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Image generation models now produce high-quality static images, yet their ability to represent
how a visual world changes over time remains poorly understood. Practical workflows such as
storyboarding, step-by-step illustration, reference-guided editing, and video previsualization require
models to preserve identities, objects, spatial relations, and causal order across multiple visual
states. Existing evaluations largely measure single-image correctness, compositional alignment, or
video quality, leaving open whether an image model can coherently imagine a temporally ordered
process. We introduce ImageTime, a diagnostic benchmark that uses spatiotemporal consistency as a
behavioral probe of visual world modeling in image generation. Given an action instruction, and
optionally a reference image specifying the initial state, a model must generate one image containing
four ordered key states: initial state, action onset, transition state, and final state. This four-keyframe
protocol is more temporally demanding than single-image generation while avoiding the confounds
of dense video dynamics. ImageTime organizes tasks with a progressive capability hierarchy and
decomposes each scenario into stage-wise state predicates, cross-frame temporal constraints, and
forbidden causal violations. GPT-5.5 scores all generated images under a structured VLM-as-judge
protocol, producing interpretable capability scores, diagnostic subscores, and failure labels. Through
multi-family benchmarking, ImageTime reveals where current image generation systems succeed,
fail, and drift when asked to maintain coherent visual world states over time.

GitHub: https:/ /github.com/gintmr/ImagineTime
Hugging Face: https:/ /huggingface.co/datasets/Xin-Rui/ImageTime_Benchmark
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Figure 1 | Teaser overview of ImageTime. The collage summarizes the benchmark scale of 22 domains, 375
action concepts, and 750 cases, together with the LO-L6 capability tree and the eight-model prompt-only
evaluation setting. A temporally coherent motion sheet must preserve identities, objects, spatial relations,
and causal order across ordered key states rather than only render a plausible final frame.

1 Introduction

Recent advances in artificial intelligence have increasingly suggested that visual perception is not merely
a tool for surface-level pixel synthesis, but a foundational component of higher-level cognition. On the
trajectory toward more general and embodied forms of intelligence, world-aware generation has emerged as
an important research direction [1, 2, 3, 4]: a generative model should not only render realistic visual content,
but also exhibit an implicit understanding of the physical world it depicts [3, 5, 6]. For image foundation
models, this raises a fundamental question beyond static appearance modeling: can they capture the spatial,
temporal, and causal regularities that underlie a coherent visual world [3, 2, 7, 5]? In this sense, the ability to
maintain spatiotemporal consistency is not a peripheral visual skill, but a basic prerequisite for moving image
generation models toward world-aware visual generation.

In this paper, we use visual world modeling in an operational sense: the ability of a generation model to maintain
the latent variables of a depicted scene, including entity identity, object state, spatial layout, interaction
geometry, causal preconditions, and constraints, while the scene evolves under an instructed action. These
variables are difficult to assess from a single image because a single snapshot can look plausible even when
the underlying process is impossible. Ordered visual states make them inspectable: object identity must
persist, spatial anchors must remain stable, state changes must occur only after their causes, and constrained
or counterfactual conditions must prevent invalid outcomes. We therefore treat spatiotemporal consistency as
a behavioral probe of visual world modeling. ImageTime does not claim to directly inspect a model’s internal
world model; instead, it probes whether image models externalize world-model-like behavior when asked to
maintain one coherent visual world through time.

Recent image foundation models have achieved remarkable progress in static image synthesis [8, 9, 10, 11, 12],
producing visually realistic and semantically aligned images that rival human-created visual assets in many
scenarios. However, the physical world is not a collection of isolated frozen snapshots, but a continuous
process of state changes. As image generation models are increasingly used in higher-level visual creation
workflows, including multi-frame storyboarding, step-by-step visual illustration, reference-guided editing,
and video previsualization [13, 14, 15, 16, 17], it becomes necessary to examine whether these models can
represent not only what a scene looks like, but also how it changes over time. This motivates a shift from
static synthesis to process-aware image generation [14, 7], where the key challenge is to preserve the same
world across multiple ordered visual states.

Nevertheless, a substantial gap remains between this emerging requirement and current evaluation protocols.
Most existing text-to-image benchmarks primarily evaluate single-state correctness [18, 19, 20, 21, 22, 23],
focusing on whether a generated image contains the correct objects, attributes, counts, spatial relations,
and overall semantics [18, 19, 20]. While such evaluation is effective for measuring static alignment, it can
be misleading when the task involves state changes. A model may generate a plausible final image while
skipping necessary intermediate actions, duplicating objects, drifting the scene identity, or violating causal
order [14, 7, 3, 24, 25]. For instance, in an action such as opening a drawer and taking out an object, the object
should not appear in the hand before the drawer is opened, and the hand should reach into the drawer before
the object is removed. These failures cannot be reliably diagnosed by judging a single image in isolation
[14,7, 24, 25]. Therefore, evaluating image generation models under ordered multi-state settings is necessary
for revealing whether they truly preserve a coherent visual world over time.

To bridge this critical evaluation gap, we introduce ImageTime, a diagnostic benchmark for evaluating
spatiotemporal consistency in image generation. Rather than treating multi-panel generation as an end task
[14, 13], ImageTime uses it as a controlled evaluation interface for probing whether image generation models
can maintain coherent world states under change. Specifically, given an action instruction, and optionally
a reference image that specifies the initial world state [26, 27, 2], a model is asked to generate a single
image containing four temporally ordered key states: the initial state, action onset, transition state, and final
state. ImageTime contains 750 benchmark cases spanning 22 domains and 375 action concepts, providing
a broad evaluation standard for process-aware image generation. The main experiments in this paper use
the strict prompt-only setting, while the same protocol also supports reference-conditioned edit models
through a 2x2 scaffold whose top-left panel contains a generated reference image. To support fine-grained
and interpretable evaluation, we design a seven-level Capability Tree from LO to L6, covering static grounding,
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identity and anchor preservation, spatial transition, object-state transition, interaction and affordance, causal
process, and constraint/counterfactual reasoning. We further decompose each task into stage-wise state
predicates, cross-frame temporal constraints, and forbidden causal violations [20, 3, 21], and propose a
structured VLM-as-judge evaluation protocol with two complementary score families: capability scores C0O-C9
summarize the main evaluation axes, while diagnostic subscores D0-D14 localize the visual evidence behind
each success or failure. In our reported experiments, GPT-5.5 scores all images generated by all evaluated
models under this structured rubric. These scores assess dimensions such as entity persistence, spatial-view
stability, motion continuity, temporal ordering, causal preconditions, interaction geometry, material and
reflection stability, state conservation, biomechanical plausibility, and constraint following [28, 29, 30, 31]. We
apply this LO-L6 Capability Tree to evaluate multiple image generation models and use GPT-5.5-assisted
multi-round quality checks to refine prompts, case specifications, and the GPT-5.5 judge rubric before final
scoring. In this way, ImageTime provides a controlled probe for diagnosing whether current image generation
models can move from single-state correctness toward coherent multi-state visual reasoning.

In summary, our contributions are threefold:

* A Behavioral Probe and Benchmark for Visual World Modeling. We introduce ImageTime, a diagnostic
benchmark that uses spatiotemporal consistency across ordered key states as an observable probe
of whether image generation models can maintain and evolve a coherent visual world. ImageTime
contributes a concrete evaluation standard with 22 domains, 375 action concepts, and 750 total cases,
extending image generation evaluation from conventional single-state correctness to ordered multi-state
consistency.

* A Seven-Level Capability Tree & Structured Evaluation. We design an L0-L6 Capability Tree with seven
progressive levels covering static grounding, identity and anchor preservation, spatial transition, object-
state transition, interaction and affordance, causal process, and constraint/counterfactual reasoning.
Based on this formulation, we use GPT-5.5 to score all generated images with a structured VLM-as-judge
protocol whose CO-C9 capability scores and D0-D14 diagnostic subscores are explicitly mapped back
to the hierarchy, enabling both fine-grained failure localization and tree-level analysis of progressive
capability degradation.

¢ Systematic Multi-Model Benchmarking & Diagnostic Insights. We apply the 750-case ImageTime
benchmark and the LO-L6 Capability Tree to evaluate multiple families of image generation models.
Our analysis not only quantifies their performance gaps across the seven-level hierarchy, but also reveals
recurring failure modes such as identity drift, scene drift, missing intermediate states, premature final
states, object duplication, impossible contact, and causal-precondition violations, providing diagnostic
insights into the current limitations of image generation models in preserving coherent visual world
states over time.

2 Related Work

2.1 Text-to-Image and Structured Evaluation

Text-to-image evaluation has moved from global image quality and prompt alignment toward fine-grained
diagnosis of compositionality, counting, spatial relations, physical commonsense, reasoning, and human
preference. DrawBench and PartiPrompts exposed failures on complex prompts, text rendering, compositional
scenes, and world knowledge [9, 32]; GenEval, T2I-CompBench, GenAl-Bench, and HEIM further evaluate
object-centric alignment, attribute binding, relations, numeracy, real-world compositionality, and holistic
model behavior [18, 19, 33, 34]; and recent benchmarks such as PhyBench, Gecko, and OnelG-Bench expand
evaluation toward physical commonsense, metric reliability, human ratings, text rendering, reasoning, style,
and diversity [22, 23, 35]. In parallel, structured and human-aligned metrics have become increasingly
common: TIFA and DSG use question-answering and dependency structures for interpretable image-text
faithfulness [20, 21]; VIEScore and VQAScore use multimodal models for explainable or VQA-style scoring
[36, 37]; ImageReward, Pick-a-Pic, and Gecko study human preference alignment [38, 39, 23]; and LMM4LMM
and ImagenWorld use multimodal judges and human annotations for broader diagnostic evaluation [29, 31].

These works provide strong foundations for static image evaluation and structured judging. However, most
are still organized around whether a single generated image satisfies a prompt, rather than whether multiple
ordered visual states preserve identity, temporal order, and causal preconditions.

2.2 Reference-conditioned and Personalized Image Generation

Reference-conditioned generation is now a central interface for controllable visual creation. Subject-driven
and personalized methods such as DreamBooth and DreamTuner adapt target subjects from one or a few
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Figure 2 | Overview of the ImageTime task formulation and failure taxonomy. A detailed action prompt
specifies four ordered key states: initial state, action onset, transition, and final state. The figure illustrates
common failure modes such as premature final states, missing interactions, identity or scene drift, object
duplication, and causal-order violations, and links them to the LO-L6 capability tree.

references [40, 41]; BLIP-Diffusion, IP-Adapter, and ControlNet improve subject representation, image-prompt
conditioning, and structural control [42, 43, 44]; and MultiRef, DreamBench++, and DSH-Bench extend
evaluation to multiple references, human-aligned personalization, and difficulty-aware subject taxonomies
[17, 45, 46]. These works improve reference fidelity and controllability, but their evaluations usually focus on
target-image quality, subject preservation, or editing accuracy rather than multi-stage transformations of the
same reference world.

Recent frontier image-generation systems have also moved toward more general multimodal creation interfaces,
where text-to-image synthesis, image editing, reference conditioning, prompt following, text rendering, world
knowledge, and low-latency deployment are increasingly integrated into a single user-facing model family.
Representative systems include FLUX.2 Pro [47], which emphasizes multi-reference consistency, structured
prompt following, typography, and high-resolution editing; GPT Image 2 [48, 49], which improves instruction
following, world knowledge, dense text generation, and thinking-mode tool use; Nano Banana 2 [50], released
in the Gemini Flash Image family, which targets fast image generation and editing with real-world knowledge,
web grounding, and precise text rendering; Seedream 5.0 Lite [51], a unified multimodal image generation
model with deep thinking and online search capabilities; Qwen-Image-2512 [52, 53], a Qwen-family open-
weight text-to-image model released as an update to Qwen-Image with stronger realism, detail rendering,
and text rendering; HunyuanImage-2.1 [54], an efficient high-resolution 2K text-to-image model with prompt
enhancement, distillation, and open released weights; and Z-Image-Turbo [55], a distilled 6B-class image
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model designed for few-step, low-latency generation while preserving competitive photorealism and bilingual
text rendering. These deployed systems motivate evaluation beyond classical prompt-image alignment,
because their advertised capabilities increasingly involve reference use, reasoning, editing, grounding, and
multi-step visual intent following.

Alongside these recent systems, Stable Diffusion XL (SDXL) [10] remains an important open-weight diffusion
baseline for high-resolution image synthesis. Including SDXL [10] helps separate failures of general diffusion-
based image synthesis from the additional capabilities claimed by more recent multimodal or proprietary
image-generation systems.

2.3 Multi-image, Storyboard, and Visual Process Generation

Beyond single images, many visual creation tasks require coherence across multiple frames, panels, or
interaction turns. VideoDirectorGPT uses language-model planning for consistent multi-scene video gen-
eration [15], AutoStudio studies multi-turn interactive image generation with consistent subjects [16], and
ConsiStory, StoryDiffusion, StoryMaker, and Infinite-Story preserve character identity, appearance, and style
across long-range image sequences [56, 57, 58, 59]. Story2Board targets expressive storyboard generation
with attention to spatial composition, background evolution, and narrative pacing [13], while VinaBench
evaluates faithful and consistent visual narratives through commonsense and discourse constraints [60].
These works highlight cross-image consistency, but they often emphasize narrative coherence, subject identity,
or generation quality rather than predicate-level diagnosis of state transitions.

2.4 Reasoning-centric and World-aware Image Generation

Recent benchmarks increasingly ask whether image generation models can use reasoning and world knowledge
rather than only render surface-level prompt content. R2I-Bench and GIR-Bench evaluate reasoning-driven
image generation under implicit or inferred constraints [61, 62]; Envision studies unified understanding and
generation for causal world process insights and chained text-to-multi-image generation [14]; ImagenWorld
stress-tests open-ended real-world image generation and editing with explainable human annotations [31];
and single-image-to-world studies reflect broader interest in generating interactive or 3D worlds from
static inputs [26, 27, 4]. These studies move image generation toward reasoning and world awareness, but
reference-conditioned visual state transitions remain a more specific and less directly studied evaluation
setting.

2.5 Video Generation and World-model Evaluation

Video benchmarks evaluate temporal behavior in continuous videos, including visual quality, motion smooth-
ness, flickering, subject consistency, dynamics, physical plausibility, and text-video alignment. EvalCrafter,
VBench, and FETV provide multi-dimensional or fine-grained evaluation for large video generation models
[25, 24, 63]; T2V-CompBench and TC-Bench focus on compositional and temporal-compositional video
generation [64, 7]; and VideoPhy, WorldModelBench, WorldScore, VBench-2.0, T2VWorldBench, VideoVerse,
WorldBench, and state-evolution benchmarks examine physical commonsense, instruction following, world
knowledge, intrinsic faithfulness, physical disambiguation, and object-state persistence [5, 3, 2, 65, 66, 67, 68, 69].
Earlier visual reasoning and intuitive physics benchmarks such as CLEVRER, IntPhys, and Physion provide
conceptual foundations for evaluating temporal causality, object permanence, and physical prediction from
vision [70, 71, 72]. These benchmarks provide important tools for temporal evaluation, but they primarily
target continuous video synthesis rather than discrete key-state consistency in image generation.

3 ImageTime Benchmark
3.1 Task Definition

ImageTime evaluates whether an image generation model can depict a coherent visual world as it changes
over time. Given an action instruction, and optionally a reference image specifying the initial state, the model
must generate a single square image containing four temporally ordered keyframes in a 2X2 layout: ¢; initial
state, ¢, action onset, t3 intermediate transition or interaction, and f4 final state. The output is therefore a
motion sheet, not a free-form collage: the same subject, objects, scene, camera/viewpoint, spatial relations,
and causal order must remain inspectable across panels.

ImageTime focuses on spatiotemporal consistency rather than video realism. The four-keyframe interface is
more demanding than single-image generation because the model must maintain one world over multiple
ordered states, but it avoids dense-video confounds such as interpolation, optical-flow smoothness, and
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Level Capability Diagnostic focus

0 Static grounding Instantiate the requested subject, scene/domain, visual style,
camera/view, objects, and initial state.

1 Identity and anchors Preserve actors, targets, non-target objects, clothing, materials,
background anchors, lighting, and viewpoint across panels.

2 Spatial transition Represent objective changes in position, containment, distance,
orientation, support, or relative layout.

3 Object-state transition Track object states, selected sets, counts, attributes, fill levels, and
source-target conservation.

4 Interaction and affordance  Depict plausible contact, tool use, human/object biomechanics,
garment orientation, gaze, attention, and affordance geometry.

5 Causal process Preserve multi-stage preconditions, visible triggers, intermediate
states, conservation, and causal order.

6 Constraint/counterfactual ~ Obey negations, blocked actions, selective operations, no-action

outcomes, and counterfactual world-state conditions.

Table 1 | Progressive capability levels in ImageTime. Lower levels establish the stable visual world; higher
levels require ordered state evolution, causal composition, and constraint-sensitive reasoning.

continuous camera motion. A successful output should preserve object identity and background anchors, show
task-effective position or state changes, respect source—target conservation, maintain plausible interactions,
and avoid impossible or premature final states. For example, if a character pours milk into a glass, the glass
should become fuller only after a visible pouring action and the source bottle should contain less milk.

Figure 2 illustrates the ImageTime task interface: a detailed action prompt specifies four ordered key states,
while the benchmark diagnoses common failures such as premature final states, missing interactions, identity
or scene drift, object duplication, and causal-order violations under the LO-L6 capability tree.

3.2 Progressive Capability Tree

ImageTime organizes tasks with a Progressive Capability Tree rather than a flat content taxonomy. Higher-level
tasks depend on lower-level visual commitments: a model cannot reliably represent causal pouring if it fails
to preserve the bottle and glass, and it cannot reason about a blocked action if it cannot maintain the door,
actor, and attempted interaction. The tree therefore orders capabilities from basic world-state grounding to
increasingly structured temporal, causal, and counterfactual reasoning.

The tree contains seven levels. Static grounding requires the requested subject, scene, style, camera/view, initial
objects, and initial state; in scaffold-conditioned settings, ¢; must also preserve the reference image. Cross-frame
identity and anchor consistency requires actors, target objects, non-target objects, materials, background anchors,
lighting, framing, and spatial layout to remain stable across t1—t4. Spatial and object-state transition requires
visible changes in position, containment, orientation, distance, support, or object state, with source/target
variables such as liquid level, count, or fill amount co-varying correctly. Interaction and affordance geometry
evaluates plausible contact among agents, tools, and targets, including grip, body pose, gaze, tool use,
and support. Causal process composition requires the final state to follow visible triggers and intermediate
stages rather than appearing prematurely. The highest level, constraint and counterfactual world-state reasoning,
introduces negations, selective operations, blocked actions, or conditions under which an event should not
occur.

The tree guides dataset construction, prompt authoring, and evaluation. Each case is assigned capability tags
and written with observable t1-t, states, required predicates, forbidden states, non-target objects, and special
constraints. In evaluation, L-levels define the conceptual hierarchy, C0-C9 scores provide coarse judgments
over ability families, and D0-D14 subscores record the visual evidence behind those judgments. This lets
ImageTime aggregate model behavior back to tree-level scores under the same hierarchy used for task design.

3.3 Data Construction

The dataset was constructed with a human-led, LLM-assisted pipeline. We first manually collected 22 common
domains and designed 200 foundational everyday and domain-specific scenario seeds covering visually
concrete and physically grounded actions, including household manipulation, kitchen processes, clothing,
sports, navigation, social interaction, machines and transportation, pets, gardening, laboratory operations,
quantity reasoning, occlusion, long-horizon processes, and explicit constraints.
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LLMs were used as constrained expansion and specification tools, not as unconstrained task inventors.
Starting from the manually collected domains and seeds, the LLM expanded and normalized the inventory
under fixed rules: each task had to preserve the intended domain, use plausible actors and objects, occur in
a physically appropriate scene, admit a visible four-stage progression, and expose at least one diagnostic
consistency requirement. This produced 375 action concepts across 22 domains; the complete action-concept
inventory is reported in Appendix Section B and Table 6. For each concept, we created two variants with
semantically related but visually distinct setups, resulting in 750 benchmark cases.

For each case, an LLM-assisted drafting step produced a structured process specification and a generation
prompt. The specification records the action, visual setup, expected t1—t4 states, key entities, stable non-target
objects, state predicates, temporal constraints, forbidden premature or impossible states, and task-specific
consistency requirements. The prompt verbalizes these requirements as a single-image 2x2 motion-sheet
instruction. We then generated pilot images with GPT Image 2 [48, 49] and manually repaired 170 cases whose
prompts induced obvious factual, scale, scene, or common-sense mismatches. The repair step helps ensure
that measured failures reflect model limitations rather than ambiguous or physically mismatched prompts.

3.4 Output Settings

ImageTime supports prompt-only and reference-conditioned settings under the same four-keyframe interface.
In the prompt-only setting, used for the main comparison in this paper, the model receives only the textual
motion-sheet prompt and must synthesize all four panels from scratch.

For edit-capable models, ImageTime also defines a reference-conditioned scaffold setting. For each case, we
generate a square 1:1 reference image with GPT Image 2 [48, 49] to instantiate the initial world state. This
image is placed in the top-left t; cell of a square 2x2 scaffold, and the model completes ¢;, t3, and t4 from the
same action prompt. This setting tests whether a model can preserve a given reference scene while rolling it
forward through ordered state changes.

Both settings are evaluated as single-pass generation tasks. For each model-case pair, the prompt is submitted
once and the returned image is scored as-is. We do not use multi-turn dialogue, iterative correction, judge
feedback, rejection sampling, or manual selection during evaluation. The benchmark therefore measures
whether a model can construct the full ordered motion sheet in one generation attempt.

The same structured judge applies to both settings. In prompt-only evaluation, C1 reference grounding is
null. In scaffold-conditioned evaluation, C1 measures whether the generated t; panel and subsequent panels
preserve the reference subject, scene, style, camera view, layout, and initial state. C1 is therefore excluded
from the prompt-only totals reported in this paper.

4 Evaluation Protocol
4.1 Layout Validation

Each generated result first passes through a layout gate. The expected output is a single 2x2 motion sheet
with four readable panels ordered as top-left, top-right, bottom-left, and bottom-right, corresponding to ¢
initial state, ¢, early action state, ¢3 intermediate action state, and t4 final state. The check records whether all
panels are present, visually separable, complete, readable, and temporally ordered. For scaffold-conditioned
settings, the top-left panel is also checked against the reference image for subject, object, scene, style, camera,
and starting-state preservation.

Layout validity is reported separately from spatiotemporal consistency. If the output is not a usable four-panel
sheet, CO is set to zero and downstream temporal, causal, and interaction scores are conservatively capped.

4.2 Structured VLM-as-Judge

We use a structured VLM-as-judge protocol instead of a single holistic preference score. In all reported
experiments, GPT-5.5 is used to score the images generated by every evaluated model. That is, each prompt-
only motion sheet from GPT Image 2, Nano Banana 2, Seedream 5.0 Lite, FLUX.2 Pro, Qwen-Image-2512,
Z-Image-Turbo, Hunyuanlmage-2.1, and SDXL is passed to the same GPT-5.5 judging pipeline with the
same structured inputs and rubric. We use GPT-5.5 because it is a state-of-the-art multimodal model with
strong visual parsing, instruction following, and structured reasoning ability, which are required for checking
whether a generated four-panel sheet preserves entities, spatial anchors, temporal order, causal preconditions,
interactions, and constraints.
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ID Dimension Focus

Co Layout validity Exactly four readable, self-contained panels in the expected 2X2 temporal order.

C1 Reference grounding For scaffold settings, 1 preserves the reference subject, scene, style, view, layout, and state.

C2 Entity consistency Subjects, objects, quantities, roles, orientation, materials, reflections, and target/non-target identities

ersist.

C3 Spatial-view consistency gcene, relative positions, support, scale, camera, depth, lighting, shadows, reflections, and anchors
remain coherent.

C4 Motion continuity Actors or objects show task-effective displacement with plausible pose, direction, support, and path
progression.

C5 Temporal ordering Panels follow t; — t» — t3 — t4 without skipped or premature states.

C6 Causal process consistency State changes follow visible preconditions, contact, force, tool use, body mechanics, and conservation.

c7 Interaction consistency Agents, tools, targets, recipients, garments, gaze, attention, and affordances interact plausibly.

Cc8 Constraint/counterfactual sensitivity ~Explicit negations, selective operations, blocked actions, and counterfactual conditions are obeyed.

c9 Visual quality The full motion sheet is clear, coherent, artifact-free enough, style-matched, and informative for
judging.

Table 2 | Capability-score rubric CO—C9. These scores summarize the main evaluation axes used to judge
whether a generated motion sheet is valid, consistent, temporally ordered, causally coherent, constraint-
sensitive, and visually readable.

The evaluation has three linked layers: the Progressive Capability Tree defines the abilities being probed, C-
scores summarize the main evaluation axes, and D-scores provide fine-grained visual evidence for interpreting
each C-score. For each generated image, GPT-5.5 receives the generated image, process specification, original
generation prompt, C0-C9 capability rubric, D0-D14 diagnostic rubric, conservative score-capping rules, and,
when applicable, the scaffold reference image. The prompt is treated as the authority for the required subject,
action, scene, style, camera view, objects, constraints, and output format; GPT-5.5 is instructed not to infer the
task from the generated image alone.

The judge first parses the intended process from the prompt and case specification, including the required
t1—t4 states, actors, target objects, tools, non-target objects, temporal order, causal preconditions, quantity
or occlusion constraints, and special conditions such as negation, blocked actions, gaze tracking, multi-
agent interaction, or counterfactual requirements. It then parses the generated image panel by panel and
tracks prompt adherence, entity identity, spatial anchors, camera scale, motion paths, interaction geometry,
source—target state conservation, biomechanics, and task-specific constraints across panels.

The final judgment contains two complementary score families. Capability scores CO-C9 cover layout validity,
reference grounding, entity consistency, spatial-view consistency, motion continuity, temporal ordering,
causal process consistency, interaction consistency, constraint/counterfactual sensitivity, and visual quality.
Diagnostic subscores D0-D14 cover panel parse integrity, task-entity binding, object permanence, background
anchors, spatial coordinates, camera scale and depth, pose-position coupling, contact geometry, state-transition
visibility, phase distinctiveness, gaze/intent alignment, quantity and attribute binding, occlusion consistency,
constraint execution, and visual readability. Thus C-scores identify which high-level abilities succeed or fail,
while D-scores explain the visual evidence behind those judgments.

The C/D rubric is defined in Table 2 and Table 3, and mapped back to the tree in Table 4. Each tree node is
measured by a small set of C dimensions and supporting D diagnostics; some dimensions support multiple
nodes because the same evidence is shared across identity, spatial, transition, interaction, and causal reasoning.
The mapping in Table 4 is the exact mapping used for the prompt-only tree-level results.

Tree node C dimensions D dimensions Aggregation note

Gate: Protocol Co D0, D14 Interface gate; reported separately from
LO-Lé6.

LO: Static grounding C2,C3,C9 D1, D14 Static world instantiation in prompt-only
scoring.

L1: Identity and anchors C2,C3 D2, D3, D5 Entity, background, and viewpoint per-
sistence.

L2: Spatial transition C3,C4 D4, D5, D6, D8, D9 Spatial relations, displacement, and
phase evidence.

L3: Object-state transition C2,C6 D2, D8, D11, D12 Object lifecycle, conservation, quantity,
and occlusion evidence.

L4: Interaction and affordance C4, C6, C7 D6, D7, D10 Motion, contact, tool use, and attention
evidence.

L5: Causal process C5,C6 D8, D9, D11 Ordered preconditions, visible transi-
tions, and conservation.

L6: Constraint/counterfactual C8 D13 Computed only on applicable constraint

cases.
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Group ID Dimension Focus

Layout DO Panel parse and crop integrity Panels are complete, separated, ordered, readable, and not stitched, merged,
polluted, or cropped.
Entity D1 Task-entity binding Correct actor, target, recipient, tool, container, obstacle, non-target object, and final
object.
Entity D2 Object permanence and lifecycle Objects and actors persist, transform, transfer, hide, appear, or disappear only for
task-valid reasons.
Entity D3 Background anchor persistence Stable anchors, surface textures, shadows, reflections, windows, roads, signs, and
background objects remain consistent.
Spatial D4 Spatial coordinate and relation consis- Left/right, front/back, inside/outside, support, contact, containment, distance,
tency and anchor-relative positions are coherent.
Spatial D5 Camera, scale, and depth continuity ~ Viewpoint, crop, scale, perspective, lighting, shadows, reflections, and depth stay
stable unless justified.
Motion D6 Trajectory and pose-position coupling Pose, position, facing direction, stride phase, support, and displacement change
together.
Motion D7 Contact, support, and affordance geom- Hand-object, tool-target, foot-ground, grip, pouring, insertion, hinge, sleeve, collar,
etry handle, and support geometry is plausible.
Motion D8 State-transition visibility Important state changes and source/target variables are visibly decomposed, not
only shown as start/end.
Temporal D9 Phase distinctiveness t1—t4 are meaningfully different ordered phases, not repeats, early final states, or
unrelated snapshots.
Interaction D10 Attention, gaze, and intent alignment  Gaze, head orientation, pointing, reaching, body facing, and attention align with
the active target.
Attribute D11 Quantity, set membership, and at- Counts, fill levels, source/target volumes, selected objects, groups, and color-object
tribute binding bindings are correct when applicable.
Occlusion D12 Occlusion and reappearance consis- Hidden, inside, behind, or reappearing objects remain consistent when occlusion
tency is task-relevant.
Constraint D13 Constraint execution Explicit prohibitions, blocked actions, no-action outcomes, selective operations,
and counterfactual conditions hold.
Readability D14 Visual readability for judging Small objects, hands, feet, contact points, faces, tools, openings, reflections, and

panel boundaries are clear enough.

Table 3 | Diagnostic-subscore rubric D0-D14. These subscores provide fine-grained visual evidence for why
each capability succeeds or fails, including entity binding, spatial anchors, motion evidence, temporal phases,
interaction geometry, quantity or occlusion consistency, constraint execution, and readability.

Table 4 | Exact prompt-only aggregation from Progressive Capability Tree nodes to structured C/D judge
scores. C-scores provide coarse capability judgments, while D-scores provide the visual evidence used
to interpret and aggregate each tree node. C1 reference grounding is reserved for reference-conditioned
edit/scaffold settings and is not used in the prompt-only tree scores.

4.3 Metrics

All capability and diagnostic scores use a discrete integer scale from 0 to 10. A score of 10 denotes a correct or
near-correct result, mid-range scores indicate partial satisfaction with visible flaws, and 0 denotes a failed,
contradicted, missing, unreadable, or unrelated result. When evidence is ambiguous between adjacent scores,
the judge chooses the lower score. Each C-score also reports a confidence value in [0, 1]. A score may be null
only when the dimension is genuinely not applicable, such as C1 for prompt-only settings, C8/D13 for tasks
without explicit constraints, D11 for tasks without quantity or attribute binding, and D12 for tasks without
occlusion or reappearance.

For aggregate reporting, C mean averages applicable C-score dimensions except C1 in prompt-only experi-
ments; D mean averages applicable D-score dimensions; and Overall mean is the balanced average of C mean
and D mean. C9 visual quality is included as one C-score dimension rather than a separate ranking axis, so
visual polish cannot compensate for missing temporal phases, incorrect causal order, or failed interaction
geometry. In reference-conditioned edit/scaffold settings, C1 is reported as a dedicated reference-grounding
score, but it remains null and excluded for the prompt-only comparison reported here.

For tree-level analysis, let C; and D;, denote the mapped capability and diagnostic dimensions for tree node
L in Table 4. We compute

1 1
T = Emean(CL) + Emean(DL),

where null dimensions are omitted and the available family is used if only one family applies. This balanced
aggregation prevents the larger diagnostic set from overwhelming the coarser capability score, while still
requiring each tree-level claim to be backed by visual evidence. The layout gate is reported separately; LO-L6
are used to analyze progressive capability degradation.

The rubric also includes conservative score-capping rules. Scores are capped when the output is not a
usable ordered 2x2 sheet; when panels form a panorama or collage rather than four complete stages;
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when the requested action, actor, target, tool, recipient, scene, or style is wrong; when recurring objects
disappear, duplicate, or change identity /material without task justification; when motion tasks lack objective
displacement or show copied phases; when source and target states fail to co-vary in transfer, filling, emptying,
or assembly tasks; or when blocked or counterfactual conditions are violated. These caps prevent high-level
consistency scores when lower-level evidence contradicts the required process.

4.4 Quality Control and Rubric Calibration

The current large-scale results use GPT-5.5 as the primary scoring model for the structured VLM judge. Before
final scoring, GPT-5.5-assisted multi-round quality checks were used to refine the prompts, case specifications,
judge prompts, and rubric definitions. During dataset construction and repair, pilot outputs were inspected
to identify prompts with factual, scale, scene, or common-sense mismatches; these cases were rewritten and
regenerated before final prompt-only scoring.

The repeated checks also calibrated the GPT-5.5 judge prompts, capability definitions, diagnostic criteria,
and conservative score-capping rules. They focused on whether GPT-5.5 reliably penalized visible failures in
entity consistency, spatial-view stability, motion continuity, temporal ordering, causal process consistency,
interaction geometry, and constraint sensitivity. The main reported comparison remains automated and
reproducible from the released prompts, images, GPT-5.5 score files, and judge rubric.

5 Experiments

5.1 Models and Settings

We evaluate eight text-to-image models in the prompt-only ImageTime setting: GPT Image 2 [48, 49], Nano
Banana 2 [50], Seedream 5.0 Lite [51], FLUX.2 Pro [47], Qwen-Image-2512 [52, 53], Z-Image-Turbo [55],
HunyuanImage-2.1 [54], and SDXL [10]. Each model is evaluated on the same 750 ImageTime prompts. The
prompt-only setting is intentionally strict: the model receives no reference image and must synthesize a
complete ordered 2x2 motion sheet from text alone. Generation is single-pass: for each prompt and model,
we make one generation request, keep the first returned image, and do not run follow-up dialogue, iterative
revision, regeneration-based selection, or human curation. The full prompts, generated images, judge inputs,
and score files will be released with the benchmark data; representative same-prompt visual comparisons are
provided in Appendix Section C, such as Figure 22.

All reported scores use the structured VLM judge described in Section 4. We use GPT-5.5 to score all images
generated by all evaluated models. GPT-5.5 receives the generated image, the original generation prompt, the
process specification, and the C/D rubric. It first checks the panel layout, then parses each panel against the
required t1—t4 process, and finally returns C0—-C9 capability scores, D0-D14 diagnostic scores, confidence
values, and failure labels. For aggregate reporting, C mean averages the applicable capability scores except
C1, which is not applicable in prompt-only experiments; D mean averages applicable diagnostic subscores;
Overall mean is the balanced average of the two families.

5.2 Capability Decomposition

Figure 3 first summarizes the C-score capability profile of each model. This view is useful before looking at
any aggregate ranking because it reveals which abilities form the model signature. The strongest systems do
not merely score higher on visual quality or layout: GPT Image 2 [48, 49], Nano Banana 2 [50], and Seedream
5.0 Lite [51] keep a broad envelope across entity consistency, spatial-view consistency, motion continuity;,
temporal ordering, causal process consistency, interaction consistency, and constraint sensitivity. By contrast,
the largest separations appear on C4 motion continuity, C5 temporal ordering, C6 causal process consistency,
and C8 constraint sensitivity. This already indicates that ImageTime is not mainly measuring whether a
model can draw four panels, but whether it can maintain a process across them.

The radar plot also separates two kinds of progress. Open-weight or lower-cost systems such as Qwen-
Image-2512 [52, 53] and Z-Image-Turbo [55] often satisfy the basic interface and preserve some static world
structure, but their envelopes contract sharply on motion, temporal, causal, and constraint-sensitive axes.
SDXL [10] shows an earlier failure mode: its default generation behavior is poorly matched to the strict
ordered motion-sheet interface, so higher-level process reasoning is often not meaningfully exposed.

5.3 Diagnostic Evidence

Figure 4 then provides the visual evidence behind the C-score gaps. The most informative diagnostic
dimensions are D8 state-transition visibility, D9 phase distinctiveness, D6 trajectory—pose coupling, D11
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Figure 3 | Radar view of prompt-only capability scores across all eight evaluated models. The axes correspond
to CO and C2-C9; C1 is omitted because reference grounding is not applicable without a reference image. The
faint purple envelope highlights the GPT Image 2 capability profile, while all model contours and markers
are retained for comparison.
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Figure 4 | Fine-grained diagnostic decomposition across D0-D14. Process-sensitive diagnostics include
trajectory—pose coupling (D6), state-transition visibility (D8), phase distinctiveness (D9), quantity and
attribute binding (D11), occlusion and reappearance consistency (D12), and constraint execution (D13).

quantity and attribute binding, D12 occlusion/reappearance consistency, and D13 constraint execution. These
are precisely the dimensions where a model must do more than independently render plausible snapshots. It
must show where an object moved from, how a pose supports the displacement, whether source and target
states co-vary, and whether explicit constraints prevent invalid outcomes.

Together, Figure 3 and Figure 4 show why a structured judge is needed. The C-scores identify broad capability
gaps, while the D-scores localize the evidence that makes those gaps interpretable. For example, a low
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Figure 5 | Tree-level scores across the Progressive Capability Tree. Lower-performing models show sharper
degradation at higher capability levels, especially causal process composition and constraint/counterfactual
reasoning, while stronger models remain comparatively stable across LO-L6.

causal-process score is not treated as an opaque failure: it can be traced to missing transition visibility, repeated
phases, impossible contact, or quantity non-conservation. This decomposition is what lets ImageTime connect
a model-level ranking back to concrete world-state failures.

5.4 Tree-Level Capability Analysis

Figure 5 aggregates the C/D evidence back into the Progressive Capability Tree. This view changes the
interpretation from “which metric is low” to “where along the world-modeling progression the model begins
to fail.” Lower levels test static grounding and identity preservation; higher levels test spatial and object-state
transitions, interaction geometry, causal process composition, and constraint-sensitive world-state reasoning.

The key pattern is not strict monotonic decline for every model, but a clear upper-level degradation trend,
especially among weaker systems. GPT Image 2 remains comparatively stable from L0 static grounding
through L5 causal process and L6 constraint/counterfactual reasoning, suggesting that its advantage is
not confined to rendering or prompt grounding. Nano Banana 2 and Seedream 5.0 Lite preserve strong
lower- and mid-level scores but degrade more at the highest constraint-sensitive level. FLUX.2 Pro starts
from a reasonable static-grounding profile but drops when the task requires causal process composition.
Qwen-Image-2512, Z-Image-Turbo, and HunyuanImage-2.1 show larger upper-level collapses, indicating
that static scene construction is easier than maintaining a causal process over ordered states. Thus, the tree
analysis turns the C/D decomposition into a capability ladder: current models increasingly struggle as the
task moves from scene construction to constrained world-state evolution.

5.5 Overall Prompt-Only Results

Table 5 gives the compact model-level summary after the capability and diagnostic evidence has been
established, and Figure 6 shows the corresponding distribution of Overall mean scores over all 750 prompt-
only cases. GPT Image 2 obtains the strongest Overall mean, followed by Nano Banana 2 and Seedream 5.0
Lite. FLUX.2 Pro forms the next tier, while Z-Image-Turbo, Qwen-Image-2512, and Hunyuanlmage-2.1 remain
below the frontier systems on the balanced aggregate. SDXL has the lowest Overall mean, mainly because
many outputs fail the ordered four-panel interface before higher-level temporal reasoning can be evaluated.

The table is useful not only as a leaderboard, but as a consistency check between coarse and fine-grained
evaluation. C mean and D mean are close for the strongest systems, which suggests that their broad capability
scores are supported by fine-grained visual evidence. For several middle-tier systems, D mean is slightly
higher than C mean, reflecting that they can sometimes produce local visual evidence of objects, anchors, or
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Model N Cmean Dmean Overall mean

GPT Image 2 [48, 49] 750 7.86 7.87 7.86
Nano Banana 2 [50] 750 7.43 7.47 7.45
Seedream 5.0 Lite [51] 750 7.13 7.20 7.16
FLUX.2 Pro [47] 750 5.92 6.28 6.10
Z-Image-Turbo [55] 750 5.14 5.69 5.41
Qwen-Image-2512 [52, 53] 750 5.09 5.55 5.32
HunyuanImage-2.1 [54] 750 491 5.04 4.98
SDXL [10] 750 1.49 1.64 1.57

Table 5 | Prompt-only ImageTime results over 750 motion-sheet generations per model. C mean averages
applicable capability scores except prompt-only reference grounding (C1), D mean averages applicable
diagnostic subscores, and Overall mean is the balanced average of the two families. Null dimensions are
omitted rather than reported as separate columns.

Figure 6 | Distribution of Overall mean scores across the 750 prompt-only cases for each model. Boxes show
the interquartile range; black lines show medians; whiskers show 5th-95th percentiles; hollow circles show
means.

readable panels even when the full process does not cohere. The Overall mean therefore serves as a compact
summary, while the preceding figures explain why each model occupies its tier.

Figure 6 asks a different question from Table 5: not only how high the model scores on average, but how
reliably it maintains spatiotemporal consistency across diverse prompts. GPT Image 2, Nano Banana 2,
and Seedream 5.0 Lite have higher medians and comparatively compact interquartile ranges, indicating
that their advantage is not driven by a small number of easy cases. Z-Image-Turbo, Qwen-Image-2512, and
HunyuanImage-2.1 show lower medians and broader low-score behavior, which is important for deployment:
a model may occasionally produce a coherent motion sheet, but still be unreliable under varied process
instructions.

Read together, Table 5 and Figure 6 distinguish average capability from reliability. The table gives the central
tendency, while the distribution exposes whether that central tendency is stable across the benchmark or
hides a heavy tail of failures.

5.6 Category-Level Robustness

Figure 7 reports category-level Overall mean scores over all 22 fine-grained ImageTime categories, recon-
structed from the filename and case-id prefixes. This view is no longer restricted to only the most discriminative
rows; it shows the coverage of the full prompt set, including animation, caregiving, clothing, constraints, daily
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Figure 7 | Fine-grained category-level prompt-only Overall mean scores. Rows cover all 22 ImageTime
categories reconstructed from the case filename and case-id prefixes, and columns report the eight evaluated
models.

actions, games, gardening, household, kitchen, lab, long-horizon processes, machines, nature, navigation,
occlusion, pets, quantity-focused tasks, repair, social interaction, sports, systems, and unboxing. The pattern
reveals both category difficulty and model robustness: household, kitchen, lab, and gardening cases are
comparatively high on average, while systems, constraints, and quantity-focused cases are harder because
they stress stable anchors, blocked or selective actions, and source-target state conservation. These category
differences matter because they show that ImageTime is not a single generic difficulty scale; different prompt
families expose different weaknesses in world-state tracking.

5.7 Score-Family and Cost Analysis

Figure 8 compares C mean and D mean at the per-output level, while Figure 9 compares reported generation
cost for 750 images with Overall mean performance.

Most model means lie close to the diagonal, but the scatter reveals an important evaluation risk: some
individual outputs can receive stronger coarse capability scores than fine-grained diagnostic evidence. Points
below the diagonal indicate motion sheets that look broadly plausible while still lacking detailed support
for object lifecycle, interaction geometry, temporal phase separation, or constraint execution. This supports
the decision to report both capability and diagnostic families rather than collapsing the judge into a single
holistic score.

Because public cost estimates are not a controlled economic benchmark, the cost plot should be read as a
practical reference. The notable result is that low generation cost alone does not guarantee reliable temporal-
process generation: inexpensive systems can be attractive for scale, but their lower Overall means indicate
weaker robustness under ordered state-change tasks. At the same time, the placement of Qwen-Image-2512
and Z-Image-Turbo shows that open or low-cost systems are already entering the spatiotemporal-consistency
regime, even if frontier proprietary systems still dominate the upper-right performance region.
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6 Discussion
6.1 Practical Insights and Future Outlook

ImageTime shows that temporally ordered image generation is not simply a matter of drawing four attractive
panels. The strongest systems usually understand the requested scene and can produce a readable motion
sheet, but they still fail on details that require a persistent world state. Common failures include copied phases,
camera and background-anchor drift, target-object jumps, impossible contact geometry, unchanged source
quantities after transfer, and premature final states. These errors are difficult to detect with single-image
alignment metrics because each individual panel can appear plausible in isolation. The results also separate
visual quality from process coherence: several models score reasonably on C9 visual quality while scoring
much lower on C4-C6 motion, temporal order, and causal consistency. This suggests that current image priors
are often strong enough to render a scene, but weaker at maintaining the hidden variables that make a process
coherent, such as where an object came from, how much material remains, which actor is interacting with
which target, and which intermediate contact must occur before the final state. The four-keyframe protocol is
useful because it forces these hidden variables to become visually inspectable.

The Progressive Capability Tree provides a compact interpretation of these failures. Lower tree levels ask
whether the model can instantiate a static world and preserve identities, while higher levels ask whether the
same world can evolve through spatial transitions, object-state transitions, interactions, causal preconditions,
and constraints. The empirical tree scores show a progressive drop for most weaker models. This pattern
supports the benchmark design: failures are not random artifacts of the judge, but align with increasingly
demanding visual reasoning requirements. ImageTime should therefore be interpreted as a behavioral probe
rather than direct evidence of an internal world model. High scores indicate that a model can externalize
world-model-like consistency in generated images, while low scores reveal failures in maintaining visually
inspectable world states under temporal change.

The results carry several practical messages for both academic and industrial model development. First,
open-weight or low-cost systems such as Qwen-Image-2512 and Z-Image-Turbo are not merely static-image
baselines: they often follow the requested 2x2 interface and exhibit nontrivial evidence of entity preservation,
spatial anchoring, and ordered state change. Although they lag behind the strongest proprietary systems on
causal, motion, and constraint-sensitive dimensions, their ability to produce readable motion sheets suggests
that basic spatiotemporal process generation is already emerging outside closed frontier models. Second,
reasoning-oriented generation is a useful and important direction. Systems such as GPT Image 2 and Nano
Banana 2 achieve the strongest overall results, and their advantage is most visible on dimensions that require
planning across panels, including temporal ordering, causal process consistency, motion continuity, and
constraint sensitivity. At the same time, these systems still fail on object-state conservation, contact geometry,
subtle occlusion, and blocked or counterfactual actions. Reasoning improves the ability to plan a process, but
it does not yet guarantee robust visual state tracking.

The qualitative Dense-Grid Generative Potential study in Appendix Section A pushes this observation beyond
the benchmark’s four-keyframe interface. When GPT Image 2 and Nano Banana 2 are asked to produce

2026.06 Preprint 15



denser 4x2, 4x4, 4x6, and 4x8 temporal grids, they can often obey the more complex layout and generate
visually coherent anime-style or realistic motion sheets, as illustrated by Figure 10. This is an encouraging
signal for industry: current image generators are beginning to externalize longer visual processes rather
than only isolated snapshots. However, close inspection still reveals residual world-state errors, including
subtle identity drift, repeated or skipped phases, inconsistent background anchors, and imperfect object-state
conservation. Thus, dense-grid examples strengthen the same conclusion as the quantitative benchmark:
strong models already show impressive visual world-modeling behavior, but their temporal state tracking
remains fragile when the requested process becomes longer or more layout-constrained.

Overall, the benchmark suggests that current image models already exhibit basic visual world-model-like
behavior: many can instantiate a coherent scene, preserve identities and anchors, and depict simple ordered
transitions. The remaining gap is not the absence of world-state behavior, but its fragility under longer, more
constrained, or more causally demanding processes. For deployed image-generation systems, this implies that
progress should be reported not only through visual quality, prompt following, and preference scores, but
also through explicit diagnostics of state persistence, transition visibility, causal preconditions, and constraint
execution. For research, it suggests that image generation benchmarks can serve as controlled probes of visual
world modeling, bridging static image evaluation and dense video evaluation.

Looking forward, ImageTime points to a broader agenda for improving the world-modeling ability of
image generation systems. From the data-collection side, future work can build scalable pipelines that mine
continuous videos for temporally grounded training examples: detect action segments, select key states, track
entities and contact events, infer state predicates, and convert the resulting process traces into paired prompts,
references, and supervision targets. Such pipelines would allow training data to move beyond isolated image-
caption pairs toward structured examples of how the visual world changes over time. From the model-training
side, image models could be explicitly trained to preserve world states across keyframes, using objectives for
identity consistency, spatial anchoring, quantity conservation, contact validity, causal preconditions, and
constraint satisfaction. This may improve not only spatiotemporal consistency metrics, but also the model’s
broader understanding of real-world objects, interactions, and physical processes. From the evaluation side,
benchmarks should combine key-state probes, dense-video diagnostics, GPT-5.5-assisted rubric calibration,
and judge ablations, so that improvements in visual quality are separated from improvements in state tracking
and causal coherence. From the deployment side, generation systems could expose controllable intermediate
states, editable process plans, and uncertainty signals when the requested action requires fragile physical
reasoning. Together, these directions suggest a path from better benchmark scores toward image models that
more faithfully represent how the world persists, changes, and constrains possible actions.

6.2 Limitations

There are several boundaries to the current study. First, ImageTime evaluates key-state consistency, not
dense video motion. A model that performs well here may still fail at frame-by-frame video dynamics, and
a video model may solve some interpolation problems that a static image model cannot. Second, the main
cross-model experiment uses the strict prompt-only setting. This is deliberately challenging, but it also
asks the model to solve layout, prompt parsing, and temporal construction at once. Reference-conditioned
and scaffold-conditioned settings can isolate different sources of failure and should be expanded in future
comparisons. Third, the large-scale scores rely on GPT-5.5 as a structured VLM judge. We reduced obvious
judge failures by providing the original prompt, process specification, detailed C/D rubric, and conservative
score-capping rules, but GPT-5.5 judging remains an imperfect proxy for human assessment, especially for
small contacts, subtle reflections, occlusions, and physically plausible but unusual actions. Finally, ImageTime
evaluates generated outputs rather than directly observing the internal representations of the model. The
most reproducible comparison is therefore the released set of generated images and score files, together with
the scripts that produced and analyzed them.

7 Conclusion

We introduced ImageTime, a diagnostic benchmark for evaluating whether image generation models
can maintain a coherent visual world across temporally ordered key states. The benchmark combines a
four-keyframe motion-sheet protocol, a progressive capability tree, structured process specifications, and
GPT-5.5-based C/D scores that localize both high-level capability gaps and fine-grained visual evidence.

Across 750 prompt-only tasks and eight image generation systems, the results show that strong visual
synthesis does not guarantee reliable temporal-process construction. GPT Image 2 and Nano Banana 2
perform best overall, but even high-scoring systems exhibit failures in causal preconditions, intermediate-state
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visibility, quantity conservation, interaction geometry, and constraints. Lower-scoring systems often fail
earlier, either by not producing the required four-panel interface or by repeating near-static panels without a
meaningful state transition.

ImageTime therefore complements static image benchmarks and video benchmarks. It does not claim to
measure all forms of temporal understanding, but it provides a controlled and interpretable probe of key-state
consistency. This makes it useful for tracking progress from static scene rendering toward image generation
systems that can preserve identities, objects, spatial relations, and causal structure as a visual world changes
over time. Appendix Section D summarizes the release artifacts, GPT-5.5 scoring setup, intended use, and
evaluation boundaries.
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A Dense-Grid Generative Potential

The preceding benchmark uses four-keyframe motion sheets to make spatiotemporal consistency measurable
at scale. Here we add a qualitative stress test with denser temporal grids. We randomly sample prompts from
the domain-level example pool and ask GPT Image 2 and Nano Banana 2 to generate 4x2, 4x4, 4x6, and 4x8
motion sheets, with multiple prompts per grid shape. Here 4xIN denotes four temporal rows with N panels
per row. In each comparison, the two raw model outputs are shown at matched display scale while preserving
their original aspect ratios. These examples are not included in the quantitative scores; they illustrate how
current image generators may extend a short action prompt into longer ordered visual processes.

Rainy Street | 4x2 Anime Dense Temporal Grid

Acticn npen a glowing wnbrella

GPT Image 2 | native 937x1679 Nano Banana 2 | native 768x1376

|
i
i

e

Primpl simary: i yie 457 mestion sheel oy apen o awing imbrella e wmbrelln starts elosed ol her side she nises i abiove her bed: the comegy im/alds and enlehis te v (i fnal st shows o Gilly open el

with a pentle magical plowr while the same strect. sipns, paddles, and pose contumity remain stable. Images arc showmn at matched display scale without changing cither rew imege's aspoct ratto.

Rane nakive sizes: GPT Tinage 2 637x 1679 Yane Thnana 2 768x 1176,

Figure 10 | Anime-style dense-grid qualitative comparison for a Rainy Street prompt using a 4x2 temporal
grid, i.e., four rows with two panels per row.
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Occlusion | 4x2 Dense Temporal Grid

Action: & hall rells under a ralile

GPT Image 2 | native 937x1679 Nano Banana 2 | native 768x1376

Primipl simary: genarale ne v s 2eolmim oo shest Uhe Gt el stacs befne he netion: inenmediate pmels s ondered sl pragress: the G e shews he st vl whils prsserving idaniity, el
and non-target of . Images are shewn at matehed display scale without changing cither raw image's aspeet 1atio.

Rane nakive sizes: GPT Tnage 2 637x 1679: Yane Thnana 2 768x1176,

Figure 11 | Dense-grid qualitative comparison for an Occlusion prompt using a 4x2 temporal grid, i.e., four
rows with two panels per row.
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Indoor Navigation | 4x2 Dense Temporal Grid

Acton: from hedroom o dooreray

GPT Image 2 | native 937x1679 Nano Banana 2 | native 768x1376

Promepl summary: gensrale one S1om 0 Z-eolmm ot shest The Gt pemel slarls e fone ihe action: ntennediate prnels s ondered cansal progress; the Aol pone] shews e completad resall while preserving idenizny, livoal|
and non-target objeets. Images are shown at matehed display scale without changing cither faw image's aspeet 1atio.

Rane nakive sizes: GPT Tnage 2 637x 1679: Yane Thnana 2 768x1176,

Figure 12 | Dense-grid qualitative comparison for an Indoor-navigation prompt using a 4x2 temporal grid,
i.e., four rows with two panels per row.
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Unboxing | 4x4 Dense Temporal Grid

Actinn: apply a sereen prowenr

GPT Image 2 | native 1254x1254 Nano Banana 2 | native 1024x1024

Promipl simary: genarale ne v s 4-colmm oo shest Uhe Gt el stacs bafene he netion: inenmediate pmels s ondered sl pragress: the Gl e shews he st vl whils prsserving ideniity, el
and non-target objeets. Images are shown at matehed display scale without changing cither faw image's aspeet 1atio.

R narive sizes: GPT Tage 2 1 254x1 234; Mimo Thanma 2 1024x 1024

Figure 13 | Dense-grid qualitative comparison for an Unboxing prompt using a 4x4 temporal grid, i.e., four
rows with four panels per row.
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Pets | 4x4 Dense Temporal Grid

Action: a bird flics 1o 3 cage

GPT Image 2 | native 1254x1254 Nano Banana 2 | native 1024x1024

Promipl simary: genarale ne v s 4-colmm oo shest Uhe Gt el stacs bafene he netion: inenmediate pmels s ondered sl pragress: the Gl e shews he st vl whils prsserving ideniity, el
and non-target objeets. Images are shown at matehed display scale without changing cither faw image's aspeet 1atio.

R narive sizes: GPT Tage 2 1 254x1 234; Mimo Thanma 2 1024x 1024

Figure 14 | Dense-grid qualitative comparison for a Pets prompt using a 4x4 temporal grid, i.e., four rows
with four panels per row.
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Bento Kitchen | 4x4 Anime Dense Temporal Grid

Acnon: aszemble a colorfinl hento hox

GPT Image 2 | native 1254x1254 Nano Banana 2 | native 1024x1024

Fromepl simmary: amine-slvle dxd metion sheel T pssernble o eeloriul bento bex The benta b hegins smgty; e iz placed min one compartment: colmlul side dishes me wdded in ozdered sleps; the fnal stale shows 2 complels
tedy bento wihile the Jitchen eounter and non-target bowls remain nnchanged. Imapes are shovwn at marched display scale writhour changing cither raw image's agpeet ratzo.

Renw narive sizes: GPT Tmage 2 1 254x1 234; Momo Thanma 2 1024x 1024

Figure 15 | Anime-style dense-grid qualitative comparison for a Bento Kitchen prompt using a 4x4 temporal
grid, i.e., four rows with four panels per row.
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Repair | 4x6 Dense Temporal Grid

Action: assamhle & maodel

GPT Image 2 | native 1536x1024

Primpl simary: genarale ne -3 s -colmim oo shest Uhe Gt el stacs bafne he netiom: inenmediate pmels s ondered sl pragress: the Gl e shews he st vl whils prsserving idaniiny, el
and non-target objeets. Images are shown at matehed display scale without changing cither faw image's aspeet 1atio.

Ry narive sizes: GPT Tmage 2 1536 1024; Mimo Thanma 2 1 2645845,

Figure 16 | Dense-grid qualitative comparison for a Repair prompt using a 4x6 temporal grid, i.e., four rows
with six panels per row.

2026.06 Preprint 29



Sports | 4x6 Dense Temporal Grid

Action: a gealkecper dives far a hall

GPT Image 2 | native 1536x1024

Nano Banana 2 | native 1264x848

Prompl sunmary: penerale one 2o € G-eolmm mottm shest Uhe Gt penel starls bafore the action: inennediate prmels st crdered cansal pragress: the Gl ponel shows e completed resl) wlile preserving ideniiy, biveal,

and non-farget objects. Images are shown at matehed display scale without changing cither faw image's aspeet 1atio.

Ry narive sizes: GPT Tmage 2 1536 1024; Mimo Tiane 2 | 264x848,

Ml E

Figure 17 | Dense-grid qualitative comparison for a Sports prompt using a 4x6 temporal grid, i.e., four rows

with six panels per row.
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Skate Park | 4x6 Anime Dense Temporal Grid

Aetion: perform a skatehoard jump

GPT Image 2 | native 153631024

Pronepl smny: smivie-a i dxh metion sheel for perfrm o shalehod jung e skater st ralling loward the g ks e and e boazd begins o 150 e o rses gt visble nihose ghoses e nal st shows
2 cloan landing with the same ramp, background. skatehoard identity, and eamera view preserved. Images are shown at matched display seale without changing erther raw image’s aspeet 1atio.
Rany narive sizes: GPT Tinage 2 1 536x 1024 Nomo Thmane 2 1 2645845,

Figure 18 | Anime-style dense-grid qualitative comparison for a Skate Park prompt using a 4x6 temporal grid,
i.e., four rows with six panels per row.
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Long Horizon | 4x8 Dense Temporal Grid

Acton: a flower gradnaliy blonms

GPT Image 2 | native 1679x937

e L=

Primpl simary: gensrale ne 23w s S-colmim oo shest Uhe Gt el stacs bafne he netion: inenmediate pmels s ondered sl pragress: the Gl e shews he somgpletad vl whils prsserying ideniity, el
and non-target Images are shown at matehed display scale without changmp either saw imape's aspect ratio.

Rany narive sizes: GPT Tinage 2 [§79x637: Yane Tanana 2 11762765

Figure 19 | Dense-grid qualitative comparison for a Long-horizon prompt using a 4x8 temporal grid, i.e., four
rows with eight panels per row.
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Kitchen | 4x8 Dense Temporal Grid

Action: add seasoning roa bowl

GPT Image 2 | nati

ve 1679x937

and non-farget o ts. Images ave shown at matehed display scale without changmp either saw imape's aspect ratio.

Ry narive sizes: GPT Tmage 2 [8T0x837: Nane Tanaoa 2 13176x 765

Figure 20 | Dense-grid qualitative comparison for a Kitchen prompt using a 4x8 temporal grid, i.e., four rows

with eight panels per row.
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Sakura Garden | 4x8 Anime Dense Temporal Grid

Aeticn: a chery hlossom bid gradually hlooms

Pronepl smny: smivie-avhe 4 metion sheel for o cheny Blossom B oy bloonis 1he bust e ity closed: petabs dowly oo seross many anail arared steps e hissern opens wiser while (e el imed
baciground remain fxed: the final state shows a ik open sakurs flower with coberont petal growth. Images are shoam at matched display seale sathout changing cither raw image's aspect ratio.

Renw narive sizen: GPT Tmage 2 [870837; Nane Tanaoa 2 13176x 765,

Figure 21 | Anime-style dense-grid qualitative comparison for a Sakura Garden prompt using a 4x8 temporal
grid, i.e., four rows with eight panels per row.
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B ImageTime Action Inventory

Table 6 lists the complete ImageTime action-concept inventory. The benchmark contains 375 action concepts
across 22 domains; each concept is instantiated with two semantically related but visually distinct variants,
yielding the 750 prompt-only cases used in the main experiments. The table reports the domain, subcategory,
action concept, and difficulty label for each action concept.

Table 6 | Complete ImageTime action-concept inventory. Each row is one of the 375 action concepts; each

concept is instantiated with two variants to construct the 750-case benchmark.

Domain Subcategory Action concept Diff.
Animation (21 action concepts)
Animation Character action a cartoon character chases a balloon easy
Animation Narrative segment a character chases another character easy
Animation Narrative segment a character gives a map to a companion easy
Animation Character action a character walks easy
Animation Object interaction character open magic book medium
Animation Narrative segment discover a hidden object easy
Animation Character action eat food easy
Animation Narrative segment exchange items easy
Animation Object interaction hand over an item hard
Animation Character action jump easy
Animation Object interaction open door medium
Animation Object interaction open treasure chest medium
Animation Object interaction pick up an item medium
Animation Character action pick up an object easy
Animation Object interaction pick up magic wand medium
Animation Object interaction pour potion medium
Animation Character action put on clothes easy
Animation Character action transform easy
Animation Narrative segment transition between scenes easy
Animation Narrative segment two people talk easy
Animation Character action wave easy
Caregiving (13 action concepts)
Caregiving Basic caregiving apply a bandage easy
Caregiving Basic caregiving cover a patient with a blanket easy
Caregiving Medicine and medical tool opera- disinfect a wound medium
tion
Caregiving Basic caregiving help a person sit down medium
Caregiving Basic caregiving measure body temperature easy
Caregiving Medicine and medical tool opera- open bandage packaging medium
tion
Caregiving Medicine and medical tool opera- open medicine box medium
tion
Caregiving Basic caregiving push wheelchair easy
Caregiving Medicine and medical tool opera- put medicine into a cup medium
tion
Caregiving Basic caregiving put on gloves easy
Caregiving Basic caregiving remove mask easy
Caregiving Medicine and medical tool opera- take medicine medium
tion
Caregiving Medicine and medical tool opera- use a stethoscope medium
tion
Clothing (14 action concepts)
Clothing Pose and appearance adjustment  close umbrella easy
Clothing Pose and appearance adjustment ~ open umbrella easy
Clothing Pose and appearance adjustment  organize collar easy
Clothing Pose and appearance adjustment  organize cuffs easy
Clothing Clothing change put on coat easy
Clothing Clothing change put on glasses easy
Clothing Clothing change put on gloves easy
Clothing Clothing change put on scarf easy
Clothing Clothing change remove mask easy
Clothing Pose and appearance adjustment  roll up sleeves easy
Clothing Clothing change take off hat easy
Clothing Pose and appearance adjustment  tie apron easy
Clothing Clothing change tie shoelaces easy
Clothing Clothing change wear backpack easy
Constraints (12 action concepts)
Constraints Selective operation do not touch cup on the table easy
Constraints Counterfactual change if the ball does not hit the wall, its direction stays unchanged easy
Constraints Counterfactual change if the cup is not picked up, it remains on the table easy
Constraints Counterfactual change if the plant is not watered, it stays dry easy
Constraints Counterfactual change if the switch is not pressed, the light stays off easy
Constraints Selective operation open only left box medium
Constraints Selective operation press only the green button and not the red button easy
Constraints Selective operation take only the red ball and not the blue ball easy
Constraints Conditional blocking the box cannot open so the object remains inside medium
Constraints Conditional blocking the bridge is broken so the person stops medium

Continued on next page
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Table 6 | Complete ImageTime action-concept inventory (continued).

Domain Subcategory Action concept Diff.
Constraints Conditional blocking the cup lid is tightened so water cannot pour out easy
Constraints Conditional blocking the door is locked so the person cannot enter medium
Outdoor Daily (13 action concepts)

Outdoor Daily Environmental interaction carry box medium
Outdoor Daily Environmental interaction close umbrella easy
Outdoor Daily Path movement cross road medium
Outdoor Daily Environmental interaction fish with a fishing rod easy
Outdoor Daily Environmental interaction open umbrella easy
Outdoor Daily Path movement push stroller medium
Outdoor Daily Path movement ride a bicycle medium
Outdoor Daily Path movement run toward bus stop medium
Outdoor Daily Environmental interaction set up a camping tent easy
Outdoor Daily Environmental interaction spread a picnic mat on grass easy
Outdoor Daily Path movement walk along a park path medium
Outdoor Daily Path movement walk along a sidewalk medium
Outdoor Daily Environmental interaction wash a car easy
Games (19 action concepts)

Games Sandbox building Minecraft place blocks medium
Games Action and parkour a character picks up a key and opens a door easy
Games Strategy and multiplayer a character protects a teammate while retreating easy
Games Action and parkour a character runs easy
Games Strategy and multiplayer attack a minion easy
Games Action and parkour avoid an obstacle easy
Games Strategy and multiplayer base build easy
Games Strategy and multiplayer cast a skill easy
Games Strategy and multiplayer character die or revive easy
Games Action and parkour climb easy
Games Sandbox building craft an item medium
Games Sandbox building crops grow medium
Games Strategy and multiplayer hero move medium
Games Action and parkour jump easy
Games Sandbox building open a chest medium
Games Action and parkour open a door and enter a room easy
Games Sandbox building open blocks medium
Games Action and parkour pick up an item easy
Games Sandbox building stack three blocks into a pillar medium
Gardening (12 action concepts)

Gardening Environment arrangement arrange flower pots in a row medium
Gardening Environment arrangement clear fallen leaves medium
Gardening Plant operation dig soil medium
Gardening Environment arrangement organize flower pots medium
Gardening Plant operation pick fruit from a plant medium
Gardening Plant operation plant seeds medium
Gardening Plant operation prune a branch medium
Gardening Environment arrangement set up plant support medium
Gardening Environment arrangement shovel snow medium
Gardening Plant operation transplant a seedling into a flower pot medium
Gardening Plant operation transplant plant medium
Gardening Plant operation water flowers medium
Household (30 action concepts)

Household Container opening and closing close a door easy
Household Container opening and closing close a suitcase easy
Household Cleaning and organizing fold clothes easy
Household Cleaning and organizing make a bed easy
Household Cleaning and organizing mop the floor easy
Household Container opening and closing open a box easy
Household Container opening and closing open a cabinet door easy
Household Container opening and closing open a drawer easy
Household Container opening and closing open a refrigerator easy
Household Container opening and closing open a wardrobe door easy
Household Object retrieval and placement place a cup on a table easy
Household Switch and device control press a doorbell easy
Household Container opening and closing pull open curtains easy
Household Object retrieval and placement put a book into a backpack easy
Household Object retrieval and placement put a remote control back into a drawer easy
Household Object retrieval and placement put a toy into a box easy
Household Cleaning and organizing put scattered books back on a shelf easy
Household Cleaning and organizing sweep the floor easy
Household Object retrieval and placement take a book from a shelf easy
Household Object retrieval and placement take an object from a drawer easy
Household Cleaning and organizing take out trash easy
Household Cleaning and organizing tidy up toys easy
Household Switch and device control turn off a fan easy
Household Switch and device control turn off a light easy
Household Switch and device control turn off an air conditioner easy
Household Switch and device control turn on a desk lamp switch easy
Household Switch and device control turn on a faucet easy
Household Switch and device control turn on a light easy
Household Switch and device control turn on a television easy

Continued on next page
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Table 6 | Complete ImageTime action-concept inventory (continued).

Domain Subcategory Action concept Diff.
Household Cleaning and organizing wipe a table easy
Kitchen (29 action concepts)

Kitchen Pouring and mixing add seasoning to a bowl easy
Kitchen Cooking state change boil noodles easy
Kitchen Cooking state change bring water to a boil easy
Kitchen Tableware and container operation close a pot lid easy
Kitchen Cutting and preparation crack an egg medium
Kitchen Cutting and preparation cut a carrot medium
Kitchen Cutting and preparation cut fruit medium
Kitchen Cutting and preparation cut vegetables medium
Kitchen Cooking state change fry an egg easy
Kitchen Cooking state change melt butter easy
Kitchen Cooking state change melt cheese easy
Kitchen Cooking state change melt ice easy
Kitchen Cutting and preparation open a can medium
Kitchen Tableware and container operation open a microwave easy
Kitchen Tableware and container operation open a pot lid easy
Kitchen Cutting and preparation peel an apple medium
Kitchen Pouring and mixing pour beaten egg into a bowl easy
Kitchen Pouring and mixing pour flour easy
Kitchen Pouring and mixing pour ingredients into a pan easy
Kitchen Pouring and mixing pour milk easy
Kitchen Pouring and mixing pour oil easy
Kitchen Pouring and mixing pour water easy
Kitchen Tableware and container operation put a bowl into a cupboard easy
Kitchen Tableware and container operation put a cup into a cupboard easy
Kitchen Tableware and container operation put a plate into a sink easy
Kitchen Cutting and preparation slice bread medium
Kitchen Pouring and mixing stir ingredients easy
Kitchen Cooking state change stir-fry vegetables easy
Kitchen Cooking state change toast bread easy
Education & Lab (12 action concepts)

Education & Lab Circuit and equipment operation  adjust a microscope focus easy
Education & Lab Circuit and equipment operation ~ connect a battery to a light bulb easy
Education & Lab Lab experiment operation dropper drop liquid easy
Education & Lab Circuit and equipment operation  insert wire easy
Education & Lab Lab experiment operation light alcohol lamp easy
Education & Lab Circuit and equipment operation =~ measure with a ruler easy
Education & Lab Lab experiment operation mix colors easy
Education & Lab Circuit and equipment operation ~ open a book easy
Education & Lab Lab experiment operation pick up a sample with tweezers easy
Education & Lab Lab experiment operation pour liquid enter beaker easy
Education & Lab Circuit and equipment operation  turn on a switch easy
Education & Lab Lab experiment operation weigh object easy
Long-horizon (10 action concepts)

Long-horizon Gradual change a flower gradually blooms easy
Long-horizon Cycle and phase a machine progresses through processing stages easy
Long-horizon Cycle and phase a traffic light changes from red to green easy
Long-horizon Cycle and phase a traffic light cycles through red, yellow, and green easy
Long-horizon Gradual change dough gradually takes shape easy
Long-horizon Gradual change foam on coffee gradually disappears easy
Long-horizon Gradual change ice gradually melts easy
Long-horizon Cycle and phase the moon phase changes easy
Long-horizon Gradual change the sky changes from daytime to dusk easy
Long-horizon Cycle and phase the tide rises and falls easy
Machines (19 action concepts)

Machines Home appliance operation a coffee machine dispenses coffee easy
Machines Industrial assembly line a conveyor belt moves medium
Machines Industrial assembly line a conveyor belt moves a box under a scanner hard
Machines Home appliance operation a juicer starts dispensing juice easy
Machines Home appliance operation a printer outputs paper easy
Machines Robot arm operation a robot arm presses a button medium
Machines Robot arm operation a robot opens a door easy
Machines Home appliance operation a vacuum cleaner cleans the floor easy
Machines Home appliance operation a vending machine dispenses an item easy
Machines Home appliance operation a washing machine drum rotates easy
Machines Industrial assembly line apply label easy
Machines Industrial assembly line assemble parts easy
Machines Industrial assembly line bottles fill easy
Machines Robot arm operation carry a box medium
Machines Robot arm operation grab take part easy
Machines Robot arm operation place an object easy
Machines Industrial assembly line product inspect easy
Machines Robot arm operation robot pour water easy
Machines Industrial assembly line sort parcel medium
Nature (29 action concepts)

Nature Physical process a ball rolls down a slope medium
Nature Plant and animal change a bird takes off easy
Nature Physical process a candle melts easy

Continued on next page
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Table 6 | Complete ImageTime action-concept inventory (continued).

Domain Subcategory Action concept Diff.
Nature Plant and animal change a fish swims easy
Nature Plant and animal change a flower blooms easy
Nature Landscape and scene process a stream flows around stones easy
Nature Plant and animal change a vine grows along a support easy
Nature Landscape and scene process a volcano erupts easy
Nature Plant and animal change an insect crawls easy
Nature Weather and natural phenomena  clouds move easy
Nature Weather and natural phenomena  fog forms easy
Nature Physical process glass break easy
Nature Weather and natural phenomena  lightning easy
Nature Physical process melt ice easy
Nature Plant and animal change plant grow easy
Nature Physical process pour liquid into a container easy
Nature Weather and natural phenomena  rain begins falling easy
Nature Landscape and scene process river flow easy
Nature Landscape and scene process sand flow easy
Nature Physical process smoke diffuse easy
Nature Plant and animal change snake move easy
Nature Weather and natural phenomena  snow begins falling easy
Nature Landscape and scene process snow melts on a mountain easy
Nature Weather and natural phenomena  sunrise changes into sunset easy
Nature Weather and natural phenomena  the sun emerges from behind clouds easy
Nature Physical process water freezes easy
Nature Landscape and scene process waterfall fall easy
Nature Landscape and scene process waves wash ashore easy
Nature Weather and natural phenomena ~ wind blows leaves easy
Indoor Navigation (11 action concepts)

Indoor Navigation Indoor room navigation from bedroom to doorway easy
Indoor Navigation Indoor room navigation go around table easy
Indoor Navigation Approach and arrival pick up table object easy
Indoor Navigation Approach and arrival sit down on a sofa easy
Indoor Navigation Indoor room navigation walk from a kitchen to a dining room easy
Indoor Navigation Indoor room navigation walk from a living room to a kitchen easy
Indoor Navigation Indoor room navigation walk through a hallway easy
Indoor Navigation Approach and arrival walk to a window easy
Indoor Navigation Approach and arrival walk toward a desk and stop medium
Indoor Navigation Approach and arrival walk toward door medium
Indoor Navigation Indoor room navigation walk toward sofa easy
Occlusion (10 action concepts)

Occlusion Entering occlusion a ball rolls under a table medium
Occlusion Entering occlusion a cat crawls into a box easy
Occlusion Exiting occlusion a child takes a toy from under a blanket easy
Occlusion Entering occlusion a person walks behind a pillar easy
Occlusion Entering occlusion a toy car drives under a sofa medium
Occlusion Exiting occlusion pick up a ball from under a table easy
Occlusion Entering occlusion put an object into a bag easy
Occlusion Exiting occlusion take a book out of a bag easy
Occlusion Exiting occlusion take an object out of a cabinet easy
Occlusion Exiting occlusion walk out from behind a door easy
Pets (16 action concepts)

Pets Pet movement a bird flies to a cage easy
Pets Pet movement a cat crawls into a box medium
Pets Pet object retrieval a cat grabs a toy easy
Pets Pet movement a cat jumps from a sofa to a rug easy
Pets Pet movement a cat jumps onto a table easy
Pets Pet object retrieval a dog brings a toy to its owner easy
Pets Pet movement a dog enters through a door easy
Pets Pet object retrieval a dog picks up a ball in its mouth easy
Pets Pet movement a dog runs toward a ball easy
Pets Pet object retrieval a dog takes a toy from its owner easy
Pets Human-pet interaction a person brushes a cat easy
Pets Human-pet interaction a person feeds a dog easy
Pets Human-pet interaction a person throws a ball to a dog easy
Pets Human-pet interaction a person walks a dog on a leash easy
Pets Pet object retrieval a pet eats food from a bowl easy
Pets Human-pet interaction put a pet into a cage easy
Quantity-focused (12 action concepts)

Quantity-focused Group state a row of people moves forward one by one easy
Quantity-focused Multi-object quantity from five cup take away two easy
Quantity-focused Single-object quantity from three pen take away one blue pen easy
Quantity-focused Group state multiple bottles are filled one by one easy
Quantity-focused Single-object quantity one ball put into basket easy
Quantity-focused Group state one of three birds flies away medium
Quantity-focused Multi-object quantity separate four red blocks and three blue blocks easy
Quantity-focused Single-object quantity take away one pen easy
Quantity-focused Single-object quantity take one apple out of a box medium
Quantity-focused Group state the first three of six bottles are filled in order easy
Quantity-focused Multi-object quantity three blocks arrange into a row easy
Quantity-focused Multi-object quantity two players pass one ball medium

Continued on next page
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Table 6 | Complete ImageTime action-concept inventory (continued).

Domain Subcategory Action concept Diff.
Repair (13 action concepts)

Repair Assembly process assemble a model medium
Repair Assembly process assemble chair medium
Repair Tool use hammer nail easy
Repair Tool use inflate a tire easy
Repair Assembly process install a table leg medium
Repair Assembly process install light bulb medium
Repair Assembly process open toolbox take tool medium
Repair Tool use paint wall easy
Repair Tool use repair chain easy
Repair Tool use saw wood easy
Repair Assembly process set up blocks medium
Repair Tool use tighten a nut with a wrench easy
Repair Tool use tighten screw easy
Social (13 action concepts)

Social Multi-person collaboration a line of people moves forward medium
Social Handoff and receiving a server brings food to a table medium
Social Handoff and receiving a teacher hands out homework medium
Social Multi-person collaboration a team passes a ball medium
Social Handoff and receiving hand keys to a friend medium
Social Handoff and receiving hand over book medium
Social Handoff and receiving hand over cup medium
Social Multi-person collaboration multiple people move household items medium
Social Multi-person collaboration people set up a tent together medium
Social Handoff and receiving shake hands medium
Social Handoff and receiving two people carry a box medium
Social Multi-person collaboration two people carry a sofa together medium
Social Multi-person collaboration two people lift a table medium
Sports (30 action concepts)

Sports Ball sports a goalkeeper dives for a ball medium
Sports Team interaction basketball teammates perform a screen-and-roll easy
Sports Ball sports catch ball medium
Sports Team interaction coordinate a volleyball play easy
Sports Water and snow sports dive into water easy
Sports Water and snow sports dive underwater easy
Sports Individual sports do a push-up easy
Sports Individual sports high jump easy
Sports Ball sports hit ball medium
Sports Water and snow sports ice skate easy
Sports Individual sports jump rope easy
Sports Ball sports kick ball medium
Sports Individual sports long jump easy
Sports Team interaction multiple players defend together easy
Sports Ball sports pass ball medium
Sports Team interaction pass catch ball medium
Sports Individual sports perform a yoga pose easy
Sports Team interaction play doubles badminton easy
Sports Individual sports ride a skateboard easy
Sports Individual sports roller skate easy
Sports Individual sports run easy
Sports Team interaction run a relay race easy
Sports Ball sports shoot a basketball medium
Sports Water and snow sports ski easy
Sports Ball sports smash a badminton shuttlecock medium
Sports Water and snow sports surf on a wave easy
Sports Water and snow sports swim easy
Sports Ball sports table tennis ball catch ball medium
Sports Individual sports throw boxing punches easy
Sports Water and snow sports turn while skiing easy
Motion Systems (19 action concepts)

Motion Systems Vehicles and roads a bus enters a bus stop easy
Motion Systems Vehicles and roads a car drives into a parking space easy
Motion Systems Boats and aircraft a small boat goes around a buoy easy
Motion Systems Public facilities a train enters a station medium
Motion Systems Boats and aircraft an airplane taxis on a runway easy
Motion Systems Public facilities an escalator runs medium
Motion Systems Boats and aircraft boat dock easy
Motion Systems Boats and aircraft boat turn easy
Motion Systems Vehicles and roads change lanes while driving easy
Motion Systems Boats and aircraft drone land easy
Motion Systems Boats and aircraft drone take off easy
Motion Systems Public facilities elevator doors open medium
Motion Systems Boats and aircraft helicopter hover easy
Motion Systems Vehicles and roads park a car easy
Motion Systems Public facilities pass through a turnstile medium
Motion Systems Public facilities Ppassengers exit an elevator after it arrives medium
Motion Systems Vehicles and roads pedestrian cross road easy
Motion Systems Vehicles and roads reverse a car into a parking space easy
Motion Systems Public facilities subway train doors open medium

Continued on next page
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Table 6 | Complete ImageTime action-concept inventory (continued).

Domain Subcategory Action concept Diff.
Unboxing (18 action concepts)

Unboxing Assembly and installation apply a screen protector easy
Unboxing Assembly and installation assemble a stand easy
Unboxing Assembly and installation connect a cable easy
Unboxing Object presentation display a toy medium
Unboxing Object presentation display accessories medium
Unboxing Assembly and installation insert a battery easy
Unboxing Assembly and installation install a part easy
Unboxing Assembly and installation install a toy car wheel easy
Unboxing Object presentation lay out an instruction manual medium
Unboxing Package opening open a gift box easy
Unboxing Package opening open a product box easy
Unboxing Package opening open a shipping box medium
Unboxing Package opening open a shoe box easy
Unboxing Package opening remove plastic wrap easy
Unboxing Object presentation take out a phone medium
Unboxing Object presentation take out a product medium
Unboxing Object presentation take out an earbud case medium
Unboxing Package opening tear open packaging easy
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C Example Case Gallery

Animation | character open magic bock

Case: animation_character_apen_magic_bool_v02

GPT Image 2 Mano Banana 2 Seedream 5.0 Lite FLUX.2 Pro
Owverall 156 CH.62/ 0B850 Owverall 7.57 C7.33/D7.80 Owverall 3.99 C3.02/ D630 Overall 6.53 C8.12/ D693

Z-image-Turbe Cwen-image-2512 Hunyuanimage-2.1
Owverall 5.83 ©5.25/ 0 6.43 Owverall 3.12 C4.753/D5.30 Owerall 511 C3.00/D35.21 Overall 214 C2.00/ D 2.27
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Animation | transform

Casa: animation_transfarm_u1

GPT Image 2 Mano Banana 2 Seedream 5.0 Lite FLUX.2 Pro
Overall 7.73 ©7.62/07.93 Overall B35 CH.38/DB.I3 Owverall 7.35 C7.30/D7.33

Z-image-Turbe Cwen-image-2512 Hunyuanimage-2.1
Owverall 4.23 CA.00/ D458 Overall 4.83 C4.50/D5.17 Owerall 3.31 C3.38/D3.25 Overall 0.81 CO.BY/ D DTS
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Figure 22 | Example summary grids from the Animation category. Each grid compares the same prompt
across eight image-generation models and reports the overall mean score below each generated motion sheet.
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Caregiving | remove mask
Case: caregiving_remove_mask_v01

GPT Image 2 Mano Banana 2 Seedream 5.0 Lite FLUX.2 Pro
Overall 892 C9.00/D8.83 Overall 7.79 C7.75/D7.83 Overall 7.2 C7.25/D7.00 Owverall 4.0 C3.88/D4&.33

Z-image-Turbo Qwen-Image-2512 Hunyuanimage-2.1
Overall 5.31 C5.12/D35.50 Ovorall 3.75 C3.50/D 4.00 Overall 3.71 €3.50/D3.52 Overall 1.29 €1.25/D1.33

Prompt suinmary

Sceme- a kitchen worker wearing an apron in & garage th view; d a neutral wall shelf; preserved: non-target item ) that must remain unchanged, small hject...; style: realistic photo.

T Initial hefore ‘remove mask': show a kitchen worker wearing an aprom in a garage worikbench, over- I]n—!\bﬂuldrrw include a potted plant, & netral wall shelE key vijcls start untsanged and the final result is abm:n

To: Firat concrets step of ‘temow mark's shaw a kitéhen worker wearis an apron biginnisg this action 0 (5 sess, with visbl motion, comtact, trigges, of selection; keep not-Tatget item 3 thar misst remaris unchanged, small backgrousd sbjees
4 uncharged,

Ty Midway throagh ‘remove mask's show a partial sesult or actbee transition, so the easal path from T2 ta Ty &3 vinslly mspectable.

T4 Completed remove mask” show the final state/result of this action: non-target item 3 that must remain unchanged. small biect 4 stifl i prioe identity, count, and position.

Caregiving | open medicine box
Case: caregiving_open_medicine_bex_v01

GPT Image 2 MNano Banana 2 Seedream 5.0 Lite FLUX.2 Pro
Overall 8.79 C8.88/D8.71 Overall 8.0% CB.11/D 8.07 Overall .84 C6.75/D&.93 Overall 6,90 C&.88/D6.93

Z-lmage-Turbe Qwen-Image-2512 Hunyuanimage-2.1 SDXL
Overall .35 C4.25/D4.Bé Overall 4.93 C4.50/D 5.36 Overall 4.22 C4.38/Da.07 Overall 0.63 CO.62/D0.6a

Prompt suinmary
Sceme a pumse in light seruba in an gutdoor patio, over-theshaulder view; lndqxwmt wm ed pl.a:n  neutral wall shelf; preserved: non-target item 3 that must remsain unchamged, small bacsground chiect.  styie: realistic photo.

T

T

T3
T4

Initial before ‘apen medicine box': show o murse in light b hoslder view; include & . a neutral wall shelf, key abjects start unchanged and the final result is shsent,

Firdt coucrets step of ‘apen tmedicioe box': slow a nirse i light -rrhlwch-u-lml.slhmaumu it sotw, with viible motion, conbact, Trigger, of sslecting; keep Ban-taget item 3 that must resaain unchanged, small backgrousd objed 4
amchanged,

Midway throsgh ‘open nsedicine box': show a partial esalt ar active trassition, so the camsal path from T= 1o Ty & visually inspectable.

Completed npen medicne box': show the final state/result of this action; non-target item 3 that must repaain unchanged. small o atill match B ity count, and position.

Figure 23 | Example summary grids from the Caregiving category. Each grid compares the same prompt
across eight image-generation models and reports the overall mean score below each generated motion sheet.
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Clothing | organize collar
Case: clothing_organize_collar_v01

GPT Image 2 Nano Banana 2 Sesdream 5.0 Lite FLUX.2 Pro
Overall 8.17 C8.25/D8.08 Overall 7.77 C7.88/D7.67 Overall 7.88 C8.00/D7.75 Owverall 6,73 C6.62/D 6.83

Z-image-Turbo Qwen-Image-2512 Hunyuanimage-2.1
Overall 7.62 C7.50/D7.75 Ovorall 5.60 C5.38/D 5.83 Overall 4.98 Ca.88 /D508 Overall 1.75 C1.50/D 2.00

Prompt suinmary

Seeme: ap adult wearing a grayjaciet ina compact kitck  three-on side vie & small notebook. a plai i  preserved: noo-target item t that mmst remain anchanged, small backgroand object .; style: realistic
phato.

TH Titiad before ‘argaioe coflar's show an adult weating a gr Jacket in & comgact ktchen momler, Hires-quarter side view; inclide o siafl tintebook,  plain

Tai Fisst cnerets stup of arganize collar'; show an sduls wearing 3 gray yackot begiaming this action (i the sos, with visible notion, contact, trigger, or seles

i cups; e objects start unchanged aind Che final remlt is absent
i, e - target it 1 eliat miust resnal ubehangsd, small backgrousd eliject 3

-,
T4 Midway throsgh 'organize collar’ shen a partial resst or sctive trarsitios, so the cusal path from T2 to Ty fs visually bspectable.
Tq:  Completed ‘organize coller’ show the fnal state/ result of this action; nen-target item o that must remain unchanged. small bark rect 2 still match peior entity, count, and position.

Clothing | open umbrella

Case: clothing_open_umbrella_v01

i = L
GPT Image 2 Nano Banana 2 Seedream 5.0 Lite FLUX.2 Pro
Overall 8.17 C8.25/D 8,08 Overall 6.75 €4.50/D 7.00 Ovarall 5.04 C8.00/D 8,08 Overall 4.79 C€4.25/D 5.33

Z-lmage-Turbe Qwen-Image-2512 Hunyuanimage-2.1
Overall 5.69 C5.12/Dé6.25 Overall 4.02 C3.62/D4.4z2 Overall 3.92 C2.75/Da.08 Owverall 2.10 C1.88/D 2.33

Prompt suinmary

Sceme- a kitchen worker wearing an apron in a rainy sidewalk ootside 2 building, over-the-sboulder view; background: a potted plant, a newtral wall shelf: preserved: noo-target ftem 3 that omat remain unchanged, small backgronnd object_: style:
realistic phata,

. Trsitial before ‘apen uml

Ta Fint coperots stop of ‘ap
4 unchanged.

T3 Midway throagh 'open umbrells’: show a partial result or active transition, so the causal path from T2 to Ty is visually imspectable.

Ta:  Completed ‘opes umbeefla’ show the fnal state;/resdt of this action: mon-target item 3 that must remmin unchanged. small back ect § atill match peior ientity, count, and position.

1a': show & it A sgrra
matiialla’; alow a kitchn worker woaring

i ke outside 4 Wdlding, ever-the-shosider view, inchode & potted plast, a neatral wall shelf; kev objects start unchanged and the final result is sboent

ot beglsaniiig this acshon i the seois, with vealble maticn, couract, Trigger. of sebiction: ks on-tasger item 3 that mus e unschanged. small backgroud object

Figure 24 | Example summary grids from the Clothing category. Each grid compares the same prompt across
eight image-generation models and reports the overall mean score below each generated motion sheet.
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Constraints | open only left box
Case: constraints_opan_only_left_bex_v02

GPT Image 2 MNano Banana 2 Seedream 5.0 Lite FLUX.2Z Pro
Overall 8.41 C8.58/D8.27 Overall 7.80 C7.67/D7.93 Overall 8,21 C8.22/D8.20 Overall 2.42 C2.11/D2.73

Z-image-Turbo Qwen-Image-2512 Hunyuanimage-2.1 SDXL

Ovorall 5.22 C4.78/D35.47 Overall 4.68 C4.56/D 4.80 Overall 4.04 C4.22/D3.87 Overall 0.84 CO.44/D 0.47
Prompt suinmary
Soeme: 4 stusdent with n backpack in 2 tisy bedroom, table-height side view; two fodded towels, a small basket; preserved: now-target item 2 that most remain unchanged, small background object...; style: realistic phota.
Ti:  Initial efore ‘open ondy left box'; show a student with & backpeck in a tidy bedroom, table-height side view; include two folded towels, a small basket; key ohjects start unchanged and the final result is absent
To:  Fieet conerets step of 'apen oy el bav' e & student with & backpick beitsring tiis aetion in e soi, with visibbe motion, contact, trasaer, oF sebetion: keep Bon-targsl it 3 hat st reinadn unchasnged, seull bacaround object ©
wnchanged

Ty Mudway throagh ‘apen only beft bax': show a partial sesult or acthve tranaition, so the canyal path from T2 to Ty b vinslly mspectable.
T4  Completed ‘open only left box': show the final state/result of this action: non-tazget item 2 that must remain uchanged. small background object 1 still match prior identity, count, and position.

Constraints | the box cannot open so the object remains inside
Case: constraints_the_box_cannot_open_so_the_object_remains_inside_v01

GPT Image 2 MNano Banana 2 Seedream 5.0 Lite FLUX.2 Pro
Overall 7.49 C7.56/D7.43 Overall 5.4% C5.33/D 5.64 Overall .80 C6.89/D&.71 Ovevall 5.86 C6.00/D5.71

Z-lmage-Turbe Qwen-Image-2512 Hunyuanimage-2.1 SDXL

Overall 3.39 C3.00/D3.79 Ovorall 3.81 C3.536/D 4,07 Overall 4.29 C4.22/Da.36 Overall 0.93 C1.00/D 0.8
Prompt suinmary
Scemes a kitchen worker ing an apron in 2 garage d a neutral wall shelf; preserved: non-target item ) that must remuin unchanged. small hject...; stle: realistic photo,
Te Initinl efre the box cammat rpen a0 the obiect remeins inside’ show e'luld:ven n'wrker weaTitg an apron in & garage workbench, over-the-shoulder view; inchide a potted y\um a meutral wall shedf: ey objects start undul.(r:l ‘and the final
el in alimestt
il e b casmot apun b0 the alibeet penidns ik’ show i kiichen worber woariig an apro brgisning this acsian i e sonse, with vsaible motion, contact, Trigeer, o7 selection kesp non-taget item 3 that must peenain

ckgrowmd obseet 4 unchanged.
T3 Midway throagh 'the bax cammot apen eo the object remains inside’s show a partial resslt ot sctive trassition, 5o the cassal path from T3 to Tq is vinually nspectable.
Td:  Completed the box cannot opem sa the chject remaiss inside” show the fnal state, result of this action; pon-target item § that mmist remain wichanged. snall ke S b i Sy, Pt i prasstdos

Figure 25 | Example summary grids from the Constraints category. Each grid compares the same prompt
across eight image-generation models and reports the overall mean score below each generated motion sheet.
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Daily | set up a camping tent
Case: daily_set_up_a_camping_tent_v01

= Sty
GPT Image 2 Mano Banana 2 Seedream 5.0 Lite FLUX.2Z Pro
Overall 8.40 C8.38/D8.42 Overall 6.60 C6.62/D 6.58 Overall 7.30 C7.30/D7.50 Owvarall 4,88 C4.75/D 5.00

Z-image-Turbo Qwen-Image-2512 Hunyuanimage-2.1
Ovorall 463 C4.38/D4.92 Overall 5.31 C4.88/D 573 Overall 5.60 C5.42/D5.58 Overall 1.44 ©1.38/D1.50
Prompt suinmary
Seeme: ap adult wearing o grayjacket ina grassy campsite, i view; i a stack of ook, 2 desk lamp; preserved: noo-target item 2 that must i , amall ubjert..; style:

T Initial efore ‘set i a campisg tent’: show au adult wearing » gray jacket in a grassy campsite, fromt-faring stable view; include o stack of books, 8 desk Lamp; key cbjects start unchanged asd the final resalt is absent,

To: Fisst comcrete Mo of 06 a4 camplag tont”: shiw an adell waritg a geay faket beginiing this setioe in the scbie, with visille motios, eonta, trigaer, ar selection; keep ton-target item 2 (hat st femain undsiged, sl sk g
ohbfoct 3 unchanged

T3 Midway throagh 'set op & eamping tent': show 3 partial zesult or acsive tramsition, so the eausal path from T2 to Ta is visaally inspectable

T4 Completed ‘st tent’: show the fimal of this action; non-target item  that must remain unchanged, small background ohiect 2 still match prior identity, coust, and position.

Daily | run toward bus stop
Casze: daily_run_toward_bus_stop_v02

GPT Image 2 MNane Banana 2 Seedream 5.0 Lite FLUX.2 Pro
Overall 8.04 CB8.00/D8.08 Overall 7.88 C7.75/D 8.00 Overall .05 C5.88/D&.23 Overall 5.93 C35.62/D 6.23

| ' ~ |
Z-lmage-Turbe Qwen-Image-2512 Hunyuanimage-2.1
Overall 513 C4.88/D35.38 Overall 5.77 €5.62/D 3592 Overall 5.26 €5.38/D35.13 Overall 217 C1.88/D 2.46
Prompt suinmary
Sceme- a student with a backpack in a city sidewalk beside 4 bus stop, wide stable view; backgromnd: a dlosed toolbox a coiled cable; preserved: non-target item 1 that must remain unchanged, small background object...; style: realistic ploto.
T Initial before ‘run toward bus stop” show  stedent with a backpack in a city sidewalk beside a bus stop, dew; inchurde a closed toalbon, o coiled cable; key oljects start unchanged aod the fnal resalt i sbeent.
To: Km::;:{,m wtep of i toward bus stop’ dliow & stadent with 4 backpuck beginning s actaor b Ve s, with visthle motsan, coptart, trigger, or selection; keep non-target item | that st remain enchanged, siall background alseet |

T3 Midway throagh rus toward bus stop': show & partial result or active transstion, so the cusal pash from T to T4 s visually inspectable
Ta:  Completed ran toward bas stop’: siow the final state /result of this action; nor-target ftem 1 that mmst remain mchanged, smafl backgromnd obgect 1 still mateh prior identity, comnt, and position.

Figure 26 | Example summary grids from the Daily category. Each grid compares the same prompt across
eight image-generation models and reports the overall mean score below each generated motion sheet.

2026.06 Preprint 45



Games | aveid an obstacle
Case: games_avoid_an_obstacle_v02

GPT Image 2 Nano Banana 2 Sesdream 5.0 Lite

FLUX.2Z Pro
Overall 8.32 C8.62/D8.42 Overall 7.92 CE.00/D7.85

Overall .64 C6.75/D6.54 Overall 3.45 C4.25/D 4.67

Z-image-Turbo Qwen-Image-2512
Overall 5.41 C5.12/D5.69 Overall .47 C4.25/D 4.69

Hunyuanimage-2.1
Overall .07 C4.00/D4.14 Overall 1.42 €1.38/D 1.46

Prompt summary

T3 Midway throogh 'avedd an of

Tq:  Completed ‘avoid an obatacle’: show t

50 the causal uth from T2 1o T4 Is visually inspectable.
the fnal state/result of this action; o

“target shem 1 that must reman unchanged. small background object 1 still match prior identity. count, and position.

Games | craft an item
Case: games_craft_an_item_v01

GPT Image 2 Naneo Banana 2 Seedream 5.0 Lite

FLUX.2 Pro
Overall 7.50 €7.530/D7.50 Overall 7.53 C7.62/D7.43

Overall .71 C&.42/D6&.79 Overall 7.16 €7.25/D7.07

Z-lmage-Turbe Qwen-Image-2512

Hunyuanimage-2.1
Overall 4.52 C4.25/DA4.79 Overall 4.57 C4.50/D4.64 Overall 5,00 C€5.00/D 5.00 Overall 1.40 €1.38/D 1.43
Prompt summmary
Scenes a small isometric hatactes in a vooel area, de-shoulder view; apotted plant, & peutral wall shelf: preserved: noo-tm that must Temain anchanged, small background obje
i s and envirozment, nof

, game-rendered charac

mulbos g e
ot barg th

ver-Uie-hionder 15

Ll a potted plant, # neatral sall shell; ke
i, cantct, TSR, oF o

sincts start uncageid il the final sesult i albsen

i S boin-Targot dtean 3 that wnss remain unehasged, snadl backgronnd object &

metric gams

i tha sesna, weith wiaib

¥ throagh ‘eraft an item': oo a partial result o active transition, so the cawsal patk
Completed ‘maft an ' show the Enal state/resudt of this action; nen-target item 3 that m

fro:

T s visually inapectable.
sain unchassged, simall bardsgromnd object  still match pein identity, connt, asd pasitian.

Figure 27 | Example summary grids from the Games category. Each grid compares the same prompt across

eight image-generation models and reports the overall mean score below each generated motion sheet.
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Gardening | pick fruit from a plant
Case: gardening_pick_fruit_from_a_plant_v01

GPT Image 2 Nano Banana 2 Sesdream 5.0 Lite FLUX.2 Pro
Overall 8.30 C8.38/D8.23 Overall 7.30 C7.38/D7.23 Overall 7.47 C7.62/D7.37 Owvarall 6,78 C6.8B8/D &6.6%

Z-image-Turbo Qwen-Image-2512 Hunyuanimage-2.1 SDXL
Overall 473 C4.50/D 5.00 Overall 5.05 Cc4.88/D35.23 Overall 5,538 C5.62/D5.54 Owerall 1.50 C€1.38/D 1.62

Prompt suinmary

Sceme- anadult wearing s gray jacket ina backyard fruit garden, fromt-facing stable view; background: 2 stack of books, a desk lamp: preserved: non-target ftem 2 that mmst remain unchanged, small background object_: style: realistic photo,

T ‘Tefore ‘pick fruit from 4 plamt’s shene an adult wearing a gray jncket in o backyard fouit garden, front-facing stabde view; inclide a stack of baake, o deak Lamy; key objects start unchanged aod the fnal resdl is sbsent.

Ta: swrete st of ‘pick TR o & plao”, s an adult wearing & gray jacket beginning this action in the o, with vishle motan, matact, trigger, ar selection; keep no-target itens 2 et st remais w
oot 7 unchange

T3 Midway throagh ek frsit from s plant show a partial seanlt ar active tranaition, so the sansal path from T2 o T4 i visully mapectable.

T4:  Completed pick fruit from a plant”: show the final state/result of this action: non-tazget item 2 that must remain unchanged. small background object 2 still natch prioe sdeatity, count, and position.

g, aimal] ik ground

Gard g | plant d
Case: gard-mng__plant seads_v02

GPT Image 2 Nano Banana 2 Seedream 5.0 Lite FLUX.2 Pro
Overall 7.70 €7.62/D7.77 Overall 7.88 CB.O0/D7.77 Overall 7.78 C7.88/D7.69 Overall 6,67 C&6.50/D6.85

Z-lmage-Turbe Qwen-Image-2512 Hunyuanimage-2.1

Ovorall 5.32 C5.25/D5.38 Overall 5.04 C4.62/D5.46 Overall 5.12 C€5.00/D5.23 Owverall 3.06 €3.12/D 3.00
Prompt suinmary
Sceme: a studest with n backpack in 2 backyard gatden bed sigh i i & & smnall tray, 2 fodded doth; presecved: non-target item ) that must remiin unchanged, small background object...; sthle: realistic photo.
T ‘befure ‘plant seeds’: show & stedent with a backpack in abackyard m'dru'l.l!d slight overhead view: include 4 small tray, 4 folded choth; key objects start uschanged aod the final resulit is sbsent.

To: Firet conerets step-of plans seed show & sudent with o ackpack egiunii i sctine in the scene, with vishle motsor, toama, trigser, or sulaction; keep noe-target lan 3 1har it rema wnclianged, sl Dackgrownd obect |
unchanged,

T Mudway throagh pla

Ta:  Completed plant see

e’ shiwe 3 partial renubt or setive tra

50 tha causal path frou T3 to T Is wamally inspoctable
 shiow the final state,‘Tesult of this action; non-arget item 3 that trust rewain unchanged, suall backgronnd object 1 afill match prsar idesmity, count, and pasition.

Figure 28 | Example summary grids from the Gardening category. Each grid compares the same prompt
across eight image-generation models and reports the overall mean score below each generated motion sheet.
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Household | turn on a faucet
Case: household_turn_on_a_faucet_v02

GPT Image 2 Nano Banana 2 Sesdream 5.0 Lite FLUX.2 Pro
Ovorall 8.12 CB.00/ D 8.25 Overall 6,46 € 6.00/D &.92

Z-image-Turbo Qwen-Image-2512 Hunyuanimage-2.1 SDXL
Overall 5.73 C5.25/D6.25 Overall .29 C6.00/D &.58 Overall 527 C€5.12/D5.42 Overall 1.46 C1.50/D 1.42
Prompt suinmary

Scene- a chuld wearing a yellow boodie in a dassroom corner, slight overbead view: background: a small tray, 4 folded cloth: preserved: noo-target item 3 that ovust remain wnchanged, suall background obgect . ; style: realistic photo,

T Irsitial before ‘barn ow a faucet ' show & child wearisg o vellow hoodie in 4 classroom carner, slight overbead view; ioclude a susall tray, o folded cloth: key obiects start unchanged and the final result is absent.

Ta: First comcrets sep of Turn o a fucet’ ahow a child wearing a vellow hoodse baginning this etion i the soetm, with varilile motion, contact, Trigger, or selection; beep non-target item 3 that mist remain uschangsd, small Backgraisd objed 3
nchanged,

T3 Midway throagh ‘turn on a faucet’: show a partial result or active transitiors o the causal path from T3 to T4 ls visually [rspectable,
T4 Completed turm on 2 fuscet’ show the final state,esult of this action: non-target iteon 3 that nyust remain unchanged, susafl backgroand object 3 still match prior idestity, count, and position.

Household | tidy up toys
Casa: household_tidy_up_toys_v02

B

GPT Image 2 MNano Banana 2 Seedream 5.0 Lite FLUX.2 Pro
Overall 6,00 C6.00/D&6.00 Overall 7.35 C7.62/D7.08 Overall 7.1 C7.75/D7.46 Ovevall 6,88 C7.00/D &6.77

L i
Z-image-Turbo Qwen-Image-2512 Hunyuanimage-2.1 SDXL
Overall 5.43 C5.25/D35.62 Ovorall 5.43 C5.25/D 5.62 Overall 4.39 C4.25/Da.534 Overall 1.19 €1.00/D 1.38
Prompt suinmary
Scemes a cild wearing a yellow hoodie in a dassroom corner, wide stable view; a diosed toolbax, 4 coiled : noo-target item 1 that must remain unchanged, snsall backgroand object .; style: realistic phata,
T Initial before tidy up tays™ show & child wearing a yellow boodie in 4 classroom vorner, wide stabile view; inclade a dosed toolbox, a miled cable; key objects start anchanged and the fimal result ix abeent,
To: '|'-ini| «';:-J.-u tegra Ty wap v sl & chiled wwirizg o vellow Devodie beismdig Uhis actbon its the soene, with viailsde motion, contaet, Trigesr, in; keep item 1 that must peman uschanged, small background object 3
umchanged.

T3 Midway throagh tidy up toys': show 3 partial result or aetive tramsstion, 5o the causal path frons T to T s vismally inspectable
Ta:  Completed tidy up toye': shiow the final state,‘result of this action; noa-target fem 1 that must remain unchanged, small backgroand object 3 still match prior idestity, count, and positica.

Figure 29 | Example summary grids from the Household category. Each grid compares the same prompt
across eight image-generation models and reports the overall mean score below each generated motion sheet.
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Kitchen | open a can
Case: kitchen_open_a_can_v01

GPT Image 2 Nano Banana 2 Seedream 5.0 Lite FLUX.2 Pro
Overall 8.34 C8.38/D8.31 Ovorall 7.25 €7.12/D7.38 Overall 6.29 C6.12/D 8.46 Overall 4,94 C4.50/05.38

Z-image-Turbo Qwen-Image-2512 Hunyuanimage-2.1
Ovorall 5.84 C5.38/D6.31 Overall 5.17 C4.88/D 5.46 Overall 4.38 C4.38/D4.38 Overall 0.60 CO.50/D 0.69
Prompt suinmary

Sceme- a nurse in light scruba in an outdoor patio, fromt-facing stable view; background: a stack of books. a desk lansp; preserved: pon-target item 2 that must remain unchanged. small background olrject...; style: realistic photo.

Ti: lmitial before ‘open o cani’s show a nurse inlight seribs in an outdoor patio, front-facing stable view: include & stack of books, & desk lamp: key objects start unchasged and the final result is sbsent

Ta: Fiel cuncrets step-of apett a can’ shaw a o it gt scrube begioning this s in the stene. with vishle iwotian, eomta, trigger, o seliction; keep not-targer item 2 1hat st remain nclanged, sisll backgrosid dbjeet 4 dochanged
T3 Midway throsgh ‘opena can’: show a partial result ov active transitbon, a0 the cansal path fram T2 1o T4 is visaally inspectable.

Tq:  Cospleted ‘open a can': show the final state/veault of this actios, nan-target irems 2 shat in imchanged, small bject 4 sill march prict identity, coust, and poaiticn,

Kitchen | crack an egg
Case: kitchen_crack_an_egg_v02

GPT Image 2 MNano Banana 2 Seedream 5.0 Lite FLUX.2 Pro
Overall 8.22 C8.12/D8.31 Overall 8.28 CB.25/D8.31 Ovevall 570 C5.25/D 615

Z-lmage-Turbe Qwen-Image-2512 Hunyuanimage-2.1
Overall 691 C&.753/D7.08 Ovorall 5.37 C5.12/D 5.62 Overall 5.88 C5.75/D &.00 Overall 1.14 €1.12/D1.15
Prompt suinmary

Soeme: a chuld wearing a yellone boodie in o dassroom corner, tabbe-beight side view; background: treo falded towsls, a sniall besket; preserved: non-target item  that must renain mcasged, small background object_: style: realistiz ghoto,

Te:  Initial before ‘crack an ega’s show a child wearing a vellow hoodie in a classroom cormer, table-leight vide vi e tws foliderd towels, a stmaf] nsket; ke olects start nochemged and the Gusl resnlt i sheent,

To: First comcrets step of ‘erack at egy’: show i child wearing 4 vellow hoodiv beginiing this action in the wene, with visshle motsan, costacd, trigher, of selecdtion; keep no-targel e 2 1hat nsast remain nchanged, sl hackground aljsct 3
andhaged.

T3 Midway throagh ‘erackan egg’s show a partial result or astive travaition, 50 the casal path from T2 1o Ty is vésully nspectabile

Ta:  Completed track an egg show the final state;/resslt of this action: son-target item 2 that must remain unchanged. small bacigronnd ohjert 3 still mateh prioe identity, count, and position.

Figure 30 | Example summary grids from the Kitchen category. Each grid compares the same prompt across
eight image-generation models and reports the overall mean score below each generated motion sheet.
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Lab | open a boek
Case: lab_open_a_book_v02

GPT Image 2 Nano Banana 2 Sesdream 5.0 Lite FLUX.2 Pro
Overall 8.40 C8.38/D8.42 Overall 8.44 CB.38/D 8.50 Overall 7.96 C8.00/D7.92 Owvaerall 8,20 CB.38/D8.42

Z-image-Turbo Qwen-Image-2512 Hunyuanimage-2.1
Overall 5.40 C4.88/D5.92 Overall 5.04 C4.50/D 5.58 Overall 5.29 C5.25/D5.33 Overall 2.60 C2.42/D2.58

Prompt suinmary

Seeme: a studect with a backpack in & tidy bedn height side view; fwo fobiled towels, a small basket; preserved: now-target item 2

T Initial before ‘apen a book': show a student with & backpack in a tidy bedroom, table-height side view: include two folded towels, & small hasket;

To: Firet cuserete srep-of ‘apen a ook’ sbow a student with 4 backpack beginrdng tbis action in te scuie, with eible sation, eutact, triager, ot s
nchaniged

T3 Midway throagh ‘open s book's show a partial result or aetive travaition, 50 the cawsal path from T2 10 Ty is visually spectable,

T4  Completed ‘open a book™ show the final state/resuit of this action: mon-target item 2 that must remain unchanged. small background ohiect 1 still mateh prior sdentity, count, and position.

mst remain unchanged, small background object...; stvle: realistic photo.
jects start uncharged and the final result is absent

: By non-TACEet e 2 Chal sttt unchisged,

ickearond uldect 1

Lab | mix eolors
Caze: lab_mix_colors_v02

GPT Image 2 Nano Banana 2 Seedream 5.0 Lite FLUX.2 Pro
Overall 7.92 C8.00/D7.85 Overall 7.34 C7.38/D7.31 . 5 Overall 7.42 C7.38/D 7.46

Z-lmage-Turbe Qwen-Image-2512 Hunyuanimage-2.1
Ovaerall 637 C6.12/D6.62 Ovorall .29 C&.00/D 6.58 Overall 5.25 C€5.25/D5.28 Overall 0.24 C0.25/D0.23

Pmmplaumma! ¥

i lInitial before 'mix
Ta: Fisl cuscrete step
T3 Midway throsgh ‘m wigaally i
Ty Completed mix ealars’ show the final stare/resilt of this action; non-target lrem 1 that m:lrm\l:wlungrd amall \».Lgmusdal:lec' 2 516l match priar idenity, count, and poaition,

Figure 31 | Example summary grids from the Lab category. Each grid compares the same prompt across eight
image-generation models and reports the overall mean score below each generated motion sheet.
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Long-horizon | a flower gradually blooms
Case: long-horizon_a_flower_gradually_blooms_v01

GPT Image 2 Nano Banana 2 Sesdream 5.0 Lite FLUX.2 Pro
Overall 7.92 C7.75/D8.08 Overall 8.46 CB.50/D 8.42 Overall 8.40 CB8.38/D8.42 Owverall 5,83 C5.25/D6&.42

Z-image-Turbo Qwen-Image-2512 Hunyuanimage-2.1
Overall 602 C5.38/D6.87 Ovorall 5.29 CA.75/D 5,83 Overall 515 C4.88/D5.42 Owerall 1.77 C1.42/D1.92

Prompt suinmary

Scemes a mechamic wearing blue gloves in a small shop interior, three-quarter side view: backgrousd: a small sotebook, a plain ceramic cup; preserved: non-target item 1 that. i hanged, small

T Initial before 's fower gradually blooms': show 4 medharic wearing blue gloves in a sumall shop interior, three-guarter sids clode a small motebock, 2 plain ceramic oap; key objects start nochanged and tk

To:  Finst concrets steg ol  grachally st éhow a (i bl tevating, contaET, e, ar plectian: ke ooa-tnne St 5 O SIS risain s
Backgrousd shios 7 wchaiged

T3 Midway throagh s flower gradually blooms s show a partial seult or active transition, so the ewnsal path from T2 to T i vissally inspectabile

T4 Completed aflower gradually blooms': show the final state, result of this action: non-target item 1 that mist in uschanged, small sbject 2 still match prior identity, coust. and position.

i wearing bliss gloves beginiing this action in the s,

Long-herizen | ice gradually melts
Case: long-horizon_ice_gradually_melts_v01

GPT Image 2 Nano Banana 2 Seedream 5.0 Lite FLUX.Z Pro
Overall 7.48 C€7.38/D7.58 Overall 7.36 C7.25/D 7.46 Overall 6,96 C7.00/D6.92 Overall 6,04 C6,00/D 6.08

Z-lmage-Turbe Qwen-Image-2512 Hunyuanimage-2.1 SDXL
Overall 3.90 C3.62/D417 Ovorall 4.85 C4.38/D 5,33 Overall 471 C4.50/D 452 Owerall 0.50 CO0.88/D0.92

Prompt suinmary

Sesme: o marse i light scruba in an outdoar patio, over-the-shoulder view; background: a potted plast, a neutral wall shelf; preserved: pon-target item 3 that must remain unchanged. sl bickground chject. < styie: realistic photo,

i re ‘ice gradually melts show a marse in light serubs in an outdoor patio, over-the-shoulder v include a putted plant, & all shelf; ey objects start uncisamged and the final result s dbsest

1 srep-of ‘iow gradually oels® shaw & tarae it ight scriba beginning thss wctio in the sceie, witli vishls motson, eatac, Trigeer, or slection; keep no6-tatget e 5 that st renain anckavaed, sl background b 4

h
T3 Midway throagh les graduall - show 3 partial result oe astive tram 30 the eausal path from T3 to T is visaal) tabl
T4 Completed i iy melts' shiow the fimal 11 of this actio; non-targes itens 3 thiat mast remain unchanged, small background object o saill match prior identity, coust, and position

Figure 32 | Example summary grids from the Long Horizon category. Each grid compares the same prompt
across eight image-generation models and reports the overall mean score below each generated motion sheet.
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Machines | a robot opens a door
Case: machines_a_robot_opens_a_door_v02

FLUX.2Z Pro
Owvaerall 5,33 C€5.25/D5.42

Seedream 5.0 Lite
Overall 7.23 C€7.12/D7.33

GPT Image 2 Nano Banana 2
Ovorall 7.88 C7.75/ D 8.00

Z-image-Turbo
Overall 5.90 C5.62/D6.17

Qwen-Image-2512
Overall 4.62 C4.25/D 5.00

Hunyuanimage-2.1

Overall 5.65 C5.462/D5.67 Overall 1.25 €1.25/D1.25

Prompt suinmary
Soeme: 4 shop assistant wiearing a dark vest in a bright climic room, slight overbead view; background: a small tray, a fodded doth; presecved: non-target ibem 3 that must repsain unchanged. small backrground oiject...; strie: realistic photo.

Initial before 's robot opens a door’: show a shap sasistant wearing & dark vest in a bright clinic toon, sight ovechead view; include o suall tray. a folded clotls; key objects start unchanged and the final result is absent.

Fiat concrete step of 'a robot opens 4 doot” show a shop anstatant wearing & dark vest beginming this action in the scene, with visible motion, cantact, trigger, oc seheetion: keep pon-Target item 3 that must remsain unchanged, snall background
hjees 3 unchangad

Midway through ' rabot opers a deor': show a partial tesult or aetove transitson, so the cousal path fram T2 to Tg ds visnally inspectabile
Completed ‘arobot opens a door': show the finaf state /result of this action: noo-target itemn 3 that i hi d, smuall

biect 3 still match prior identisy, count. and position.

Machines | grab take part
Case: machines_grab_take_part_v02

FLUX.2 Pro
Overall 5,73 C35.38/D 6.08

GPT Image 2 MNano Banana 2
Overall 6.62 C6.00/D7.25 Overall 6.83 C&.75/D 6,92

Seedream 5.0 Lite

Z-image-Turbo Qwen-Image-2512 Hunyuanimage-2.1 SDXL
Overall 5.21 C5.00/D35.42 Ovorall 5.48 C5.38/D 5.58 Overall 4,32 C4.38/Da.47 Owerall 1.38 €1.25/D 1.50
Prompt suinmary
Scemes a gardener wearing a sun hat in 4 simple fiving room, slight overhead view; a smadl tray, a fodded cloth; preserved: pon-target item 3 that mmust resain unchanged. small background cbiect. - styie: realistic photo.
Ti:  Initial hefore wrab take part’: show a gardener wearing a sun hat in & sinple Tving room, stight averhead view; include a small tray, a folded cloth; key objects start uncharged and the final result is absent
To:  First coverets step of grad fake part show & g dener wearing 2 san at begisning this action fis thie sorw, with visilile motion, coutact, Trigger. or tiny; ki it 3 that Tt eenadn wschinged, small backgroued obijo 1
andhaged.
T3 Midway throagh ‘srab talee part' show 3 partial result or aetive teansition, so the emsal path fron To to T is visually inspectable.
T4 Completed grab take part': shiow the final state ‘result of this action: non-target item 3§ that most remain unchanged, small backgroend obfect 1 sl match prior identity, count, and position.

Figure 33 | Example summary grids from the Machines category. Each grid compares the same prompt across

eight image-generation models and reports the overall mean score below each generated motion sheet.
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Nature | lightning

Case: nature_lightning_v01

GPT Image 2 Nano Banana 2 Sesdream 5.0 Lite FLUX.2 Pro
Overall 8.35 C8.38/D8.33 Overall 7.27 C7.12/D7.42 Overall 6.2 C6.75/D7.08 Overall 6,85 C6.82/D7.08

Z-image-Turbo Qwen-Image-2512 Hunyuanimage-2.1
Overall 5.77 C5.38/D6.17 Overall 5.75 C5.50/D &.00 Overall 3.46 €3.25/D3.47 Overall 1.56 C1.38/D1.75

Prompt summary

Scemes a mechamic wearing blue gloves is an oatdoor stormy landscape,
phata,

T Toitial e

he-shoulder view: £ a a neutral wall shelf; preserved: nou-target item 3 that must

It ey objedts sart inclinged
sarget iteen 3 thi

i Iandscape, ver-the-ah
thie seen

wearing Wi glives it

ighitiing
10 st of i

ctact, trigger, ot sleetis

' 5w 3 Iiwehianic wiaring bl

throagh Tightuing- show a partial result or active transition, so the causal path from T2 ta T4 is vissally inspectable
ed lightning' show the final state/result of this action: non-target item 3 that must remain unchanged. small background object 2 still nsatch prics sdentity, court, and position.

Ay
d: Complet

Mature | an insect crawls
Case: nature_an_insect_crawls_v01

GPT Image 2 Nano Banana 2 Seedream 5.0 Lite FLUX.2 Pro
Overall 7.75 C7.75/D7.73 Overall 6.62 C6.50/D 675 Overall 7.42 C€7.50/D7.33 Overall 5.46 C35.25/D 5.67

Z-lmage-Turbe Qwen-Image-2512 Hunyuanimage-2.1
Overall 5.31 C5.38/D5.25 Overall 5.54 C5.50/D 5.58 Overall 4.60 C4.62/D4.58 Overall 1.96 €2,00/D1.92

Prompt summary
-hamic wearing hlue gloves i
itial before 'an i wls’

fle: pealistic phata.

eboalk, & plidn cer
e, Crigger, ot wle

ctive trams
esalt of this action: non-target item 1 that must ¢

, a0 the cansal path frem T2

2 el identity. count, and positing.

Figure 34 | Example summary grids from the Nature category. Each grid compares the same prompt across
eight image-generation models and reports the overall mean score below each generated motion sheet.
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Navigation | walk through a hallway
Case: navigation_walk_through_a_hallway_v02

GPT Image 2 Mano Banana 2 Seedream 5.0 Lite FLUX.2Z Pro
Overall 8.21 C8.25/D8.17 Overall 6,92 C7.00/D &.83 Overall 6,25 C6.25/D6.25 Owvarall 6,85 C6.88/D 6.83

Z-image-Turbo Qwen-Image-2512 Hunyuanimage-2.1
Ovarall 698 Cé6.88/D7.08 Ovorall 6.85 C&.88/D 6,83 Overall 5,32 C5.38/D5.47

Prompt suinmary
Scemes a gardener wearing a sun hat in 4 simple fiving rocm, slight overhead view: a smmadl tray. a fodded ; preserved: pon-target item 3 that mmust remsain unchanged. small background cbiect. < ealistic photo.
T Initial efore ‘walk through & hallway': show a gardener weariug & sun hat in a simple living room, slight overhesd view: inclode 2 small tray, o folded dioth; key objects start unchanged and the final result

To: Firat conerete step of walk through i hallway': show i gardener woaring a i st beginming i action bn (e scene, with vishle moton, contact, Trigger, of selection; keep noa-target itein 5 that mvasl remain n|.(|| anged], anall background
ahject 3 usehanged

T3 Midway throagh ‘walk through a hallwan'; sbow a partial vessilt or active sransition, so the easal path from T 1o Ty ba vesually spectable;
T4  Completed walk throsgh a hallway': show the final state;/result of this actbon; nen-target item 3 that mmst rensain uncharged. small back  obiect ¢ still match prior & ity. count, and position.

Mavigation | walk toward a desk and stop
Case: navigation_walk_toward_a_desk_and_stop_v02

GPT Image 2 MNano Banana 2 Seedream 5.0 Lite FLUX.2 Pro
Overall 7.90 C7.88/D7.592 Overall 7.76 C7.75/D7.77 Overall 7.92 C8.00/D7.85 Overall 6,27 C6.00/D 6.58

Z-lmage-Turbe Qwen-Image-2512 Hunyuanimage-2.1 SDXL
Ovorall 5.80 C5.38/Dé6.23 Ovorall 6.88 C&.75/D 7.00 Overall 5.18 €5.12/D5.23 Overall 1.54 C1.62/D 146

Prompt suinmary
Sceme- a cld wearing a yellow hoodie in a dassroom comner, slight overhead visw: backgrousd: 4 small tray, o folded cloth; preserved: noo-target item 3 that omst remain unchanged, snsall backgroand obgect .. style: realistic phota,
T Initial efore ‘walk toward a desk and stop’ show 8 child wearing a yellow hoodie in a dassroom corner, slight overhead view; inclode 4 small tray, o folded doth; ey olijects start unchanged and the final result is sbrent.

To:  Firet concrets step of ‘walk towarid o desk and s w4 el wearing 4 yellow boodin beginng this action i e scene, with visible nsotio, contact, crigger, or mlaction: kv nes-5arget iee 5 1Hat st remain uncsasged, sisall
Backgrousd objuet 3 usehanged

T3 Midway throagh walk tocard a desk and sop’: show a partlal sesult or active transition, s0 the eansal path from T2 to T4 b vissally inspectable.
Ta:  Completed wak toward a desi and stop’ show the final state/result of this action: non-target item  that must semisin unchanged, small background olbject 3 still match prioe identity, eaus, and position.

Figure 35 | Example summary grids from the Navigation category. Each grid compares the same prompt
across eight image-generation models and reports the overall mean score below each generated motion sheet.
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Occlusion | a cat crawls into a box
Case: occlusion_a_cat_crawls_into_a_box_v01

GPT Image 2 Nano Banana 2 Sesdream 5.0 Lite FLUX.2 Pro
Overall 7.80 C7.75/D7.85 Overall 8.14 CB.12/D 813 Overall 8.47 C8.62/D8.37 Owvarall 5,94 C5.88/D 6.00

Z-image-Turbo Qwen-Image-2512 Hunyuanimage-2.1
Overall 5.57 C5.38/D5.77 Ovorall 5.68 C5.75/D 5.62 Overall 4.88 C4.75/D 5.00 Owerall 1.36 €1.25/D1.45

Prompt suinmary
Soeme: a mechamic wearing blue gloves in a small shop interior, over-the-shoulder view; background: a ported plant, aml ral wall shelf; preserved: non-target item 3 that mmust remain unchanged, small background obiect
T Initial before 's cat crawls into & boo’; shew a mey aring blue gloves i a small shop interior, { ldder view; include &

To:  Firat concrete Bopaf'a car crawle fila A By’ shaw i isechaic veariig Wi gloves heginning this actiot in the ssene, with Vsdble atian, comact, THager, ar ssléctian, ksep nok-ATger itetn 3 that st remai
ohfoct 3

Ty Midway throagh s est crawls mto s o show a partial sesult ar active tranaition, so the sansal path from T2 to T4 is visully mspectable.
T4 Completed ‘s cat crawds info a box': show the final state/result of this action: non-tazget item 3 that must remain unchanged. small background object 2 still natch prios sdeatity, count, and position.

+ style: realistic photo.

et sl lickirosind

Occlusion | pick up a ball from under a table
Case: occlusion_pick_up_a_ball_from_under_a_table_v01

GPT Image 2 Nano Banana 2 Seedream 5.0 Lite FLUX.2 Pro
Overall 8.02 CB.12/D7.92 . % 2 Overall 6,96 C7.00/D6.92

Z-lmage-Turbe Qwen-Image-2512 Hunwunlmim-z 1
Overall 495 C4.75/D35.15 Overall 513 C4.88/D5.38 Overall 4,98 C4.88/D5.08 Overall 1.60 C1.50/D 1.69

Prompt suinmary

Sceme: a mmse inlight scruba in an utdoar patio, three-quartes side view: hackground: a small notebook, a plain ceramic sup; preserved: nos-target ftem & that must remain ancianged, small backgroand object..; style: realistic phata.

T Initial before 'pick up & ball from under a table’: show a murse in ibs i imclurde o small notebook, a plain ceramic cups key objects start uncsasged and the I'r.a result is absent.

To: Fixet coverete stupof pick up a ball fro , with wsilibe o
ohjoet 4 unchinge

T3 Midway throagh pick up a ball from ander & table': show a partial reslt ar setive transitios, s the causal path from T3 to T |s wually inspectable

T4 Completed pock up a ball from under a table’: show the final state,resuit of this action; non-target item 1 that mmst remain unchazged. small backgronnd object ¢ still mateh prior identity, count, and position.

e table': ahow & e g thin et

1, il TR, oF Sebeetinl: Reep Bom-targe b 1 that miss s

ichanged. snall backgronid

Figure 36 | Example summary grids from the Occlusion category. Each grid compares the same prompt across

eight image-generation models and reports the overall mean score below each generated motion sheet.
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Pets | a cat crawls into a box
Case: pets_a_cat_crawls_into_a_box_v02

12 ;
L
—_—
A =
GPT Image 2 Nano Banana 2 Sesdream 5.0 Lite FLUX.2 Pro
Overall 8.48 C8.50/D8.46 Overall 8.28 CB.25/D 831 Overall 6.74 C6.25/D7.23 Overall 5,97 C35.862/D &3

Z-image-Turbo Qwen-Image-2512 Hunyuanimage-2.1
Overall 446 C4.00/D4.92 Ovorall 4.77 CA.62/D 492 Overall 6,32 C&.25/D4.28 Owverall 1.32 €1.25/D1.38

Prompt suinmary

Soeme: 4 stusdent with n backpack in 2 tisy bedroom, table-height side view; twa folded towels; 2 small basket; preserved: now-target it

T Tefore ‘s cat crawls into a box; show a student with 2 backp: a tidy bedroom. table-height side view; include two folded towels, a an

To: First cuserets sep-of s can crawls b & by dhrow @ student with a backpack begismiug s action in the soat, with visible m
unchanged,

T3 Midway throagh s est crawls imta a box': show a partial seault ar active tranaition, so the sansal path from T2 o T4 i visully mapectable.

T4  Completed ‘s cat crawds info a box'- show the final state/resalt of this action: non-tazget item 2 that must remain unchanged. small background object 1 still match prios identity, count, and position.

thaat must remain unchanged, small background object...; stvle: realistic phota.
sethet; ey objects start unchanged and the fnal result is aboent.
coitct, IFR, oF eebection; ey bean 2 thal st preasn unchanged, wnall bacdkaround ojed 3

Pets | put a pet into a cage
Case: pets_put_a_pet_into_a_cage_v02

GPT Image 2 Nano Banana 2 Seedream 5.0 Lite FLUX.2 Pro
Overall 818 C8.12/D8.23 Overall 8.20 CB.25/D8.13 Overall 6,23 C6.00/D 6.45

Z-lmage-Turbe Qwen-Image-2512 Hunyuanimage-2.1
Overall 4.65 C4.00/D5.31 Overall 4.58 C4.50/D 5.46 Overall .41 C4.12/D4.6% Owverall 2.12 C2.00/D 223

Prompt suinmary
Scenes a chuld wearing a yellow boodie in a dassroom corner, slight overbead view: background: a small tray, 4 folded cloth: preserved: noo-target ftem 3 that ovust remain unchanged, suall background obgect | style: realistic photo,
T itial before ‘put & pet into a cage’s show a child wearing a yellow hoodie in a classroom corner, slight overhesd view: indude o vmall tray, a folded dotl; key objects start unchanged and mal result is absent.

T W 16 o ol ‘it a et fite & cage’ sdaw -l weatiing & yellow lsodia beginntig this sction in U sceie, with visble motiors, coata, triger, of seleetion; keep hon-target o 3 (50 il renain sndanged, sl hackgroan
ohbfoet 3 unchinged

T3 Midway throngh ‘put a pet o 4 cage” show a pa
T4 Completed ‘pat a pet fnto a cage” show the final stat

cesnilt ar active transition, 5o the eansal path from T2 to Ty ks visually inspectable
lt of this actiou: non-target item 3 that must remain uschanged, small background object 3 still match prios identity, count, and position.

Figure 37 | Example summary grids from the Pets category. Each grid compares the same prompt across
eight image-generation models and reports the overall mean score below each generated motion sheet.
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Quantity-focused | one of three birds flies away
Case: quantity-focused_one_of_three_birds_flies_away_v02

GPT Image 2 Nano Banana 2 Sesdream 5.0 Lite FLUX.2 Pro
Overall 8.04 C8.00/D8.07 Overall 7.63 C7.36/D7.71 Overall 5.00 C4.78/D5.21 Owvaerall 6,20 C6.11/D6.29

Z-image-Turbo Qwen-Image-2512 Hunyuanimage-2.1 SDXL
Overall 417 C3.78/DA4.57 Ovorall 4.40 C4.22/D4.57 Overall 3.25 €3.22/D3.29 Overall 1.86 C2.00/D1.71

Prompt suinmary

Sceme- a student with a backpack in  tidy bedroom, slight overhead view, background: & small tray, 2 folded coth; preserved: non-target i

T Initial before 'ane of three birds fes sway': show a student with & hackpack in a tidy bedroom. slight overhesd v include a 5

To:  First conerete stup of ‘e of thive birds fles way sbaw o sudest with a backpack bagicmiig this action i the
oot 1 uschangsd

T3 Madwar throsgh o a thice bisds Sles acay' shawa partial sesult ar asive transisian, so the ssusal path from 72 10 T y inspeciable

T4 Completed ‘one of vary': show the final ilt of this action: non-target item 3 that must remain wwchanged, small backgrousd object 1 still match prior identity, count, and position.

mest remain unchanged, small background object...; style: realistic photo.
 fobded d e ot art unchanged and the final result is shsent
1, COULACE, AERERE, 0¢ sictings: eep Ban-Target bem 3 (hat st pesn unchanged. il backgronnd

1tr

Quantity-focused | a row of people moves forward one by one
Case: quantity-focused_a_row_of_people_moves_forward_one_by_one_v01

GPT Image 2 Nano Banana 2 Seedream 5.0 Lite FLUX.2 Pro
Overall 7.50 C7.62/D7.38 Overall 6.22 C6.12/D 6,31 Overall 4.46 C4.38/D4.54 Overall .74 C4.62/D &.85

Z-lmage-Turbe Qwen-Image-2512 Hunyuanimage-2.1
Overall 4.29 C4.12/D4.46 Overall .32 C4.25/D4.38 Overall 4,18 €C4.12/D4.23 Overall 1.22 €1.12/D 1.3

Prompt suinmary

Seeme: ap adult wearing a gray jaciet ina compact kitck the- sk a potted plant, o neutral wall shelf; preserved: pon-target item 1 that must remain mchasged, sedl badrground ohject. .- styie: realistic photo.

Te Initial before ‘s row of peaple moves farward one by one’ u'lluu an ardult wearing agray jacket in a compact kitchen eounter, over-the-shouldes view, inchade a potted plaot, + ral wall shelf: bey objects start unchanged mnd the final result is
abne

Tar  Fiset éo a vow of people nsenves Sorward ane by ane show an adlt wearisg a gray Jacket beginssng this action i the soens
amall backgroun o2 2 umchanged

T3 Midway throagh 's vow of people moves farward ooe by one’ show a partial reqult oz active transition, 1o the rmusal path fram T2 to T4 is visually inspectable

T4 Completed arow of people moves forward one by one': show the fimal state,result of this action: non-target itens 3 that must remaio unchanged, small background object 2 sill match prior identity, coum, and position.

crate 1)

il st m, contaet, Erigger, o sebeetion; beep ion-targat sten 3 that mnst resatn anchasgd,

Figure 38 | Example summary grids from the Quantity Focused category. Each grid compares the same
prompt across eight image-generation models and reports the overall mean score below each generated
motion sheet.
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Repair | paint wall
Case: repair_paint_wall_v02

GPT Image 2 Mano Banana 2 Seedream 5.0 Lite FLUX.2Z Pro
Overall 8.5 C8.50/D8.58 Overall 8.00 CE.00/D 8.00 Overall 8.15 C8.12/D8.17 Owvarall 7.52 C7.38/D 7.67

Z-image-Turbo Qwen-Image-2512 Hunyuanimage-2.1

Ovarall 5.62 C5.25/D6.00 Ovorall £.21 C&.00/D 6.42 Overall 5.48 C5.38/D5.58 Overall 0.50 C0.530/D0.50
Prompt suinmary

Seeme: a student with a backpack in & tidy bedroom, wide stable view; background: a dosed toolbo, o coiled cable; preserved: non- lﬂmt t!lru >l—..n nusl Temain u:r.'llam‘ed amall background object...; style: realistic phato.

T Initial hefore ‘paint wall® show a student with a backpack i s ticy bedroom, wide stable view; include o closed toolbox, ke alijects ped aned the Gnal result is shsent,

Ta: Firet cuserets step af ot wall’ shiw a stadent with a backgsck beginnizg Chia actsan {5 U e, with Visible mofion, costact, rigger, or siled ||m. kw-,. Dot LATEs it | That Wt renaits wochangsd, snall background albject 1 wehanged
T3 Madway throsgh ‘pains wall': show a pastsal result op active transstsan, &0 the causal parh frous T3 to T4 te visnally fuspectable,

Tq:  Cospleted ‘paiat wall'; show the final stace/esult of this action; not-target iens 1 that nwnst remain anchanged, sl biackground object 1 siill match priar idestity, count, and poaisien

Repair | hammer nail
Case: repair_hammer_nail_v01

GPT Image 2 Nano Banana 2 Seedream 5.0 Lite FLUX.Z Pro
Overall 7.88 C7.75/D8.00 Overall 627 C6.12/D 6.42 g .| & Overall 4.81 C4.62/D 5.00

Z-lmage-Turbe Qwen-Image-2512 Hunyuanimage-2.1 SDXL
Ovarall 6,44 C6.38/D6.50 Ovorall .60 C&.38/D 6,83 Overall 5.33 C5.25/D5.42 Overall 1.40 C1.38/D 1.42

Prompt suinmary

Soeme: anarhuit wearing a gray jaciet in a compat kitck - three-an side vil & small notebook. a plai preserved: noo-target item 1 that mmst remain unchanged, small backgroand object...; style: realistic
bt shuw an acult wearing a gry backet in & compact kitchen eosmter, three-qiarter sde vew; Al o, 4 [Aain ceramic cufy; key ohijects start unchanged and the final resolt is absent
T

sver vl aliowe in aehult wearng a gray ket begioming this action s the e, with visibe

cantact, Trigger, oo aelection) keep noni-target item 1 that must vemain uschanged, small backgrousd abject 3

s
T3 idway throagh Tamsner nail’s deove a partial ceselt or active transitios, 5o the causal path from T3 1o°Tq is visully ispestable.
Ta:  Completed hammmer nail': show the final state,result of this action; non-target item 2 that must remain unchanged. small background olject 2 still mateh prior identity. count, and position.

Figure 39 | Example summary grids from the Repair category. Each grid compares the same prompt across
eight image-generation models and reports the overall mean score below each generated motion sheet.
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Social | two people carry a box
Case: social_twa_people_carry_a_box_v02

t t2

GPT Image 2 Nano Banana 2 Seedream 5.0 Lite FLUX.2 Pro
Overall 8.48 €850/ D 8.46 Ovorall .60 C8.30/ D 6.6 Overall 7.50 C7.38/D7.62 Ovarall 6.55 €6.25/ D 6.85

Z-image-Turbo Qwen-Image-2512 Hunyuanimage-2.1 SDXL
Ovorall £.52 C6.50/D6.54 Overall 5.28 C5.25/D 5.31 Overall 536 C5.25/D5.46 Overall 1.01 CO.B8/D1.153
Prompt suinmary

Sesme: a shop assistint wearing a dark vest in a bright climic room, table-height side view: hackground: two folded towels, o small basket; preserved: non-target item 2 that must remain unchanged, snall background oifect...; style: realistic photo.

T Initial hefore ‘two people carry a bow': show a shop assistant wearing a dark vest in a bright dinic room, table-leight side view; inclade two folded towels, 4 small basiet; key objects start unchanged and the final resalt is absent.

To:  Firet concrets step of ‘T prople carry & bax's slban 4 aliop assistant wyatbg a Atk vest beginning this action in the soeie, witll visshlo imotsan, matact, trager, o saleetion, keep noe-target e = 15t st remals dnchanged, anall
Backgrousd sbjuet 3 usehanged

T3y Midway throagh 'tios people carry a bax’: show a partial reslt ar active transition, sa the causal path from T2 to Ty is wualky mspeeabls:

T4 Completed two people earry a bax' show the final state/result of this actson: non-target item 2 that must remain unchanged. small iject 3 still match prior & ity, count, and position.

Social | people set up a tent together
Case: social_people_set_up_a_tent_together_v02

GPT Image 2 MNano Banana 2 Seedream 5.0 Lite FLUX.2 Pro

Overall 810 C8.12/D8.08 Overall 7.01 C7.25/D&77 Overall 7.68 C7.75/D7.62 Overall 6,90 C&.88/D6.92
. ‘.

Z-lmage-Turbe Qwen-Image-2512 Hunyuanimage-2.1
Overall 5.42 C538/D35.46 Ovorall 4.99 CA.75/D 5.23 Overall 4.42 C4.38/D 446 Owerall 2.14 €2.12/D 2.15
Prompt suinmary
Soeme: 4 gardener wearing a sun hat in a grassy campsite, slight i asmall tray,  folded preserved: noa-target item 3 that mmat i taiged, simall object_; style:

T:  Initial before ‘peaple set up o tent together’; show a gardener wearing o sum bat it 4 grassy campsite, slight overhesd view: inclade a small tray, 2 folded doth; key shjects start unchanged aid the fnal result & absent.
To:  Firat conerete stepof ‘peaple st up a et togithet’ s a gardener witirisg 2 s bar beginising s action in the seene, with visble marioe contaet, tiager, of mhaetion: bevp on-target itee 3 1ha sost ensin unesasged, small
backgrousd abjoes 1 usehanged

T3 Midway throagh peapls set up a test together: shaw a-partial resalt or active transition, o the exnsal path from T2 to T4 b visually mspeesable
Ta:  Completed people set up a tent togerther': show the final state result of this action: non-target item 3 that must remain unchenged. small background ohject 1 still matrk prios identity, count, and position.

Figure 40 | Example summary grids from the Social category. Each grid compares the same prompt across
eight image-generation models and reports the overall mean score below each generated motion sheet.
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Sports | long jump
Case: sports_long_jump_v01

o A

GPT Image 2 Nano Banana 2 Seedream 5.0 Lite FLUX.2 Pro
Overall 7.75 €7.75/D7.73 Ovorall .40 C8.38/ D 6.42 Ovaerall 6.69 C6.88/D 8.50 Overall 5,62 C5.50/05.75

Z-image-Turbo Qwen-Image-2512 Hunyuanimage-2.1 SDXL
Overall 5.62 €5.25/D 6.00 Overall 5.85 C5.62/D 6.08 Overall 5,08 €5.00/D5.17 Overall 1.7 €1.62/D 1.83

Prompt suinmary

Sceme- a nurse in light scruba in an sthiletics long-junsp runwmny and sand pit, aver-the-shoulder view; badkground: a posted plant, 4 newtral wall shelf; preserved: non-target item 3 that mmst remain unchanged, small background objest ; style
realistic phata.

Ty letial Belope Tot ' shev s iene in gt acrul thiet anil sand gar, v e & gatTed A 4 nettal wall shelt; key abjecte sart unchaged and the Gal tesilt & shaent

Ta  Fisar concrene stepoof Jowg famp! shos a nurss in light sceuba beginming this actian im the s, with waibde maotion, sontact, gy, of sslction; kesp oon-tasget itom 3 that must renadn ushanged, small backgrousd objes 4 usclianged.

T3 Midway throagh Tosg jump: shew a partial ressilt ar active trassition, 8o the cansal path from T2 10 Ty is visually nspoctable,

T4 Completed Tong funp’: show the final state/resalt of this action: non-target item 3 that must remain unchanged. small background object 4 still match prior identity, count, and posttion.

Sports | throw boxing punches
Case: sports_throw_boxing_punches_v01

GPT Image 2 MNano Banana 2 Seedream 5.0 Lite FLUX.2 Pro
Overall 7.40 C7.38/D7.42 Overall 7.27 C7.38/D 717 Overall .96 C7.00/D&.92 Overall 7.96 C8.00/D7.92

Z-lmage-Turbe Qwen-Ilmage-2512 Hunyuanimage-2.1 SDXL
Ovorall .60 C6.38/D6.83 Ovorall 5.649 C5.38/D 600 Overall .29 C6.25/Dé&.33 Overall 1.44 C1.38/D 1.50

Prompt suinmary

Soeme: 4 murse in light scruba in an outdoor patio, fromt-facing stahle view, background: a stack of boaks. a desk lanap; preserved: pon-target item 2 that must remain unchanged. small background object...; style: realistic photo.

Tr:  Initial tiefore ‘throw bodng pusches show & mures in Bght scrabe in an satdan patio, Eront-fcing stable view; inchude a stack of bodks, a desk lamy; key objects start tochanped and the Gnal result & shient.

To: Firet cucerets stugf Trow Dosit pusches' ahow a surss is ght scrbe beginenng s action in the seets, with viaible matio, contact, irger, o sebeclsan: ke bon-tarst e 3 that st remsain ancaed, sl badaround ohject

andhaged.
T3 Msdway throagh ‘throw bowieg punehes': show a partial result or setive transition, so the causal path from T2 to Tq is visuslly |rspestable
Ta:  Completed throw box show the final ] of this action; noo-target fem 3 that mmst remain anchanged, soull backgromnd obiect 4 still match prior identity, count, and posithon.

Figure 41 | Example summary grids from the Sports category. Each grid compares the same prompt across
eight image-generation models and reports the overall mean score below each generated motion sheet.
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Systems | a small boat goes around a buoy
Case: systems_a_small_boat_goes_around_a_buoy_v02

GPT Image 2 Mano Banana 2 Seedream 5.0 Lite FLUX.2Z Pro
Overall 7.85 C7.B8/D7.83 Overall 7.40 C7.38/D7.42 Overall £.34 C6.25/D6.83 Owverall 4,83 C4.75/Da.92

Z-image-Turbo Qwen-Image-2512 Hunyuanimage-2.1 SDXL
Overall 444 C4.12/DA.75 Overall 5.08 C4.75/D 5.42 Overall 4,98 C4.88 /D 5.08 Owerall 2.04 C2.00/D 2.08

Prompt suinmary

Sceme- a cld wearing a yellow hoodie in a lake with 2 boay, wide stable view: hackground: a dlosed toolbox. a eoiled cable; preserved: non-target item 1 that mast remain unchanged, small background object.... style: realistic phota.

T Initial before 'a small boat goes around 4 booy': show a child wearing a yellew hoodie in a lake with & booy, wide = vi nchuite o closed toofbion, & coiled cabie; key ohiects start unchanged and the fnal result i stoent

To:  Finet conerete step of ' small bost goes aroiied a ooy shiw & chili weariing & yellow boodis begineing 1is actiis i The sceie, with visilble Extinn, contaet, (rgaer, oF seleetan; lse) non-Targst ites | Hat dnist reimas) unchased, sl
Backgrousd shiors 3 wehanged

T3 Midwar throsgh s smll bast goes arcend  bay - shaw 2 parsial seault o arsive transitian, o the cansal path e T3 10 T4 s vislly ‘mam

T4 Completed ‘asmall boat d a buoy’: shew the final £ this sction: non-target iten 1 that mest all & d object 3 still match prior identity, cousnt, and position.

Systems | reverse a car into a parking space
Case: systems_reverse_a_car_into_a_parking_space_v01

GPT Image 2 Nano Banana 2 Seedream 5.0 Lite FLUX.2 Pro
Overall 581 C5.62/D 6,00 5 2 Overall 2.35 €3.25/D3.34

Z-lmage-Turbe Qwen-Image-2512 Hunyuanimage-2.1
Overall 4,57 C4.38/D4.77 Ovorall 3.50 €3.38/D 3.62 Overall 3.34 C€3.38/D3.31 Owverall 2.38 C2.00/D2.77

Prompt suinmary

Soeme: aitchen worker an apeon in an outdoor parking bot, i il view: d: 2 stacit of books, & desk lamp: preserved: ma-targst item 2 thet must remain uncsged, sl background object_; style- realistic phato,

o Iutia] lefore ‘revere o car it a parking spoce” shov 2 kstehen warker wearing an apeon in an utdoat parking Iot, from-facing stable view inclode a stack of buoks, & desk Jemis. bey objects start unchunged mnd the fisal resalt is abosot,

Ta: W14 ey o teveEne & GIT 0 A pating apacs” show  kilchen wr ket weatsig an apron hegiitsng this actios in i scenue, witls isible (5013, CoTTact, trigg, ot belectian; kel oo Yarget ftes 2 that tmist temain ichatged, ssall
el ot 4 uschangsd

T3 reverse a car inio 2 parking space’ show 3 partial rends or acteve tramsttion, 30 the cwsal path frans Ta tn T is visually inspectable.

Ta:  Completed Teverse a car into a parking space’: shiow the final state ‘result of this action; non-target item = that most remain unchanged, small backgroemd object 4 sill match prior identity, count, and position.

Figure 42 | Example summary grids from the Systems category. Each grid compares the same prompt across
eight image-generation models and reports the overall mean score below each generated motion sheet.
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Unboxing | take out a product
Case: unboxing_take_out_a_product_v02

GPT Image 2 Nano Banana 2 Sesdream 5.0 Lite FLUX.2 Pro
Overall 893 C9.00/D8.86 Overall 6.90 C6.88/D 6,93 Overall 7.42 C7.62/D7.21 Owvaerall 5,78 C35.62/D5.93

Z-image-Turbo Qwen-Image-2512 Hunyuanimage-2.1 SDXL
Overall 499 C4.62/D5.36 Overall .47 C4.33/D4.60 Overall 4.72 C4.75/D4&71 Overall 3.49 C3.42/D3.386

Prompt suinmary

Scenes 4 siop assistant wearing a dark vest in a bright climic room, table-height side view: back d: a'amall basket; preserved: non-target item 2 that must remain unchanged. small background otiject..; stvle: realistic photo
T ‘Tiefore ‘taloe out a product - show & shap assistant weasing & dark vest in a bright clinic roon, table-height side view: include two folded towels, 8 small basket; key objects start unchanged and the final result is absent
Ta:  Fimt

ser e BN of Takie ot a poduet s show & shop avsestan wiarlin a dark vest begiering this action i The soine, with visibie motion, cantct, g,
ohfoet 3 unchinged

heetinn: e Bon-Target flem 2 Ehat miss remmain uechanged, snall lackgranid
T3 Midway throagh ‘take vat a product': show a partial result or aetive transition, so the causal path from T2 to T ls visnally inspectabile
T4 Completed take out a product’: sl the finad stace,/result of this action: noo-target item 2 that mast remain wnchanged, small hackground object 3 still match prior identity, count. and position.

Unboxing | open a product box
Case: unboxing_open_a_product_beox_v02

GPT Image 2 Nano Banana 2 Seedream 5.0 Lite FLUX.2 Pro
Overall 838 C8.38/D8.31 Overall 8.08 CB.O0/D 813 Overall .30 C8.38/D8.23 Overall 6,89 C6.12/D 6.85

o
22

Z-lmage-Turbe Qwen-Image-2512 Hunyuanimage-2.1
Ovaerall 7.01 C4.88/D7.15 Overall 5.65 C5.38/D5.92 Overall 5.70 C€5.62/D5.77 Overall 2.49 C2.75/D2.23
Prompt suinmary
Scemes 4 gardener wearing a sun hat in 4 simple fiving rocm, table-height side view ¢ . a small bask

preserved: non-target item 4 that must remain unchanged, small background ohject...; shie: realistic photo
ing room, ﬂd.e view, twn folded towels, & small basket, key objects start unciarged and the final result is absent.
gt e e 3, weith o ot contact, AT, oF SeBACTHING e s-GAEAHT ibe  hat ENAT Foteai nchainted, meial stchsreune obiet 1

To Iuitial efoire ‘open a produet by’ show a gardener wearing o sun bat i

e T 1 prip o ‘ajpen  prodact bosts show a gardiner wearing 4 s
n

T3 Midway throagh 'open a product bax' show 3 partial

Ta:

it o acsive tramsition, so tha esnsal path from T to T4 ds vissally inspectable
Completed open a product bex': showr the final state/result of this actiot: non-target item 2 that must remain eachanged, small backgrousd abject 1 s4ill match prior identity, coust, and positicn

Figure 43 | Example summary grids from the Unboxing category. Each grid compares the same prompt across
eight image-generation models and reports the overall mean score below each generated motion sheet.
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D Reproducibility and Ethics

Reproducibility. We will release the ImageTime case specifications, generation prompts, reference prompts,
prompt-only and scaffold prompts, state predicates, forbidden-state annotations, GPT-5.5 judge prompts,
scoring scripts, generated-output manifests, score JSON files, and CSV summaries where licensing terms
permit. In the reported experiments, GPT-5.5 is used to score all images generated by all evaluated models.
Each evaluated image is produced by a single generation request from the corresponding model; the score
files do not include multi-turn dialogue outputs, iterative fixes, manually selected retries, or judge-guided
regenerations. For each generated motion sheet, the scoring input contains the image, original prompt,
structured process specification, capability rubric, diagnostic rubric, and conservative score-capping rules.
The final analysis CSV records every GPT-5.5-produced C-score, D-score, confidence value, overall score,
model name, setting, and case identifier used in the paper figures.

The generated image set and GPT-5.5 score files should be treated as the primary reproducible artifact. The
released scripts support independent re-scoring, aggregation, and figure generation from these artifacts, and
the structured case specifications allow future work to regenerate or extend the benchmark under comparable
prompt and evaluation settings. Because hosted model behavior can change over time, we will record the
judge model name, scoring date, prompt template, and raw structured judge response wherever possible;
future re-scoring with a different judge model should be reported separately rather than mixed with the main
GPT-5.5 scores.

Ethics. ImageTime is designed as a diagnostic benchmark for generation capability, not as a tool for high-stakes
decisions. The prompts and reference materials are synthetic, benchmark-oriented, or generated for authorized
evaluation use. The dataset avoids tasks that require identifying private individuals, inferring sensitive
attributes, or evaluating real people. GPT-5.5-assisted quality checks were used to remove or repair prompts
with obvious factual or common-sense mismatches, such as actions placed in physically inappropriate scenes.

The benchmark can still encode the biases of its task design, model outputs, and GPT-5.5 judge. Some actions,
settings, objects, and visual styles may be overrepresented, and GPT-5.5 can miss subtle physical errors or
over-reward polished render quality. We therefore report diagnostic subscores and failure labels rather than
only a single ranking. Generated images should be used as benchmark artifacts and should not be presented
as human-created visual evidence.
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