-MoE, Ming,
and Qwen-3 ran on four NVIDIA A100 GPUs,
while Gemini used its official API. We used single-
step textual reasoning when available; Uni-MoE
and Ming used separate description and script calls
to preserve the common output schema. Voice
cloning was enabled for Uni-MoE and Ming when
supported, and Gemini-3-Pro judged outputs with
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fixed prompts, rubrics, and JSON fields. Ap-
pendix F provides a representative prompt and the
model-specific prompt configuration.

5 Results and Analysis

5.1 Overall Performance and Multi-modal
Consistency

Benchmarking results (Table 3) reveal a distinct
performance hierarchy, specifically in the bridging
of linguistic reasoning and generative consistency.

Visual Consistency and the Generation Bottle-
neck. Gemini-2.5-flash obtains the strongest over-
all profile, especially for preserving observed-scene
consistency and text—image alignment. Qwen-3 is
closer on low-level image fidelity, suggesting that
the main separation lies less in perceptual qual-
ity than in temporally grounded scene consistency.
Conversely, Uni-MoE-2.0 shows reasonable textual
foresight but weak visual grounding. This disparity
highlights a generation bottleneck, where concep-
tual understanding fails to ground effectively into
physical rendering.

Speech Synthesis: Identity vs Quality. Speech
profiles vary by strategy. Gemini-2.5-flash main-
tains the best linguistic accuracy and strong speech
quality, while Qwen-3-Omni is competitive in per-
ceived naturalness but occasionally exhibits “lin-
guistic interference” in prosody. Voice-cloning
models preserve speaker identity more strongly,
but this often incorporates background noise and
reduces overall naturalness.

Statistical Robustness. Paired bootstrap tests
show that Gemini significantly outperforms Ming-
flash-omni and Uni-MoE-2.0 across the main scene
and image metrics. Against Qwen-3, Gemini’s ad-
vantages remain significant for scene description,
observed-scene consistency, and text—image align-
ment, while generative fidelity is statistically com-
parable. Across 1,000 bootstrap resamples, the full
consistency and alignment rankings are retained in
100% of resamples, remain unchanged under 50%
subsampling, and are invariant when any one pillar
is removed. All six model pairs differ in consis-
tency under paired sign-flip tests (p < .001). The
scene-score ordering is less stable (86.7% full-rank
retention), although Gemini remains top-ranked in
every resample.

Temporal-Offset Sensitivity. The target offset
is concentrated on immediate continuations (me-
dian 2.0 seconds, IQR 1-3; 75% are at most 3 sec-
onds). After controlling for pillar and model, log A

has only small, non-significant associations with
scene, consistency, and alignment (5 = —0.022/ —
0.045/ — 0.047, p = .40/.07/.09). The model
ranking is unchanged for short (< 1 s), medium
(1-3 s), and longer (> 3 s) offsets on all three
dimensions.

5.2 Attributing the Prediction-to-Realization
Gap

Stage-wise scores first establish that text and im-
age evaluation capture different behavior. Pooled
across models, the sample-level correlation of
scene score with consistency is weak (Spearman
p = 0.08, p = .006); correlations with alignment
and fidelity are likewise small (p = 0.12, p < .001;
p = —0.04, n.s.). Even among predictions receiv-
ing the maximum scene score, consistency is at
most 1 for 87.8% of Uni-MoE and 85.4% of Ming
outputs, compared with 34.6% for Qwen and 8.6%
for Gemini. Complete consistency failure (score
0) occurs in 57.7%, 31.7%, 6.3%, and 0% of these
cases, respectively. These are system-level degra-
dation rates, however, and do not alone identify
whether the text representation or the downstream
generator causes the loss.

We therefore pass every model’s original Stage-1
prediction and the same context frame to a frozen
generator, Gemini-2.5-flash-image, which is also
Gemini’s original Stage-2 generator. We re-score
both each model’s original image and its frozen-
generator image under the same rubric. Table 4
shows that the consistency gaps relative to Gemini
shrink from 0.27-0.64 under the original stacks
to 0.02-0.08 with the generator fixed. Gemini is
unchanged (A = 0.00), providing an internal con-
trol, whereas Qwen, Uni-MoE, and Ming improve
by 0.25, 0.55, and 0.56. Within the frozen con-
dition, only Gemini—Ming differs significantly in
consistency (p = .026); Gemini—-Qwen does not
(p = .58).

Because Gemini-3-Pro was no longer available,
both conditions in this control are scored with
Gemini-3.1-Pro-preview. Overall, much of the
visual gap is attributable to model-specific real-
ization stacks, while textual-foresight differences
remain visible in Stage 1. Full dimensions are in
Appendix C, and prompt configuration is in Ap-
pendix F.

By holding the Stage-1 description and context
frame fixed, the shared-generator design provides
a controlled estimate of downstream realization
effects. The gains for all three non-Gemini sys-
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Model Reasoning Synthesis (Image) Acoustic (Audio)

Scene Fid. Consist. Align. WER| UTMOST Sim. 1
Uni-MoE-2.0 1.43(1.35,1.51] 1.05(0.97,1.14] 0.55[0.46,0.63] 0.83[0.74,0.92] 35.00 2.72 0.981
Ming-flash-omni  1.29(1.21,1.37] 1.55[1.48,1.63] 0.78}0.70,0.85] 1.36[1.27,1.45] 39.79 3.31 0.961
w/ VC - - - - 42.00 2.78 0.981
Qwen-3 1.33[1.25,1.400 1.6111.54,1.65) 1.591.51,1.65] 1.60[1.53,1.68] 20.21 3.50 0.965
Gemini-2.5-flash 1.60(; 541.66) 1.68[1.63,1.74] 1.88[1.54,1.02) 1.78[1.73,1.84] 11.69 3.50 0.968

Table 3: Main results of the OmniNSP benchmark across four Omni-modal baselines. Brackets indicate 95%
bootstrap confidence intervals. Scene denotes scene-description causal coherence; Consist. is evaluated against
ground-truth future frames. Sim. indicates speaker similarity, and VC denotes Voice Cloning. Audio-script
plausibility is treated as an auxiliary diagnostic and reported in Table 9.

Model Original Frozen A

Gemini-2.5-flash 1.12 1.12 +0.00
Qwen-3 0.85 1.10  40.25"
Uni-MoE-2.0 0.53 1.07  4+0.55"
Ming-flash-omni 0.47 1.04  +0.56"

Table 4: Observed-scene consistency under each
model’s original realization stack and a shared frozen
generator. Both conditions are scored with Gemini-
3.1-Pro-preview. *The paired-bootstrap 95% CI for the
change excludes zero.

Model Mech. Logic Social
Text Img Text Img Text Img
Uni-MoE-2.0 129 092 149 055 1.51 095
Ming-flash-omni  1.16 1.44 134 096 1.36 1.31
Qwen-3 120 1.61 139 1.42 139 1.76
Gemini-2.5-flash 1.57 1.82 1.64 1.69 1.60 1.85

Table 5: Performance breakdown across the three cogni-
tive pillars (0-2 scale). Text denotes Scene Description;
Img is the mean of Fidelity, Consistency, and Alignment.
Full 95% bootstrap confidence intervals are reported in
Appendix B.

tems, together with Gemini’s null change, support
a substantial generation bottleneck rather than only
weaker forecasts. Across the full dimensions, fi-
delity converges, whereas alignment changes less
uniformly because it depends on forecast content
and rendering.

5.3 Domain-Specific Insight: The Three
Pillars

Table 5 illustrates model performance across the
three pillars: Physical, Logical, and Social. The
results reveal distinct behavioral patterns in how
reasoning translates to visual instantiation.
Physical: Constraints on Continuity. Predict-

ing complex trajectories remains a universal bot-
tleneck. Gemini-2.5-flash demonstrates superior
robustness in maintaining physical states, whereas
Uni-MoE-2.0 struggles significantly with visual
grounding. At the system level, Gemini’s evaluated
pipeline better preserves spatiotemporal continuity
under rigid physical constraints.

Logical: The Grounding Gap. The logical
pillar exhibits a severe grounding gap. While Uni-
MOoE-2.0 and Ming-flash-omni show competitive
textual reasoning, their visual synthesis scores drop
sharply. This is most evident in symbolic tasks
(e.g., mathematical notation), where these mod-
els often produce blank or distorted frames. This
highlights a critical disconnect between linguistic
foresight and the spatial instantiation of symbolic
logic.

Social: Priors and Consistency. Both Gemini-
2.5-flash and Qwen-3-Omni are strongest in the
social domain. This may reflect the predictable,
human-centric patterns of social interaction, which
align well with the models’ internal priors. Qwen-
3-Omni, in particular, effectively preserves charac-
ter identity and environmental context, suggesting
that common-sense priors facilitate higher genera-
tive consistency compared to the rigid requirements
of mechanics or logic.

5.4 Qualitative Analysis

Representative qualitative comparisons are shown
in Figure 4.

Future Scene Synthesis and Stylistic Integrity.
The examples highlight clear differences in Ob-
served Consistency. Gemini-2.5-flash best pre-
serves tone, lighting, and scene identity, while
Qwen-3-Omni sometimes drifts in atmospheric
context despite strong perceptual quality. Uni-
MOoE-2.0 and Ming-flash-omni often keep salient
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Video Audio A

Group n Full -only -only F-V
All 300 1.60 1.52 0.61 0.08
Info. audio 151 1.65 152 0.82 0.13

Uninfo./empty 149 1.56 1.52 039 0.03

Table 6: Gemini-2.5-flash modality ablation by context-
audio informativeness. A denotes Full — Video-only
scene-description score. Full confidence intervals and
the informative speech/non-speech split are reported in
Appendix D.

objects but reset background structure, indicating
weaker temporal world-state tracking.

Justifying Quantitative Trends. These exam-
ples explain the trends in Table 3. Gemini’s descrip-
tions specify local state changes and its images tend
to preserve them. Uni-MoE-2.0 can produce glob-
ally plausible scenes, which helps explain its non-
trivial text-reasoning score, but its images often
lack fine detail and weakly preserve the observed
context. We also observe a brevity bias: short pre-
dictions reduce explicit factual errors but omit de-
tails needed for faithful synthesis, whereas longer
descriptions can still fail if generation misses ob-
ject identity, scene continuity, or material change.
Together with the frozen-generator control, these
cases indicate degradation under the complete text-
mediated realization stack rather than an intrinsic
limitation of text or a pure failure of future-state
reasoning. This motivates future NSP systems that
preserve richer visual or latent state information
alongside text and strengthen downstream state-
preserving synthesis.

5.5 Modality Dependence Diagnostic

We run a Gemini-2.5-flash input-modality ablation
because it is the strongest baseline, making modal-
ity sensitivity less likely to be hidden by low overall
performance. Table 6 shows that removing audio
matters most when the context contains informa-
tive audio, but has little measurable effect when
audio is uninformative or empty. This supports
the intended design of OmniNSP: the benchmark
does not reward audio indiscriminately, but tests
whether models use a modality when it carries pre-
dictive information. OmniNSP therefore covers
both genuinely multimodal and visually dominant
prediction regimes.

5.6 Human-LMM Evaluation Alignment

We compare Gemini-3-Pro judgments with ratings
from three human experts on 60 model-sample

Dimension Item p Rank 7 Pairwise
Consistency 0.85 0.91 95.0%
Text-Image Align.  0.64 1.00 91.7%
Generative Fidelity  0.65 1.00 90.7%
Scene Description ~ 0.42 0.33 80.6%

Table 7: Human-LMM agreement. Item p is Spearman
correlation over 60 model-sample items; rank 7 com-
pares the four model means; Pairwise is same-sample
model-preference agreement, excluding ties.

items. Table 7 reports agreement between the
LMM judge and human experts. On the three visual
dimensions, the judge reproduces the human model
ordering (7 = 0.91-1.00) and agrees with 90.7—
95.0% of decided pairwise preferences; bootstrap
lower bounds are 79.4-90.3%. Scene-description
pairwise agreement is also 80.6% [57.1,96.4].
Overall, these results support the LMM judge as
a reliable and scalable evaluator, with particularly
strong validation on visual dimensions. Detailed
analyses are in Appendix E.

Audio-script plausibility is less constrained than
visual future-state consistency: several utterances
can be reasonable continuations of the same con-
text. Reference-based scoring therefore yields
lower absolute scores when a script is pragmatically
plausible but lexically different from the target, and
humans were slightly stricter than the LMM judge
on this dimension. We use audio-script scores as
an auxiliary diagnostic, while treating scene and
image metrics as the primary NSP correctness mea-
sures.

6 Related Works

Omni-models and any-to-any generation. Re-
cent LMMs have evolved from static text-image
systems toward Omni-models that process and gen-
erate interleaved text, image, audio, and video.
Any-to-any frameworks established unified modal-
ity generation (Wu et al., 2024; Tang et al., 2023,
2024), and recent systems now support broader
streaming or multimodal outputs (Li et al., 2025;
Luo et al., 2026; Al et al., 2025; Xu et al., 2025;
Team, 2026). Yet their ability to maintain a coher-
ent evolving world state across generated modali-
ties remains underexplored.

Multimodal benchmarks and future reason-
ing. Existing multimodal benchmarks mainly eval-
uate static perception, temporal recognition, or
holistic description (Li et al., 2024; Yue et al., 2024;
Cai et al., 2024; Li et al., 2026a,b). Future-oriented
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Ground Truth

Two chefs in a kitchen; one pours ~ The batter cooks into a pancake; the  The chef continues pouring batter ~ The batter has spread and is cooking,
with small bubbles on the surface.

liquid while the other observes.  chef flips it while the other watches.  from a white jug into the hot pan.

-
= -
- ~
2% -

The blue car is stopped, with its The Camaro sits beside the
front end crushed and debris around. L-shaped barrier after impact.

V‘]‘

A hand places a black triangular
prism on a white sheet.

A damaged blue Camaro with
airbags, smoke, and debris.
N

The driver’s side deforms against the
orange side-impact barrier.

The prism is aligned to intercept
three parallel light beams.

A person holds a sheet with a ruler A person holds a metal object while
on top.

the black device projects light.

The fig is flattened and burst open;
pulp and seeds spread across the
surface.

A metal object is hovering above a The fig is completely flattened, with Target future frame.

fig. juices and pulp spread out on the

The metal press fully descends,
crushing the fig into a flat red-white
surface. disc.

Figure 4: Representative qualitative comparisons with compact, truncated model-generated scene descriptions under
each output. Rows show cooking, crash-test, optics, and deformation examples. Gemini better preserves future-state
continuity and scene identity, whereas weaker baselines may produce descriptions that are plausible but temporally

weak, overly terse, or insufficiently grounded in the generated image.

evaluation appears in both dedicated forecasting
benchmarks and subtasks of broader omni-modal
suites (Chen et al., 2026; Jiang et al., 2025); World-
Sense instead evaluates broad audio-visual under-
standing via MCQA (Hong et al., 2026). The fore-
casting tasks are valuable for measuring whether
a model can identify plausible future events, but
they do not require the model to express that predic-
tion as generated visual and speech outputs whose
cross-modal coherence can be inspected.

World models and generative future pre-
diction. World modeling has long supported
predictive agents (Ha and Schmidhuber, 2018;
LeCun et al., 2022; Hafner et al., 2019), and
WorldGPT/WorldNet directly studies multimodal
state-transition prediction with a dedicated world-
model architecture (Ge et al., 2024). Video genera-
tion and next-frame or next-event prediction also
emphasize prospective visual dynamics (Brooks
et al.,, 2024; Simon et al., 2026; Wang et al.,
2026), but often optimize perceptual plausibility
or learned transition modeling rather than bench-
marked causal coherence across modalities in ex-
isting Omni-models. OmniNSP addresses this gap

by requiring synthesized visual and vocal future
states, testing whether linguistic foresight becomes
coherent multimodal output.

7 Conclusion

We proposed OmniNSP, a curated diagnostic bench-
mark for evaluating multimodal near-future pre-
diction in Omni-models. Our results show that
plausible textual predictions can be degraded dur-
ing visual and acoustic realization. A frozen-
generator control attributes much of the original
cross-model visual gap to model-specific realiza-
tion stacks rather than textual foresight alone, clari-
fying that OmniNSP diagnoses the integrated path
from prediction to output rather than a pure reason-
ing capability. Modality ablations further demon-
strate measurable gains from audio cues, particu-
larly for logical transitions and contexts with infor-
mative speech. This stage-wise view enables tar-
geted improvements to future Omni-models. These
findings motivate cross-modal state preservation
and future video-and-audio generation.
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Limitations

Despite our efforts to establish a rigorous evalua-
tion framework, several limitations remain.

Dataset Scale and Coverage. OmniNSP con-
tains 300 human-verified instances. This scale is
sufficient for the comparative diagnostic analyses
reported here but not for exhaustive claims about
all forms of world modeling or all real-world future-
state dynamics. Our four baselines were selected
for accessible multimodal input and output capabil-
ities and do not cover the full or rapidly changing
Omni-model landscape. We prioritize temporally
grounded, manually verified examples over larger
but noisier coverage. Future work should expand
the benchmark and report robustness across broader
models, domains, and languages.

Evaluation Protocol and Scope. Our evalua-
tion uses a decoupled two-stage generation pro-
tocol because current Omni-models differ in their
end-to-end output capabilities. This design exposes
stage-wise outputs, but the final score still com-
bines textual prediction with each model’s realiza-
tion stack. Our frozen-generator control strength-
ens attribution by evaluating all Stage 1 predictions
under a common realization stack, while its use of
Gemini’s generator remains a scope consideration.
Human evaluation supports the reliability of LMM
judgments for model comparison, particularly on
visual dimensions. OmniNSP also focuses on a rep-
resentative future frame and speech-centered audio
synthesis rather than continuous video generation
or arbitrary non-speech sound events. Although re-
cent high-end video generators can produce videos
from text or still images, many lack a uniform inter-
face for conditioning on the observed context video
and generating synchronized video-and-audio con-
tinuations. A two-stage variant could pass our tex-
tual future prediction to a video generator, but this
would require a distinct video-output protocol with
temporal metrics and generator-specific constraints;
we leave it to future work.

Ethical Statements

Data Privacy and Licensing. Our dataset is con-
structed from publicly available video content. To
respect copyright restrictions and platform terms,
we do not redistribute raw video files. The planned
release provides metadata and annotations, in-
cluding source identifiers, timestamps, prompts,
model outputs, evaluation rubrics, and reconstruc-
tion scripts subject to the availability and license

terms of the original sources. We mark license sta-
tus where available and distinguish redistributable
metadata from non-redistributed media. We did not
obtain direct consent from individuals who may
appear in source videos; accordingly, we avoid
redistributing raw media or identifying personal
information. For privacy protection, we performed
manual and automated filtering to exclude videos
containing sensitive personal information or non-
consensual imagery.

Human-in-the-Loop Annotation. The data cu-
ration and validation process involved human anno-
tators who were tasked with quality control and
filtering inappropriate content. All participants
were provided with fair compensation and clear
guidelines to ensure their well-being. We also im-
plemented a multi-stage review process to mini-
mize exposure to potentially distressing or harmful
material during the filtering phase.

Cultural and Social Bias. We acknowledge that
the Social dynamics pillar involves interpretations
of norms that may vary across cultures. While we
prioritized globally recognizable and neutral social
interactions to mitigate bias, the dataset is provided
with the understanding that social behaviors are
context-dependent. We have taken care to ensure
that the dataset does not reinforce harmful stereo-
types or include discriminatory content.
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A Detailed Data Curation Workflow

To ensure the transparency and reproducibility of
the OmniNSP dataset construction, we provide
a granular description of the seven-stage semi-
automated pipeline illustrated in Figure 2.

1. Category-Specific Keyword Generation:
We used Gemini-3-Flash to generate search
keywords tailored to the target dynamics
(physical, social, and logical). Keywords were
designed to describe concrete observable sit-
uations rather than abstract category names,
increasing the likelihood that retrieved videos
would contain visible future-state transitions.

2. Large-scale Video Retrieval: Using the
YouTube Data API, we collected candidate
videos based on the generated keywords. We
prioritized videos with sufficient resolution
and audio quality to support multimodal eval-
uation.

3. LMM-based Primary Filtering: To manage
the candidate pool, we employed automated
screening with Gemini. This stage identified
candidate segments containing clear causal
transitions or event-driven shifts. The auto-
mated stage served as a proposal mechanism;
all final instances were human verified.

4. Human-in-the-loop Temporal Grounding:
Human annotators manually verified the valid-
ity of each candidate event. They inspected or
corrected the context and target timestamps,
ensuring that the context provides sufficient
evidence for prediction and that the target
segment captures the immediate continuation
of the same event. Candidates were rejected
when the transition was ambiguous, too trivial,
visually unclear, or not temporally aligned.

5. Multimodal Frame Extraction: For the cur-
rent benchmark instantiation, we extracted the
last frame of the context segment as a refer-
ence image (v¢) and a representative frame
from the target segment as the ground-truth
future state (v¢4a). The target frame was se-
lected to capture the salient state change rather
than being chosen mechanically from the seg-
ment boundary.

6. Multimodal Captioning and Transcription:
We leveraged Gemini and Whisper to gener-
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ate dense visual captions and speech transcrip-
tions. These annotations provide semantic
targets for evaluation and support future ex-
tensions beyond the current speech-centered
generation setting.

7. Final Safety and Integrity Review: We con-
ducted a rigorous manual review process to
ensure data integrity and compliance with
safety standards. This step specifically fo-
cused on identifying and strictly excluding
any content that named or uniquely identified
individual people. Furthermore, we imple-
mented a zero-tolerance filtering policy for
harmful, sensitive, or biased material; any
data points flagged for containing offensive
content or potential privacy risks were en-
tirely removed from the dataset rather than
being anonymized, ensuring the highest level
of safety and ethical alignment.

Temporal Offset Selection The temporal offset
A is event-dependent rather than fixed in seconds.
Annotators selected context and target timestamps
so that the context contains sufficient evidence
for prediction and the target captures the imme-
diate continuation where the salient state change
becomes observable. We rejected candidates when
the target was too close to the context and therefore
trivial, too far from the context and therefore am-
biguous, or not temporally aligned with the same
underlying event. The representative target frame
was then chosen from within the accepted target
segment to reflect this state change rather than to
maximize visual similarity to the context. Across
the final benchmark, A has median 2.0 seconds
and IQR 1-3 seconds (75% are < 3 seconds). Con-
sistency rankings are identical in short (< 1 s),
medium (1-3 s), and longer (> 3 s) bins. In an OLS
analysis controlling for model and pillar, the coeffi-
cient of log A is small and non-significant for scene
(B = —0.022, p = .40), consistency (5 = —0.045,
p = .07), and alignment (5 = —0.047, p = .09).

B Detailed Confidence Intervals

We compute confidence intervals using nonpara-
metric bootstrap resampling over benchmark in-
stances. For mean scores in Tables 3 and 10, each
bootstrap sample resamples instances with replace-
ment and recomputes the model-level mean. For
pairwise model comparisons, we use paired boot-
strap tests that resample the same instance indices

across the two compared models, preserving the
item-level pairing induced by evaluating all models
on the same benchmark instances. The reported p-
values are used to support directional comparisons
between models, while the confidence intervals de-
scribe uncertainty in each model’s mean score. As
an additional robustness diagnostic, we recompute
model rankings under random 50-80% subsam-
ples of the benchmark; this subsampling analysis
checks whether the observed ordering is sensitive
to a small subset of examples and is not used as a
separate null-hypothesis test.

C Frozen-Generator Control Details

For this control, each model’s saved Stage-1 scene
description is passed to Gemini-2.5-flash-image to-
gether with the same context reference frame. This
generator is also the image-realization component
of the original Gemini pipeline, so Gemini pro-
vides an internal control for the generator swap.
Both original and frozen outputs are scored un-
der the same rubric with Gemini-3.1-Pro-preview
because the original Gemini-3-Pro judge was no
longer available.

The consistency gain is significant by paired
bootstrap for Qwen, Uni-MoE, and Ming, but not
for Gemini. Within the frozen condition, Gemini
exceeds Ming in consistency (p = .026), while
Gemini and Qwen are not statistically distinguish-
able (p = .58). Fidelity convergence provides a
complementary check that generator-specific im-
age quality has been equalized. Alignment changes
are less uniform because the same generator inter-
acts differently with the models’ descriptions and
prompt templates.

D Modality Ablation Details

Table 12 reports the full confidence intervals and
audio-informativeness breakdown for the main
modality ablation. Table 13 provides the corre-
sponding per-pillar diagnostic.

Audio Informativeness Labels The modality-
ablation split is based on the input context audio,
not on whether the target contains speech. We la-
bel a context as informative speech when spoken
content provides predictive cues about the upcom-
ing event, such as an instruction, warning, reaction,
or conversational setup. We label it as informa-
tive non-speech when non-linguistic audio, such
as an impact, alarm, countdown, or environmental
sound, helps infer the future state. Contexts with
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Model Scene Description Audio Script Generative Fidelity Consistency Alignment
Gemini 1.26 £0.34 0.88 +0.35 1.93+£0.14 1.52£0.24 1.71£0.33
Qwen 1.27+0.44 0.76 = 0.37 1.47+£0.38 1.00 £0.54 1.40 £0.37
Ming 1.13£0.42 0.56 = 0.31 1.13£0.38 0.29 £ 0.27 1.11 £0.53
Uni 1.02+0.45 0.53 £ 0.38 0.44 +0.48 0.24 +0.39 0.67 +0.37

Table 8: Human-evaluation mean scores (¢ &= o) on the 60-item expert-rated subset. These values are distinct from

the full-benchmark LMM-judge scores in Table 3.

Model Audio Script 95% CI

Uni-MoE-2.0 0.64 [0.57,0.70]
Ming-flash-omni 0.70 [0.63, 0.77]
Qwen-3 0.84 [0.76, 0.93]
Gemini-2.5-flash 0.96 [0.86, 1.07]

Table 9: Auxiliary audio-script plausibility results (n =
196 target-speech samples). Scores are interpreted as
diagnostic because future speech allows multiple plausi-
ble continuations and humans applied stricter reference
matching than the LMM judge.

silence, background music, generic ambient noise,
or audio that merely duplicates visible information
are grouped as uninformative / empty. Ambiguous
cases are assigned to the uninformative group un-
less the audio provides predictive evidence beyond
the visual context.

E Detailed Human Evaluation Setup and
Results

This section provides the full human-evaluation
protocol and additional statistical results for exam-
ining alignment between human ratings and the
LMM-as-a-judge framework.

Reference Usage in Evaluation OmniNSP uses
real future states as anchors rather than exact refer-
ence matching. For the primary scene and image
metrics, the judge is given the observed context,
the target future frame, and the model output, and
scores whether the output is a plausible and seman-
tically consistent continuation. Audio-script plausi-
bility is evaluated only for target-speech samples
and is treated as auxiliary because multiple utter-
ances can be reasonable continuations of the same
context. Speech synthesis metrics are reported sep-
arately as realization diagnostics rather than pri-
mary NSP correctness measures.

E.1 Experimental Setup and Protocol

Annotator Recruitment To ensure high-quality
qualitative assessment, we recruited three experts
currently pursuing degrees in Al-related fields, spe-

cializing in multimodal learning and generative
models. Crucially, a blinded evaluation setting
was maintained; annotators were not informed of
the model identities or the scores generated by the
LMM judge during the entire process.

Dataset Sampling Given the diverse domains in
OmniNSP, we employed a stratified random sam-
pling strategy. We randomly selected 5 samples
from each of the three major domains per model,
resulting in 15 samples per model. With 4 mod-
els evaluated, a total of 60 multimodal samples
(video-audio-text triplets) were used for human
assessment. This scale was chosen to balance sta-
tistical power with the high cognitive load required
for expert analysis.

Evaluation Procedure and Compensation
Each annotator spent an average of 1 to 2 hours
completing the suite. All participants received
fair compensation consistent with professional
research consulting rates and at or above local
research-assistant hourly norms for the expected
evaluation time. The evaluation was performed
through a dedicated interface allowing simultane-
ous review of input context and model-generated
future scenes.

Instruction and Criteria Annotators received
the same task content used in the LMM judge
prompts: the observed context, target future frame
or audio reference where applicable, model out-
put, and dimension-specific scoring criteria in Ta-
ble 15. We removed only LMM-specific format-
ting requirements (e.g., JSON schemas, chain-of-
thought triggers) to provide a clean, human-centric
evaluation interface. Annotators were instructed
to score outputs on the 0-2 rubric, ignore model
identity, and skip any item they found unclear or
uncomfortable to evaluate.

E.2 Per-Model Performance Breakdown

Table 8 presents the mean scores () and standard
deviations (o) for the four models. Gemini received
the highest mean scores for generative fidelity and
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Model Mech. Logic Social

Text Img Text Img Text Img
Uni-MoE-2.0 1.29[1.14,1.43] 0.92[0.81,1.03] 1.49[1.36,1.63] 0.55[0.45,0.66] 1.51[1.39,1.62] 0.95[0.84,1.06]
Ming-flash-omni  1.16 [1.02,1.30] 1.44 [1.36,1.52] 1.34[1.20,1.48] 0.96[0.83,1.08] 1.36[1.25,1.47] 1.31[1.20,1.41]
Qwen-3 1.20 [1.06,1.34] 1.61 [1.54,1.68] 1.39[1.26,1.51] 1.42[1.30,1.54] 1.39[1.28,1.50] 1.76[1.70,1.82]
Gemini-2.5-flash 1.57 [1.46,1.68] 1.82[1.76,1.87] 1.64[1.53,1.74] 1.69[1.60,1.76] 1.60 [1.49,1.70] 1.85[1.80,1.89]

Table 10: Detailed pillar performance with 95% bootstrap confidence intervals. This table expands Table 5.

Model Fidelity Consistency Alignment
Original Frozen Original Frozen Original Frozen
Gemini-2.5-flash ~ 1.23 1.26 1.12 1.12 1.21 1.27
Qwen-3 1.19 1.26 0.85 1.10 1.20 1.22
Uni-MoE-2.0 0.92 1.29 0.53 1.07 0.83 1.34
Ming-flash-omni  1.16 1.29 0.47 1.04 1.16 1.32

Table 11: Full frozen-generator results scored with Gemini-3.1-Pro-preview. Each condition contains 300 examples

per model, except Uni-MoE original images (n = 299).

alignment, while the other models received lower
consistency scores.

E.3 Inter-Rater Reliability and Alignment
Analysis

We analyze consensus using pooled Fleiss’ x, exact
pairwise agreement, Krippendorff’s « for ordinal
labels, and pairwise quadratic-weighted . Fleiss’
k is computed at the pooled item level over model-
sample pairs to match the human-evaluation design.
As shown in Table 14, ordinal-aware metrics indi-
cate moderate agreement for visual fidelity and
consistency, while agreement is weaker for audio-
script judgments.

For human-LMM validation, we average the
available human ratings for each of the 60 model-
sample items. In addition to item-level Spearman
correlation, we compare the four model means us-
ing Kendall’s 7 and compute same-sample pair-
wise model-preference agreement after excluding
ties. Consistency yields item-level p = 0.85,
model-rank 7 = 0.91, and 95.0% pairwise agree-
ment. Alignment and fidelity yield p = 0.64/0.65,
7 = 1.00/1.00, and 91.7%/90.7% pairwise agree-
ment. Scene description yields p = 0.42, 7 = 0.33,
and 80.6% pairwise agreement, while the visual
dimensions show consistently stronger alignment.
Together, these results support the LMM judge as
a scalable evaluator for model comparison, with
especially strong alignment on visual dimensions.

Evaluator Bias Pairwise Spearman correlation
analysis confirmed that while individual scoring
thresholds varied—specifically, one evaluator was

consistently more stringent (mean score 0.36—
0.96)—the relative ranking of models remained sta-
ble across all annotators. This robust ranking align-
ment supports the conclusion that performance
gaps identified by OmniNSP are perceptible and
consistent across different experts.

F Example Prompt and Configuration

The following example illustrates the Stage 1 in-
structions used to elicit structured future-state pre-
dictions. The placeholders A and d are replaced
per instance with the temporal offset and target-
segment duration.

Example Stage 1 prompt

You are a multimodal reasoning model perform-
ing a Next Scene Prediction task. Given a context
video, predict the scene A seconds after it ends.
Return (1) a 1-3 sentence Scene Description spec-
ifying the people or entities, actions, objects, en-
vironment, and visible state changes while main-
taining continuity with the context, and (2) an
Audio Script containing only the spoken dialogue
expected at that moment, corresponding to ap-
proximately d seconds of speech. Use an empty
string when no one is speaking. Return only valid
JSON:

{"scene_description": ..,
n 3 ”o. n n
audio_script": oG

Generation and evaluation configuration All
models followed the same semantic instructions
and common output schema. Uni-MoE and Ming
produced the scene-description and audio-script
fields in separate calls; Ming used [NO SPEECH]
when no speech was predicted. Stage 2 generated
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Group n Full Video-only Audio-only AF-V

All 300 1.60[1.54,1.66] 1.52[1.46,1.59] 0.61[0.52,0.70] 0.08 [0.01,0.15]
Informative speech 141 1.66[1.58,1.74] 1.52[1.42,1.61] 0.82[0.68,0.96] 0.14 [0.05,0.23]
Informative non-speech 10 1.50[1.20,1.80] 1.60[1.20,1.90] 0.90[0.50,1.30] -0.10[-0.40,0.20]
Uninformative / empty 149  1.56[1.46,1.64] 1.52[1.44,1.62] 0.39[0.28,0.50] 0.03 [-0.08,0.15]

Table 12: Detailed Gemini-2.5-flash modality ablation by audio informativeness. Brackets are 95% bootstrap

confidence intervals; A denotes Full — Video-only.

Pillar n Full Video-only Audio-only AF-V

Physical 100 1.57[1.46,1.68] 1.57[1.45,1.68] 0.44[0.31,0.58] 0.00[-0.12,0.13]
Logical 100 1.64[1.53,1.74] 1.48[1.36,1.60] 0.73[0.57,0.91]  0.16 [0.02,0.31]
Social 100 1.60[1.50,1.70] 1.52[1.41,1.62] 0.65[0.51,0.80] 0.08 [-0.02,0.19]

Table 13: Modality ablation by pillar. The logical pillar benefits most from audio; the physical pillar shows no

measurable audio effect.

one future image from the context frame and saved
Stage 1 description. The frozen control used the
same inputs with Gemini-2.5-flash-image. Outputs
were scored under the criteria in Table 15; the orig-
inal results used Gemini-3-Pro, and the frozen con-
trol used Gemini-3.1-Pro-preview with the same
rubric and input ordering.
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Dimension Pairwise Agree. Fleiss’ x Kripp. o Weighted ~
Scene Description 58.2% 0.215 0.277 0.278
Audio Script 54.8% 0.112 0.228 0.269
Generative Fidelity 61.0% 0.390 0.583 0.605
Consistency 54.2% 0.280 0.573 0.562
Text-Image Align. 53.1% 0.257 0.386 0.401

Table 14: Inter-rater reliability among human experts using pooled model-sample items. Pairwise agreement denotes
mean exact-match agreement across annotator pairs. Fleiss’ x is computed on pooled items; Krippendorff’s o and
weighted x account for the ordinal 0-2 scale.

Metric

Score 0 (Poor)

Score 1 (Fair)

Score 2 (Good)

Scene Description

Audio Script

Generative Fidelity

Consistency

Text-Image Align.

Predicted scene is causally
inconsistent with the context
video.

Inconsistent with both the
context and the target audio
caption.

Severe artifacts present or the
predicted scene is unclear.

Inconsistent with the observed
scene and its dynamics.

Could plausibly follow context,
but does not match the target
image.

Could plausibly occur, but does
not match the target audio.

Scene is recognizable but
contains visible imperfections.

Partially consistent with the
context but lacks precise

continuity.

Image content and text
descriptions are semantically
inconsistent.

Partially consistent alignment
between visual and textual
elements.

Plausibly follows context AND
aligns with the target image.

Closely matches the target
audio caption.

Clear, high-quality, and
visually plausible generation.

Visually consistent and logical
continuation of the context.

Well-aligned; text perfectly
describes the generated visual.

Table 15: Detailed human evaluation criteria for OmniNSP. Each dimension is rated on a 3-point Likert scale (0-2)
to assess the reasoning and generative quality of Omni-models.

Metric

Evaluated output

Reference / anchor

Role

Scene Description
Generative Fidelity
Consistency
Text-Image Align.
Audio Script

WER / UTMOS /
Speaker Similarity

Predicted future-scene text
Generated future image
Generated future image

Generated image and predicted text
Predicted future speech content

Generated speech

Context segment and target future
frame

Generated image quality, with the
target future frame as task anchor
Context reference frame and target
future frame

Predicted text, generated image,
and target future frame

Target speech/audio annotation;
target-speech samples only
Predicted script and context
speaker audio where applicable

Primary reasoning
score

Primary visual
synthesis score
Primary future-state
consistency score
Primary cross-modal
alignment score
Auxiliary diagnostic

Auxiliary speech
realization diagnostic

Table 16: Reference and anchor usage across OmniNSP evaluation metrics.
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