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Abstract001

Can unified vision–language models (VLMs)002
perform forward dynamics prediction (FDP),003
i.e., predicting the future state (in image form)004
given the previous observation and an action005
(in language form)? We find that VLMs strug-006
gle to generate physically plausible transitions007
between frames from instructions. Neverthe-008
less, we identify a crucial asymmetry in multi-009
modal grounding: fine-tuning a VLM to learn010
inverse dynamics prediction (IDP)—effectively011
captioning the action between frames—is sig-012
nificantly easier than learning FDP. In turn,013
IDP can be used to bootstrap FDP through two014
main strategies: 1) weakly supervised learn-015
ing from synthetic data and 2) inference time016
verification. Firstly, IDP can annotate actions017
for unlabelled pairs of video frame observa-018
tions to expand the training data scale for FDP.019
Secondly, IDP can assign rewards to multi-020
ple samples of FDP to score them, effectively021
guiding search at inference time. We eval-022
uate the FDP resulting from both strategies023
through the task of action-centric image edit-024
ing on AURORA-BENCH with two families of025
VLMs. Despite remaining general-purpose, our026
best model achieves a performance competitive027
with state-of-the-art image editing models, im-028
proving on them by a margin between 7% and029
13% according to GPT4o-as-judge, and achiev-030
ing the best average human evaluation across031
all subsets of AURORA-BENCH.1.032

1 Introduction033

World models are instrumental in training embodied034

agents to endow them with specific abilities, such035

as planning and simulation (Qin et al., 2024; Bro-036

han et al., 2023; Huang et al., 2022; Li et al., 2025;037

Reed et al., 2022a; Yang et al., 2023; Hafner et al.,038

2025, inter alia). However, learning a specialised039

world model is challenging due to the scarcity of040

1The code and models developed in this paper will be made
available at [anonymised].
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Figure 1: A high-level illustration of our two strategies
to bootstrap Forward Dynamics Prediction from Inverse
Dynamics Prediction in unified Vision–Language Mod-
els: (i) synthesising trajectories for weak supervision
(left) and (ii) inference-time verification of candidate
future observations (right).

real-world data (Liu et al., 2024; Motamed et al., 041

2025). Conversely, a promising alternative is en- 042

dowing pre-existing unified2 vision-language mod- 043

els (VLMs) with world modelling abilities. In fact, 044

VLMs are already imbued with plenty of real-world 045

knowledge of both action (in language form) and 046

perception (in vision form), because of their large- 047

scale pre-training. 048

Firstly, we probe whether unified VLMs already 049

contain reliable forward dynamics models (FDP), 050

i.e., the ability to predict the next image frame 051

given the previous image frame and an action ex- 052

pressed as a language instruction. For this assess- 053

ment, we limit ourselves to single-step trajectories, 054

as a first step towards longer horizons. Based on 055

our evaluation, we empirically demonstrate that 056

existing VLMs do not prefer ground-truth trajec- 057

tories compared to adversarially generated ones. 058

Hence, we verify that the world model implicit in 059

the original VLMs per se is not well grounded on 060

real-world forward dynamics (Gao et al., 2024; Qiu 061

et al., 2024; Abdou et al., 2021). 062

Surprisingly, we also find that predicting the ac- 063

2Here ‘unified’ means models capable of interleaving text
and images during generation architecturally.
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Figure 2: Percentage of times 9 VLMs assign higher probability to observation–action–observation Reference
trajectories compared with 4 types of Negative (i.e., adversarially manipulated) trajectories, for both forward
dynamics and inverse dynamics prediction. Higher values are better.

tion a ∈ A taking place between observations064

o ∈ O—also known as inverse dynamics pre-065

diction (IDP; Ot × Ot+1 → At)—via super-066

vised fine-tuning is substantially easier than FDP067

(Ot × At → Ot+1). Inspired by this finding, we068

propose two strategies to bootstrap the FDP from069

the IDP in a unified VLM, namely (i) learning070

from synthetic trajectories in videos automati-071

cally labelled with actions by the dynamics model;072

and (ii) test-time verification of predicted obser-073

vations sampled from the FDP through the IDP.074

Figure 1 illustrates our two strategies.075

For the weak supervision strategy, we use a VLM076

fine-tuned for IDP on the AURORA dataset (Kro-077

jer et al., 2024) to annotate with linguistic actions078

(â ∈ A) motion key-frame pairs extracted from 45079

hours of unlabelled real-world videos. These are080

sourced from movements-in-time (Monfort et al.,081

2019), Kinetics700 (Kay et al., 2017; Carreira et al.,082

2019) and UCF-101 (Soomro et al., 2012). To-083

gether with the ground-truth trajectories in AU-084

RORA, the synthesised trajectory triplets are then085

used for weakly supervised fine-tuning of the very086

same VLM for FDP. To encourage training to focus087

on image regions that change the most, we addi-088

tionally propose a loss-weighting method which089

weights the loss of each image token according090

to the visual difference between the ground-truth091

previous and next observations, as estimated by a092

recognition model. Instead, in the verification strat-093

egy, we use the IDP to assign scores to multiple094

candidate samples generated by the FDP. Selecting095

the highest-score prediction can effectively guide096

search at inference time.097

We conduct a thorough evaluation of both strate-098

gies to bootstrap FDP from IDP on several datasets099

from AURORA-BENCH (Krojer et al., 2024): Mag-100

icBrush, Action-Genome, Something-Something,101

WhatsUp and Kubric. We experiment with two fam- 102

ilies of unified VLMs for FDP, Chameleon-7B and 103

Liquid-8B. Training on trajectories synthesised by 104

IDP, our FDP can achieve an overall performance 105

superior to state-of-the-art diffusion models spe- 106

cialised for image editing, both in terms of GPT4o- 107

as-a-judge and human evaluation. Inference-time 108

verification can also improve FDP to a comparable 109

degree as trajectory synthesis, providing an effec- 110

tive training-free bootstrapping method. 111

While limited to single-step action–observation 112

trajectories, this work offers promising early evi- 113

dence that unified VLMs can be successfully en- 114

dowed with FDP and hence may be suitably devel- 115

oped into long-horizon world models in the future. 116

2 Unified VLMs Lack a Consistent 117

Preference for Real-World Trajectories 118

To understand whether off-the-shelf VLMs are al- 119

ready suitable for FDP, the first research question 120

we investigate in this paper is: To what extent do 121

VLMs exhibit a preference for sequences of ac- 122

tions and observations that align with real-world 123

trajectories? 124

To address this question, we evaluate 9 different 125

VLMs on ground-truth trajectories from 5 subsets 126

of AURORA-BENCH (Krojer et al., 2024): Mag- 127

icBrush, Something-Something, Action-Genome, 128

Whatsup, and Kubric. Each subset contains 50 tra- 129

jectory triplets of the form (os, a, ot), where os is 130

the source observation (image frame), a the action 131

(text), and ot the target observation.3 132

We then manually curate four types of negative 133

trajectories using rule-based manipulations. The 134

first kind is an action-level manipulation. 1) Ran- 135

3We choose these 9 VLMs using the following criteria: 1)
they are publicly accessible and 2) they have been exposed to
interleaved multimodal data during their pre-training.
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dom Action: for a given pair of observations, we136

substitute the original action with another randomly137

sampled within the same subset. We also perform138

three observation-level manipulations. 2) Random139

Observation: we randomly substitute the target ob-140

servation with another in the same subset. 3) Copy141

Observation: we copy the source observation as142

the target observation. 4) Inverse Observation:143

we swap the source and target observations.144

In Figure 2, we compare the log-likelihood that145

VLMs assign to each ground-truth trajectory (Ref-146

erence) against its corresponding manipulated one147

(Negatives). We evaluate the VLMs in two tasks:148

action prediction (i.e., as an inverse-dynamics149

model) and next-observation prediction (i.e., as150

a forward-dynamics model). For each kind of neg-151

ative trajectory, we report the percentage of sam-152

ples where the model favours the reference trajec-153

tory over the negative trajectory. From Figure 2, it154

emerges that VLMs display no clear preference for155

the ground-truth trajectories in a zero-shot setting156

(around 50%).157

In the action prediction task (right panel), there158

is a slightly higher tendency to favour the ground-159

truth over the group with random actions; how-160

ever, even in the best case, Qwen2.5-VL-7B prefers161

the reference in only 60.08% of the samples. The162

only negative group that seems to be identifiable163

for VLMs is observation copying, where Qwen2.5-164

VL-7B has 67.34% of correct preference. In the165

next-observation prediction task (left panel), the166

VLM mostly fails in effectively differentiating the167

ground truth from the negatives. Although the un-168

derlying reason remains uncertain, one plausible169

explanation for this behaviour is that the model’s170

ability to solve next-observation prediction tasks171

depends on their alignment with training sequences:172

for instance, it is plausible that Chameleon’s data173

rarely features two identical adjacent images. We174

provide a discussion breaking down Chameleon’s175

performance in Appendix D.176

3 Bootstrapping FDP from IDP177

Overall, the results from Section 2 reveal that off-178

the-shelf VLMs are not suitable for FDP and IDP179

per se; however, they also show that IDP is a more180

feasible task, as VLMs already achieve accuracies181

above random chance in a zero-shot setting. Pos-182

sibly, IDP abilities may be even improved with a183

small amount of fine-tuning. This underlies the184

key intuition behind our work: can we leverage185

this asymmetry to bootstrap forward-dynamics 186

abilities from inverse-dynamics ones within a 187

unified VLM? 188

We propose two strategies to leverage VLMs 189

fine-tuned for IDP to enhance their own FDP abil- 190

ities: (i) generating synthetic trajectories by an- 191

notating large-scale key-frame pairs from videos 192

with actions predicted by IDP, then using these as 193

weak supervision to train for FDP (Section 3.2); 194

and (ii) using the IDP as a verifier at test time to 195

score candidate next observations sampled from 196

the FDP (Section 3.3). 197

3.1 Inverse-dynamics Modelling 198

First, we fine-tune the unified VLM as an inverse- 199

dynamics model (IDM) pIDM(a | os, ot), which 200

predicts the probability of an action given the pre- 201

vious and next observations. As training data, we 202

rely on high-quality triplets from AURORA (Kro- 203

jer et al., 2024) and the action recognition track of 204

EPIC-Kitchen (Damen et al., 2018), which is based 205

on videos with an egocentric view. We use the first 206

and last frame in the EPIC-Kitchen video clips as 207

the source and target observation os and ot and the 208

annotated action as a. We provide full details on 209

IDM training data and setting in Appendix H.1. 210

3.2 Weakly Supervised Learning from 211

Unlabelled Videos 212

Synthetic Trajectories. Taking advantage of the 213

resulting high-quality IDM, we then explore the 214

first of our strategies to bootstrap the FDP in VLMs: 215

we annotate pairs of motion key-frames of unla- 216

belled videos with a textual description of the ac- 217

tion with the IDM. To ensure both scale and quality, 218

we collect approximately 45 hours of video from 219

Moments-in-Time (Monfort et al., 2019), Kinetics- 220

700 (Kay et al., 2017; Carreira et al., 2019), and 221

UCF-101 (Soomro et al., 2012), all of which con- 222

sist of curated clips focused on human actions. To 223

ensure the selected pairs of motion key-frames are 224

meaningful, i.e., they express a valid action, we 225

then calculate the optical flow to quantify the dy- 226

namics per frame in the video clips, and select the 227

top-Kf frames while ensuring that the interval be- 228

tween two selected frames is If . Specifically, we 229

set If = 20 and Kf = 6 for all three datasets. This 230

results in approximately 20K, 46K, and 21K an- 231

notated trajectory triplets from Moments-in-Time, 232

Kinetics-700, and UCF-101, respectively. Finally, 233

we apply a filtering strategy to further guarantee 234

the quality of the resulting triplets. Specifically, we 235
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Figure 3: Heatmap visualization of image token weights predicted by the recognition model on examples from AG,
Something-Something, MagicBrush, and Kubric, and UCF-101, Kinetics700 and MIT.

apply stratified top-k sampling based on the IDM’s236

predicted likelihood for each trajectory triplet (os,237

âIDM, ot)4 to select a subset of triplets. We show238

statistics of the scores and action classes for the239

selected triplets in Figure 9. We also provide one240

example for each dataset in Figure 3.241

FDP. Finally, we fine-tune a VLM as a forward-242

dynamics model (FDM), pFDM(ot | a, os) on both243

AURORA’s supervised triplets Dsup and unsuper-244

vised triples Dunsup with actions sampled from the245

IDM. Normally, a FDM would be trained with max-246

imum likelihood estimation as an objective:247

min
θ

E(a,os,ot)∼Dsup [− log pθ(ot | a, os)] +

E(os,ot)∼Dunsup

[
Eâ∼pIDM(a|os,ot) [− log pθ(ot | â, os)]

]
(1)248

where θ are the parameters for FDM, and â is an249

action sampled from the IDM.250

Recognition-Weighted Training Loss. Never-251

theless, the objective in Equation 1 is limited by252

treating all regions (i.e., image patches) of the tar-253

get observation equally, even if some of them re-254

main identical to the source whereas others change.255

This may result in degenerate solutions such as al-256

ways copying the source. As an alternative, we257

therefore propose a novel training objective for258

FDM that overcomes this assumption. This ob-259

jective weights the loss of next-observation image260

tokens based on their importance. The intuition261

is that not all image patches in source and target262

observations contribute equally to modelling real-263

world transitions; instead, the model should focus264

on patches most indicative of the action’s conse-265

quences. To this end, we leverage a recognition266

model frec(w; os, ot), which outputs token-level267

4The details of this algorithm are provided in Appendix E.

weights that represent the similarity between source 268

and target patches. These weights modulate the loss 269

during training, emphasising learning on semanti- 270

cally meaningful regions and down-weighting irrel- 271

evant ones. We formulate our objective as: 272

min
θ

L∑
l=1

frec(w; os, ot)
(l) ·

(
− log pθ(o

(l)
t | o(<l)

t , os, a)
)
,

(2) 273

where θ are the parameters of VLM as FDM and 274

a L is the number of image tokens. o(l)t and o
(<l)
t 275

represent the image tokens of ot at position l and 276

the history of previous positions, respectively. For 277

simplicity, we use the pre-trained vector-quantised 278

encoder of the unified VLMs as the recognition 279

model, by computing the squared L2 norm of pre- 280

quantized features zos ∈ Zos and zot ∈ Zot where 281

Zos and Zot are the sets of features of source and 282

target observations, respectively. We visualise the 283

token weights in Figure 3, which capture where 284

acting on the source observation yields the largest 285

effects on the target one. 286

3.3 Test-time Verification 287

Finally, we introduce an inference-time strategy 288

which harnesses the IDM as a verifier to enhance 289

FDM performance. Inspired by recent work on scal- 290

ing test-time compute (Muennighoff et al., 2025; 291

Snell et al., 2024), we let the FDM generate N 292

candidate observations. Each candidate is paired 293

with the source and scored by the IDM, which as- 294

signs each a predicted likelihood, interpreted as a 295

reward. The final prediction of the FDM is selected 296

by maximising the IDM’s reward: 297

ôt = argmax
i∈{1,...,N}

pIDM

(
a | os, o(i)t

)
,

where o
(i)
t ∼ pFDM(ot | os, a).

298
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where ôt is the selected prediction. While this strat-299

egy is training-free, it requires sampling multiple300

candidates at inference time.301

4 Experiments and Results302

In Section 4.1, we first describe the experimental303

setup, including benchmarks, baselines, and evalu-304

ation metrics. We then report results on the inverse305

dynamics prediction task in Section 4.2 to verify306

that fine-tuning on a limited amount of examples307

is sufficient to develop robust IDP in a VLM. This308

is followed in Section 4.3 by automatic and human309

evaluation of both strategies introduced in Section 3310

to bootstrap FDP, as well as ablation studies. Fi-311

nally, we analyse inference-time verification and312

examine the transfer of forward dynamics predic-313

tion to two spatial reasoning benchmark.314

4.1 Experimental Setting315

Benchmarks. We select AURORA-BENCH (Kro-316

jer et al., 2024) for evaluation of both IDM and317

FDM. This dataset provides high-quality data for318

action-centric edits, covering a wide array of phe-319

nomena and assessing a model’s alignment with320

the physical world. We choose 5 subsets: Mag-321

icBrush for specialised image editing, Action-322

Genome (AG) and Something-Something (Some-323

thing) for real-world actions. Whatsup focuses on324

spatial reasoning, whereas Kubric contains sam-325

ples from a physical engine (Greff et al., 2022).326

Models and Baselines. We experiment with two327

unified VLMs, Chameleon-7B (Chameleon Team,328

2024) and Liquid-8B (Wu et al., 2024b). The vari-329

ants of these models fine-tuned on both supervised330

and weakly supervised data with loss weighting331

(i.e., with the training-time bootstrapping strategy)332

are indicated as C-FDM and L-FDM, respectively.333

As our first baselines, we use the same two VLMs334

either zero-shot (C-ZS and L-ZS) or fine-tuned335

only on AURORA’s supervised data (C-FT and L-336

FT). Additionally, we include three state-of-the-337

art diffusion models specialised for image editing338

as baselines, such as PixInstruct (Brooks et al.,339

2023), GoT (Fang et al., 2025) and SmartEdit340

(Huang et al., 2024). Finally, as a sanity check,341

we also report the metric scores obtained by sim-342

ply copying the source observation input as the343

next-observation prediction (Copy).344

Metrics. For next-observation prediction (FDP)345

evaluation, following Fang et al. (2025), we rely346

BS R-1 R-L BLEU

Chameleon ZS 0.05 0.09 0.08 0.00
Chameleon IDM 0.45 0.45 0.44 0.20
Liquid IDM 0.41 0.41 0.36 0.21

Table 1: Performance of Inverse Dynamics Models on
action prediction, measured by text similarity metrics:
BERTScore (BS; Zhang et al. 2020), ROUGE (R-1, R-
L; Lin 2004) and BLEU (Papineni et al., 2002).

on GPT4o-as-a-judge as it is the only metric that 347

reliably penalises Copy. In Appendix B, we show 348

four other metrics, e.g., CLIP, which assign high 349

scores to Copy. GPT4o-as-a-judge scores consider 350

two criteria, one for the editing success rate and 351

one for visual consistency with the original. We 352

take the minimum of the two as the final score. The 353

prompt for the judge is provided in Appendix F. 354

4.2 Inverse Dynamics Prediction 355

We evaluate the IDM based on the textual similarity 356

of the predicted action with the ground-truth action 357

in AURORA-BENCH. Results are shown in Table 1. 358

Our results demonstrate that a moderate amount of 359

fine-tuning is necessary to let unified VLMs ver- 360

balise the dynamics connecting two observations, 361

as evidenced by the large It is also worth noting 362

that both models’ IDP performance (in terms of 363

BLEU) is similar. We leverage these IDP versions 364

of Chameleon and Liquid to bootstrap FDP, whose 365

results are reported in Section 4.3. 366

4.3 Forward Dynamics Prediction 367

Next, we report FDP results for each of the two 368

bootstrapping strategies: in Section 4.3.1 for trajec- 369

tory synthesis and in Section 4.3.2 for inference- 370

time verification. 371

4.3.1 Synthesising Trajectories with IDP 372

Automatic evaluation. To test trajectory synthe- 373

sis, we evaluate FDM on next-observation predic- 374

tion for each of the AURORA-BENCH subsets, re- 375

porting GPT4o-as-a-judge scores in Table 2. We 376

first notice that the state-of-the-art image editing 377

models (i.e., PixInstruct, GoT, SmartEdit) tend to 378

specialise on the proper image editing subset Mag- 379

icBrush (5.96 and 6.71 GPT4o scores for GoT and 380

SmartEdit). Nevertheless, in the action-centric sub- 381

sets, including Action-Genome (AG), Something 382

and Kubric, they are mostly behind bootstrapped 383

models (C/L-FDM) and even the fine-tuned base- 384

lines (C/L-FT). Crucially, considering the aver- 385

age performance of C/L-FDM on all subsets of 386
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Dataset Models

PixInst GoT SE C-ZS C-FT C-FDM L-ZS L-FT L-FDM

Forward-dynamics Prediction (GPT4o score)
MagicBrush 3.12 5.96 6.71 0.00 2.52 3.92 0.68 5.56 5.82
AG 1.20 1.61 3.08 0.17 2.48 3.64 0.08 2.59 2.98
Something 0.96 2.62 2.81 0.37 3.11 2.92 0.42 2.72 2.88
WhatsUp 0.00 1.58 0.76 0.15 0.88 0.54 0.82 2.88 3.30
Kubric 1.88 3.92 3.70 0.14 7.30 7.32 2.22 6.28 6.60

AURORA-BENCH Avg. 1.43 3.14 3.41 0.17 3.26 3.67 0.84 4.04 4.32

Spatial Reasoning (Accuracy)
SpatialMQA – – – 26.1 25.8 27.2 27.7 28.0 27.8
EmbodiedSpatial-Bench – – – 15.1 21.2 17.5 32.6 33.2 33.8

Table 2: Performance on AURORA-BENCH (GPT-4o-as-a-judge score) and spatial reasoning benchmarks (accuracy).
We bold the best model per dataset. Among our variants, we highlight the best and worst scores. SE: SmartEdit.
Greedy decoding is used for spatial reasoning evaluation and applied only to VLMs.

Weighted Standard
ES (↑) ME (↑) ES (↑) ME (↑)

MB 3.73 8.17 3.68 8.46
AG 3.18 8.03 2.37 8.13
ST 3.32 7.01 2.78 7.20
WU 0.54 7.25 0.76 7.19
KU 7.75 8.49 7.24 8.70

Avg. 3.71 7.80 3.37 7.94
GPT4o 3.67 3.58

Table 3: Detailed scores of GPT4o-as-a-judge evalua-
tion for loss-weighting and standard training. We re-
port the scores for Editing Success (ES) and Minimal
Editing (ME). MB: MagicBrush, AG: Action-Genome,
ST: Something-Something, WU: WhatsUp, KU: Kubric.
We highlight the best and worst scores for each cate-
gory. We report the average of ES and ME as Avg. and
the final score as GPT4o.

AURORA-BENCH reveals the benefit of augment-387

ing the training data with synthetic triplets boot-388

strapped from the IDM (vs. FT), as it yields a 13%389

gain for Chameleon and 7% for Liquid, and the390

benefit of fine-tuning off-the-shelf VLMs for FDP391

more broadly (vs. ZS).392

Human Evaluation. Following Krojer et al.393

(2024), we conduct a blind human evaluation com-394

paring GoT, SmartEdit, C-FT, and C-FDM. We395

randomly sample 5 examples from each subset396

within AURORA-BENCH and present the outputs397

generated by each of the four models. Human an-398

notators are asked to identify the best and worst399

generated observations based on three criteria: (1)400

Realism: the generated image should exhibit natu-401

ral textures and lighting while remaining faithful402

to the input scene; (2) Instruction-Following Abil-403

ity: the edit should clearly reflect the given action;404

and (3) Over-Editing: the modification should be 405

minimal and focused, altering only what is nec- 406

essary to fulfil the action. Each model receives 407

+1 point for being selected as the best, -1 for the 408

worst, and 0 otherwise. We compute the average 409

scores over 350 annotated samples, as reported in 410

Table 5. The results are well aligned with auto- 411

matic evaluations in Table 2: image-editing models 412

excel in the MagicBrush and WhatsUp subsets, but 413

fall short on action-centric datasets such as Action- 414

Genome, Something-Something, and Kubric. In 415

contrast, C-FDM outperforms C-FT (and all other 416

baselines) on all three of these datasets, highlight- 417

ing its strength in next-observation prediction in 418

real-world, action-centric trajectories despite re- 419

maining a general-purpose VLM. 420

Ablation Study on Synthetic Trajectories. To 421

assess the importance of extra supervision from 422

IDM-synthetic trajectories, Table 4 reports GPT- 423

4o’s scores for this ablation. We see performance 424

drops on most datasets—particularly on Something 425

and AG—when the additional training data from 426

unlabelled videos is removed, highlighting the ef- 427

fectiveness of bootstrapping C-FDM with large- 428

scale real-world data via IDM. An exception is the 429

WhatsUp dataset, which focuses on specific actions 430

within a fixed scene; in this case, training in an 431

open-domain setting may not transfer effectively. 432

Ablation Study on Loss Weighting. Based on 433

Table 4, we also observe consistent degradation 434

when loss weighting is removed, demonstrating the 435

benefit of explicitly incorporating the recognition 436

model into visual next-token prediction. To better 437

understand the effect of loss weighting, Table 3 re- 438
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C-FDM w/o Synth. w/o LW

MB 3.48 -0.28 -0.22
AG 3.02 -0.35 -0.08
ST 3.06 -0.18 -0.19
WU 0.46 0.40 0.08
KU 7.14 -0.03 -0.33

All 3.43 -0.09 -0.15

Table 4: Ablation study of synthetic trajectories (Synth.)
and loss weighting (LW) in C-FDM. Numbers are
GPT-4o-as-judge scores (↑, average of 3 runs). MB:
MagicBrush, AG: Action-Genome, ST: Something-
Something, WU: WhatsUp, KU: Kubric.

GoT SE C-FT C-FDM

MB 0.06† 0.29† -0.32† -0.03
AG -0.23† -0.46† 0.32 0.37
ST 0.00 -0.37† 0.18 0.20
WU 0.25 -0.38† 0.14 0.00
KU -0.52† -0.22† 0.34 0.40

All -0.09† -0.23† 0.13 0.19

Table 5: Human evaluation results. † indicates all
results whose gap with respect to C-FDM is signifi-
cant, based on a Wilcoxon signed-rank test (p = 0.05).
MB: MagicBrush, AG: Action-Genome, ST: Something-
Something, WU: WhatsUp, KU: Kubric.
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Figure 4: GPT-4o scores for test-time verification with
K samples, where K ∈ {1, 2, 4, 8}. We use a blue
line for C-FT and a red line for L-FT. For C-FT, we
plot the standard deviation as the shaded area due to its
large variance. We indicate the scores for GoT (GT) and
SmartEdit (SE) as horizontal lines.

ports the average scores for two criteria used in the439

GPT-4o-as-a-judge evaluation separately: Editing440

Success (ES), which measures how well the model441

captures the intended action and performs the cor-442

responding edit, and Minimal Editing (ME), which443

assesses whether the model introduces unneces-444

sary modifications. The full distribution of GPT-4o445

scores is provided in Appendix G. Our analysis446

reveals that the primary bottleneck for C-FDM re-447

mains its ability to reliably follow the instruction,448

as reflected by the fact that ES scores are signifi-449

cantly lower than ME scores. Loss weighting partly450

solves this problem, increasing the editing success451

and reducing copying behaviour, albeit at the cost452

of sometimes over-editing the source observation.453

Image Editing as an Auxiliary Task. Finally,454

we assess whether enhanced FDP capabilities are455

beneficial for a broader range of vision–language456

tasks. Since AURORA and the action-annotated 457

videos contain diverse spatial relations (e.g., left- 458

/right orientation), we evaluated whether this su- 459

pervision helps VLMs generalise beyond editing. 460

We tested our models on two spatial reasoning 461

benchmarks: SpatialMQA (Liu et al., 2025) and 462

EmbodiedSpatial-Bench (Du et al., 2024), and re- 463

port the corresponding accuracy in Table 2. Both 464

Chameleon and Liquid trained with the FDP ob- 465

jective outperform the zero-shot baseline, demon- 466

strating that the FDP task transfers beyond action- 467

centric editing and highlighting FDP as a signal for 468

enhancing spatial reasoning. 469

4.3.2 Inference-time Verification 470

We evaluate our test-time strategy using IDM to 471

choose among candidates generated by C/L-FT 472

in Figure 4, using K ∈ 1, 2, 4, 8. By increasing 473

exploration on more candidate next observations, 474

Chameleon and Liquid benefit from test-time veri- 475

fication on most datasets with real-world trajecto- 476

ries (e.g., AG, Something, WhatsUp), indicating 477

the reliability of IDM’s trajectory preferences. In- 478

creasing K does not always improve performance 479

(MagicBrush, Kubric), however, suggesting that 480

bootstrapping with IDM that shares the same foun- 481

dation model backbone may be limiting. In sum- 482

mary, IDM-based verification boosts performance 483

to a similar level as FDM, by leveraging more sam- 484

ples during inference rather than training. 485

Qualitative Example. Figure 5 presents a real- 486

world example demonstrating that C-FDM is also 487

capable of iteratively generating future observa- 488

tions in multiple steps while maintaining consis- 489

tency with previous frames. 490
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Action: cut the onion

Action: whisk the egg

Action: whisk the egg

C-FDM-7B

C-FDM-7B

C-FDM-7B

C-FDM-7B

Action: cut the onion

Figure 5: A qualitative case of real-world next-observation prediction, demonstrating C-FDM’s ability to steer pre-
dictions using language and perform sequential predictions. More cases from AURORA-BENCH are in Appendix C.

5 Related Work491

Despite the surge in interest for world modelling492

(Ha and Schmidhuber, 2018; Sutton, 1988; Hafner493

et al., 2019a), previous works focused mostly on494

building specialised ad-hoc world models. These495

world models can be explicitly learnt as a visual496

simulator (Agarwal et al., 2025; Bruce et al., 2024;497

Brooks et al., 2024), or enable planning with model-498

based reinforcement learning (Hafner et al., 2019b;499

Micheli et al., 2022; Robine et al., 2023; Alonso500

et al., 2024; Hafner et al., 2025). Instead, we focus501

on leveraging general-purpose, pre-trained vision-502

language models (Lin et al., 2024; Chen et al.,503

2025; Wu et al., 2024c) to develop world models,504

which is more attractive due to the inductive bias505

they provide from their extensive training.506

This is possible thanks to frameworks that in-507

tegrate observations, actions, and rewards into a508

unified sequence of tokens in autoregressive Trans-509

formers (Wu et al., 2024a), building on pioneering510

works such as Decision Transformers (Chen et al.,511

2021) and GATo (Reed et al., 2022b). Related to512

our work, Chen et al. (2024) initialise the parame-513

ters of RL policies with VLMs, thus taking advan-514

tage of the abundant and general world knowledge515

encoded in their representations. 3D-VLA (Zhen516

et al., 2024) integrates a set of interaction tokens517

into a Large Language Model to engage with the518

environment as an embodied agent. Yang et al.519

(2024) and Soni et al. (2024) explore large-scale520

self-supervised learning via next token or frame521

prediction to build a unified model absorbing inter-522

net knowledge, learning from interaction via video.523

Most similar to our work, Baker et al. (2022)524

train a dynamics model which aims to uncover525

the underlying action between video frames in un-526

labelled video frames from the Minecraft game.527

Through this model, they synthesise trajectories528

to train a policy for sequential decision making. 529

In contrast with Baker et al. (2022), we focus on 530

actin-centric next-observation prediction as a task 531

to evaluate FDP. First, this allows us to port the 532

observation space to real-world frames, rather than 533

simulated ones, hence assessing whether VLMs 534

can eventually be developed into world models. 535

Second, this broadens the space of actions from 536

a few choices to the combinatorially infinite and 537

expressive space of language, capturing a signifi- 538

cantly more diverse range of dynamics. 539

6 Conclusions 540

In this work, we explored whether unified vision– 541

language models (VLMs) can be endowed with 542

the ability to predict forward dynamics, i.e., the 543

next observation in the environment (e.g., an image 544

frame) given the past observation and an action 545

(e.g., a textual instruction). We first show that these 546

models lack a clear preference for ground-truth real- 547

world action–observation trajectories compared 548

with adversarially manipulated ones. 549

To address this, we leverage an inverse-dynamics 550

model (IDM) fine-tuned from the same VLM, 551

which consists instead of predicting actions taking 552

place between observations and is easier to learn, to 553

bootstrap a better forward-dynamics model (FDM). 554

Specifically, the IDM can be used to 1) automat- 555

ically annotate pairs of frames from unlabelled 556

videos, which are then used for weakly supervised 557

training of the FDM; or 2) verify the best sam- 558

ple among multiple candidates generated from the 559

FDM at inference time. Experiments confirm the 560

effectiveness of both strategies, with our general- 561

purpose forward-dynamics model achieving state- 562

of-the-art performance compared to existing ap- 563

proaches specialised for image editing. 564
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Limitations565

While overall our results demonstrate the effective-566

ness of our approaches across AURORA-BENCH,567

we would like to highlight a few limitations that568

we have discovered:569

• Despite efforts to guide the model via weakly570

supervised fine-tuning with loss weighting or571

inference-time verification (Table 2), we ob-572

serve that the model may still resort to copying573

the source observation, especially under low574

sampling temperatures or ambiguous instruc-575

tions.576

• While we show promising preliminary results577

of language-steered next-observation predic-578

tion in Figure 5, fine-grained control remains579

limited, and understanding subtle instructions580

(e.g., spatial or quantitative edits) remains581

challenging.582

• We observe high variance across different runs583

of experiments for Chameleon, likely due to584

the sensitivity of sampling from a weak model.585

To address this, we report results averaged586

over multiple runs.587
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A Potential Risks879

This work develops models for action-centric im-880

age editing for visual world modelling. While our881

primary aim is to advance fundamental research in882

world modelling, we acknowledge potential risks,883

particularly in the generation of realistic future ob-884

servations.885

A core concern is the potential misuse of the886

models for creating deceptive visual content, in-887

cluding fabricated action sequences or manipulated888

images that imply false causality. Although the889

model is not explicitly designed for these tasks, its890

ability to generate coherent visual predictions from891

the linguistic action could be adapted for such uses892

if deployed irresponsibly.893

Even in intended use, risks include over-reliance894

on generated outputs in downstream tasks such895

as robotic control, or interactive systems. Model896

failures—e.g., copying artefacts, hallucinations, or897

broken object continuity—can lead to incorrect898

inferences or reinforce dataset biases.899

To mitigate potential misuse, we limit our900

model release to research purposes under a non-901

commercial license and clearly communicate its902

capabilities and limitations. We urge caution when903

adapting them for deployment, particularly in set-904

tings with high societal or ethical sensitivity.905

B Model Performance on906

AURORA-BENCH with 5 Metrics907

In addition to GPT4o-as-a-judge evaluation, we908

further employ a diverse set of automatic metrics909

covering both low-level and semantic fidelity: 1)910

we compute the L1 distance between the predicted911

and target observation as a pixel-level metric. 2)912

We extract visual features and compute the cosine913

similarity in their respective embedding spaces for914

several image encoders, including (CLIP-I and915

DINO), to assess semantic similarity. Addition-916

ally, to measure alignment between image content917

and the action semantics, we compute CLIP-T, the918

similarity between the edited image and its BLIP-919

generated caption. These metrics are evaluated in920

addition to GPT4o-as-a-judge metric following pre-921

vious works in image editing (Huang et al., 2024;922

Fang et al., 2025; Krojer et al., 2024). We report the923

detailed results with 5 metrics in Table 6. We notice924

that copy baseline exhibits the best performance as925

measured by the distance-based and visual encoder-926

based approach, as indicated in Table 2. This poses927

a challenge to the reliability of the traditional met-928

rics in fairly evaluating the action-centric image 929

editing task. On the other hand, GPT4o-as-a-judge 930

metric robustly assigns 0 score to Copy, indicat- 931

ing its robustness in detecting copying generation 932

while putting GPT-as-a-judge as the most reliable 933

metric to interpret. 934

C Qualitative Cases 935

In this section, we present additional qualitative ex- 936

amples from AURORA-BENCH in Figure 6. We ob- 937

serve several common failure modes in image edit- 938

ing models. First, they sometimes fail to preserve 939

the scene from the source observation (e.g., PixIn- 940

struct on Action-Genome and MagicBrush). Sec- 941

ond, some models generate near-identical copies of 942

the source as the target (e.g., GoT on Something- 943

Something). Third, producing realistic outputs re- 944

mains difficult, as seen in GoT’s result on Kubric. 945

Finally, maintaining object consistency is also a 946

challenge—SmartEdit alters the object in WhatsUp, 947

and C-FDM does so in Something-Something. 948

Despite the challenges, we also observe sev- 949

eral positive editing behaviours from C-FDM. On 950

Action-Genome, C-FDM correctly predicts spatial 951

changes, such as opening and closing a drawer, 952

which requires a strong understanding of the spa- 953

tial concepts. In Something-Something, it is the 954

only model to accurately capture the spatial con- 955

cept of “falling down.” On Kubric, it demonstrates 956

basic counting ability by correctly adding one key- 957

board. In WhatsUp, C-FDM correctly grounds the 958

action to the laptop, while other models mistakenly 959

edit the monitor. 960

D Detailed Discussion for Chameleon’s 961

Predicted Likelihoods 962

From Figure 7, it emerges that Chameleon-7B dis- 963

plays a very limited preference for the ground-truth 964

trajectories in a zero-shot setting. In the action pre- 965

diction task (top panel), there is a slightly higher 966

tendency to favour the ground-truth; however, even 967

in the best case (counterfactual action), the model 968

prefers the reference in only 58.1% of the samples. 969

The high correlation in likelihoods indicates that 970

the VLM struggles also on visual manipulations. In 971

the next-observation prediction task (bottom panel), 972

the VLM mostly fails in effectively differentiating 973

the ground truth from the negatives. An excep- 974

tion to this is the copy manipulation, where the 975

model can always tell them apart. Although the 976

underlying reason remains uncertain, one plausible 977
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Datasets Metrics Models

Copy PixInstruct GoT SE CM C-FT +Best-of-3 C-FDM +Best-of-3

MagicBrush

L1 0.027 0.114 0.063 0.068 0.287 0.075 0.075 0.090 0.078
CLIP-I 0.959 0.877 0.930 0.937 0.671 0.913 0.914 0.906 0.909
CLIP-T 0.289 0.275 0.286 0.290 0.227 0.289 0.289 0.291 0.291
DINO 0.931 0.761 0.881 0.894 0.292 0.883 0.883 0.864 0.864

GPT-4o 0.000 3.120 5.960 6.710 0.000 2.520 3.270 3.920 3.920

AG

L1 0.069 0.220 0.174 0.137 0.314 0.170 0.168 0.168 0.167
CLIP-I 0.943 0.757 0.846 0.811 0.609 0.872 0.872 0.881 0.883
CLIP-T 0.279 0.254 0.280 0.268 0.214 0.280 0.284 0.284 0.284
DINO 0.929 0.557 0.785 0.774 0.258 0.801 0.817 0.816 0.816

GPT-4o 0.000 1.200 1.610 3.080 0.170 2.480 2.740 3.640 3.640

Something

L1 0.135 0.232 0.184 0.163 0.293 0.184 0.184 0.196 0.184
CLIP-I 0.870 0.709 0.807 0.773 0.649 0.820 0.820 0.804 0.804
CLIP-T 0.275 0.238 0.269 0.265 0.232 0.271 0.269 0.268 0.268
DINO 0.797 0.453 0.636 0.662 0.297 0.675 0.653 0.666 0.666

GPT-4o 0.000 0.957 2.620 2.810 0.370 3.110 3.110 2.920 3.310

WhatsUp

L1 0.039 0.138 0.078 0.067 0.251 0.066 0.066 0.070 0.070
CLIP-I 0.954 0.817 0.923 0.888 0.721 0.877 0.880 0.870 0.883
CLIP-T 0.326 0.287 0.316 0.312 0.243 0.309 0.310 0.306 0.307
DINO 0.908 0.615 0.850 0.805 0.424 0.836 0.841 0.831 0.838

GPT-4o 0.000 0.000 1.580 0.755 0.146 0.880 0.980 0.540 0.540

Kubric

L1 0.011 0.104 0.026 0.064 0.276 0.044 0.044 0.044 0.044
CLIP-I 0.963 0.796 0.895 0.868 0.660 0.897 0.899 0.897 0.898
CLIP-T 0.282 0.259 0.281 0.271 0.213 0.287 0.287 0.287 0.288
DINO 0.955 0.676 0.857 0.798 0.161 0.906 0.906 0.902 0.902

GPT-4o 0.000 1.880 3.920 3.700 0.140 7.300 7.300 7.320 7.780

All GPT-4o 0.000 1.430 3.140 3.410 0.165 3.260 3.480 3.670 3.840

Table 6: Model performance at MagicBrush, Action-Genome, Something, WhatsUp and Kubric on AURORA-
BENCH. For C-FT and C-FDM We report both the model performance and their performance in the best-of-N
distribution. We report the average GPT4o scores for each model at the bottom. We highlight the better GPT-
4o scores for C-FT and C-FDM. We bold the best performance among all models, except Copy and best-of-N
performances. SE: SmartEdit.

explanation for this behaviour is that the model’s978

ability to solve next-observation prediction tasks979

depends on their alignment with training sequences:980

for instance, it is plausible that Chameleon’s data981

rarely features two identical adjacent images. In982

Figure 8, we visualize the predicted likelihoods983

produced by Chameleon’s fine-tuned inverse dy-984

namics model (IDM). We observe that fine-tuning985

on ground-truth trajectories substantially increases986

the model’s ability to distinguish ground-truth ac-987

tions from negative alternatives. Specifically, the988

probability that the ground-truth action is assigned989

a higher likelihood increases from 55.6% to 73.2%990

under random-action negatives, and from 58.1%991

to 72.2% under counterfactual-action negatives.992

These results demonstrate the strong potential of993

learning effective inverse dynamics models directly994

from real-world trajectories. In summary, the zero-995

shot Chameleon-7B does not exhibit a preference 996

for ground-truth trajectories over negative ones, 997

constructed through action- or observation-based 998

manipulations. However, it is possible to learn an 999

effective IDM from the real-world trajectories. 1000

E Details of Processing IDM Annotations 1001

for Unlabelled Videos 1002

We present the raw dataset statistics before sam- 1003

pling for Movements-in-Time, UCF-101 and Ki- 1004

netics700 in Table 7. Figure 9 shows the distri- 1005

bution of IDM’s predicted scores across action 1006

classes in Movements-in-Time, Kinetics700, and 1007

UCF-101. The predicted likelihoods are nearly 1008

uniform within each class, indicating that our sam- 1009

pling method maintains both class diversity and 1010

high overall likelihoods. The sampling procedure 1011

for IDM-annotated trajectories is detailed in Algo- 1012
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Action (MagicBrush): Let the laptop screen be blank

Action (Action-Genome): Make him fully close the drawer

Action (Something-Something): Make remote fall down

Action (WhatsUp): Move the book under the table

Action (Kubric): Add 1 white keyboard to the platform

Input Output PixInstruct GoT SmartEdit-7B C-FT CWM

Figure 6: Qualitative examples of the predicted next observation from the state-of-the-art specialised image editing
models, and our models including C-FT and C-FDM, on AURORA-BENCH.

rithm 1.1013

F Prompt Template for Using1014

GPT4o-as-a-Judge1015

We provide the prompts used for evaluating image1016

editing performance with GPT-4o in Figure 10. We1017

use GPT-4o-2024-11-20. The final score is the1018

average of the minimum value of the two scores1019

for each sample, as in (Fang et al., 2025).1020

G Detailed GPT4o Scores for Editing 1021

Success and Minimal Editing 1022

Figure 11 shows the distribution of editing success 1023

(ES) and minimal editing (ME) scores for standard 1024

training and loss-weighted training. Loss weight- 1025

ing tends to improve editing success, with a modest 1026

trade-off in minimal editing quality in most of the 1027

datasets. 1028

H Implementation Details 1029

H.1 Chameleon Dynamics Model 1030

We fine-tune the Chameleon-7B checkpoint from 1031

the Anole-7B version (Chern et al., 2024) to predict 1032

the action given a pair of observations, framed as 1033

an action-prediction task. The model is trained on a 1034

merged dataset from Action-Genome, Kubric, Mag- 1035

icBrush, Something-Something from AURORA’s 1036

annotated trajectories, and 15K EPIC-Kitchens pro- 1037

cessed by us. We downsample Kubric’s trajectories 1038

to 10K. Training is performed for 10 epochs with 1039

a batch size of 64, using a learning rate of 2e-4 1040
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Figure 7: Comparison of predicted negative log-likelihoods (lower values indicate stronger model preference) for
ground-truth real-world trajectories versus four types of negative trajectories. Top: Action prediction task for the
IDP (observation × observation→ action). Bottom: Next observation prediction task for the FDP (observation ×
action→ observation). The legend shows the percentage of times the model prefers the ground-truth trajectory (↑)
over the negatives (↓).
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Figure 8: Comparison of negative log-likelihoods (lower values indicate stronger model preference) of the action
predicted by IDM for ground-truth trajectories versus four types of negative trajectories.

and cosine scheduling (500 warm-up steps). We1041

use bfloat16 mixed-precision training and apply1042

LoRA (Hu et al., 2022) for parameter-efficient fine-1043

tuning (rank 16, α = 32, dropout 0.05). Only the1044

completion loss is used to optimise the generation1045

of action. Training is conducted on 4 NVIDIA-1046

H100-80GB-HBM3 GPUs using DeepSpeed for1047

distributed optimisation.1048

H.2 C-FT Baseline1049

We fine-tune the Chameleon-7B checkpoint from1050

the Anole-7B version (Chern et al., 2024).1051

The model is trained on a combined dataset1052

from Action-Genome, Kubric, MagicBrush, and1053

Something-Something, formatted as the image edit-1054

ing task. We downsample Kubric’s trajectories to1055

10K. Training is conducted for 40 epochs with a1056

batch size of 96 using the AdamW optimiser and1057

a cosine learning rate scheduler (learning rate of1058

5e-4, 400 warm-up steps). We use mixed-precision1059

training with bfloat16 and apply LoRA (Hu et al.,1060

2022) for efficient fine-tuning (rank 16, α = 32,1061

dropout 0.05). We only train the model with the1062

truncated loss from the completion part. We use 1063

4 NVIDIA-H100-80GB-HBM3 GPUs with Deep- 1064

Speed for distributed training. During inference, 1065

we apply a logits processor to mask out non-image 1066

tokens, set the temperature to 1, and use top-1 sam- 1067

pling. We observe that temperature is critical in 1068

controlling model behaviour: lower values often 1069

cause the model to copy the source observation 1070

instead of generating meaningful edits. 1071

H.3 Chameleon FDM 1072

We fine-tune the Chameleon-7B checkpoint from 1073

the Anole-7B version (Chern et al., 2024). The 1074

model is trained on a combined dataset from 1075

Action-Genome, Kubric, MagicBrush, Something- 1076

Something from AURORA’s annotated trajectories, 1077

together with 7K trajectories from Movements-in- 1078

Time, 7K trajectories from UCF-101 and 7K tra- 1079

jectories from Kinetics700, formatted as the im- 1080

age editing task. Again, we downsample Kubric’s 1081

trajectories to 10K. Training is conducted for 40 1082

epochs with a batch size of 96 using the AdamW 1083

optimiser and a cosine learning rate scheduler 1084
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rope_pushdown
preparing_salad

using_a_microscope
hammer_throw

standing_on_hands
letting_go_of_balloon
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flying_kite
separating_eggs
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washing_feet
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watching_tv
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playing_organ

tie_dying
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massaging_neck
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lock_picking
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making_jewelry
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cracking_neck
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archery
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rock_scissors_paper

attending_conference
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mixing_colours
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playing_netball
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roasting_pig
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washing_hair
putting_on_mascara
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playing_basketball
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belly_dancing
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triple_jump
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using_a_sledge_hammer

jumpstyle_dancing
hugging_(not_baby)

pillow_fight
polishing_furniture

playing_clarinet
catching_fish

dribbling_basketball
docking_boat

herding_cattle
riding_mechanical_bull

eating_cake
bench_pressing

cooking_sausages_(not_on_barbeque)
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smoking_pipe
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making_a_cake
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making_sushi
opening_present
fencing_(sport)
checking_tires

plastering
cleaning_pool
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mountain_climber_(exercise)

playing_volleyball
inflating_balloons

poaching_eggs
wood_burning_(art)

playing_rubiks_cube
bee_keeping

fixing_bicycle
shuffling_cards

writing
squat

dyeing_hair
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playing_billiards

kissing
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Figure 9: Distributions of triplet log-likelihoods predicted by IDM on Movements-in-Time, UCF-101, and Kinetics-
700, based on 7K synthetic triplets per dataset. Triplets are uniformly sampled from each action class while
maximising overall predicted likelihoods.
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Algorithm 1 Stratified Top-K Sampling with Action Class Uniformity

Require: Trajectory triplet set X = {(ois, oit, ai, si, ci)}Ni=1, where si is the predicted likelihood of ai,
ci ∈ C is the class, number of samples K

1: Sort X descending by score si
2: Initialize S ← ∅, and class_counts[c]← 0 for all c ∈ C
3: while |S| < K do
4: for all class c ∈ C in round-robin order do
5: Xc ← top unsampled item from class c in X
6: if Xc ̸= ∅ then
7: S ← S ∪ {Xc}
8: Remove Xc from X
9: class_counts[c]← class_counts[c] + 1

10: end if
11: if |S| = K then
12: break
13: end if
14: end for
15: end while
16: return S

Dataset Video Triplet

Avg. Length Total Length #Samples #Avg. OPV #Avg. APV #Avg. WPA

MIT 3.04 seconds 2.57 hours 19,658 2.05 1.05 7.10
UCF-101 7.24 seconds 26 hours 10,965 3.00 2.00 8.96
Kinetics700 9.02 seconds 18 hours 26,959 2.71 1.71 7.39

Table 7: Dataset statistics for the video and triplets from the trajectories annotated by IDM. OPV: observations (i.e.,
extracted key-frames) per video, APV: actions per video, WPA: words per action.

(learning rate of 5e-4, 400 warm-up steps). We1085

use mixed-precision training with bfloat16 and ap-1086

ply LoRA (Hu et al., 2022) for efficient fine-tuning1087

(rank 16, α = 32, dropout 0.05). We only train1088

the model with the truncated loss from the com-1089

pletion part, but we weight the image tokens using1090

L2 strategy as introduced in Section 3. We use1091

4 NVIDIA-H100-80GB-HBM3 GPUs with Deep-1092

Speed for distributed training. We use the same hy-1093

perparameters as C-FT during the inference time.1094

H.4 Computing Resources1095

All training experiments were conducted on a com-1096

pute node equipped with 4× NVIDIA H100 80GB1097

GPUs, 256 CPU cores, and 256GB of memory.1098

The total GPU hours required for training C-FT,1099

C-FDM, and IDM were approximately 200, 400,1100

and 100 hours, respectively.1101

For inference, we used a single NVIDIA A1001102

80GB GPU with 8 CPU cores and 128GB mem-1103

ory. Inference for C-FT and C-FDM takes approx-1104

imately 1 GPU hour per model. When applying 1105

verification with K = 8, inference time increases 1106

to around 8 GPU hours. IDM only takes around 1107

0.3 GPU hours for inference. 1108

H.5 Assets and Licenses 1109

In this section, we list the public assets we used in 1110

this paper and the corresponding links. 1111

Datasets. We include the detailed license and URL 1112

for the datasets we used in this paper. 1113

• AURORA and AURORA-BENCH (Krojer et al., 1114

2024): MIT license, the reader can find 1115

the corresponding version we use in this pa- 1116

per in https://github.com/McGill-NLP/ 1117

AURORA. 1118

• Movements-in-Time (Monfort et al., 2019): 1119

BSD-2-Clause license and its own License for 1120

Non-Commercial Use, the reader can find the 1121

corresponding version we use in this paper in 1122

http://moments.csail.mit.edu/. 1123
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Prompt Template for GPT4o-as-a-judge Evaluation

You are a professional digital artist. You will have to evaluate the effectiveness of the AI-generated
image(s) based on the given rules.

You will have to give your output in a valid way of a Python dictionary format (Keep your
reasoning concise and short.):

{{"score": [...], "reasoning": "..." }}

and don’t output anything else. Two images will be provided:

• The first being the original AI-generated image

• The second being an edited version of the first.

The objective is to evaluate how successfully the editing instruction has been executed in the
second image.
Note that sometimes the two images might look identical due to a failure in image editing. From a
scale of 0 to 10:

• A score from 0 to 10 will be given based on the success of the editing.

• A second score from 0 to 10 will rate the degree of minimal editing.

Editing instruction: {instruction}

Figure 10: Prompt template used for GPT-4o-as-a-judge evaluation.

• UCF-101 (Soomro et al., 2012): unknown1124

license, the reader can find the corre-1125

sponding version we use in this paper1126

in https://huggingface.co/datasets/1127

flwrlabs/ucf101.1128

• Kinetics700 (Kay et al., 2017; Carreira et al.,1129

2019): Creative Commons Attribution 4.01130

International License, the reader can find1131

the corresponding version we use in this1132

paper in https://research.google/pubs/1133

the-kinetics-human-action-video-dataset/.1134

• EPIC-Kitchens (Damen et al., 2018): Creative1135

Commons Attribution-NonCommercial 4.0 In-1136

ternational License, the reader can find the1137

corresponding version we use in this paper in1138

https://epic-kitchens.github.io/.1139

Implementation. We use the other following code1140

for the implementations:1141

• Transformers (Wolf et al., 2020): Apache-1142

2.0 license. We use the 4.47.0 version, fol-1143

lowing the link at https://github.com/1144

huggingface/transformers.1145

• DeepSpeed: We use the 0.14.4 version, fol- 1146

lowing the link at https://github.com/ 1147

deepspeedai/DeepSpeed. 1148

Model. We use the following models or check- 1149

points for the implementations: 1150

• Chameleon (Chameleon Team, 2024): 1151

Chameleon Research License, the reader 1152

can find the corresponding version we use 1153

in this paper in https://github.com/ 1154

facebookresearch/chameleon. 1155

• Anole-7B (Chern et al., 2024): Chameleon 1156

Research License and MIT License, the 1157

reader can find the corresponding version we 1158

use in this paper in https://github.com/ 1159

GAIR-NLP/anole. 1160

• VILA-U (Chern et al., 2024): MIT License, 1161

the reader can find the corresponding ver- 1162

sion we use in this paper in https://github. 1163

com/mit-han-lab/vila-u. 1164

• SmartEdit (Huang et al., 2024): Apache- 1165

2.0, the reader can find the correspond- 1166
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(a) Detailed GPT4o scores for C-FDM trained with the standard loss.
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(b) Detailed GPT4o scores for C-FDM trained with the L2-weighted loss.

Figure 11: GPT4o scores’ distributions of editing success (ES) and minimal editing (OE) for C-FDM trained with
standard loss or our loss-weighting method.

ing version we use in this paper in1167

https://huggingface.co/TencentARC/1168

SmartEdit-7B.1169

• GoT (Fang et al., 2025): MIT License, the1170

reader can find the corresponding version we1171

use in this paper in https://github.com/1172

rongyaofang/GoT.1173

• PixInstruct (Brooks et al., 2023): PixInstruct1174

customised license, the reader can find the1175

corresponding version we use in this paper1176

in https://github.com/timothybrooks/1177

instruct-pix2pix.1178

I Details of Human Evaluation1179

We conducted a human evaluation using a custom-1180

built interface, with the full interface and instruc-1181

tions shown in Figure 12. A total of 14 participants1182

were recruited, all of whom are PhD-level gradu-1183

ate students or higher. Participation was voluntary.1184

Each participant was asked to evaluate 25 samples,1185

which typically required 15–20 minutes to com-1186

plete.1187

The evaluation process, including recruitment,1188

instructions, and data processing and storage, fol-1189

lowed our institution’s ethical guidelines for human1190

subject research. All participants were informed of1191

the purpose of the study and provided consent. No1192

personally identifiable information was collected, 1193

and all data were stored and analysed in accordance 1194

with privacy standards. 1195

J Safeguards 1196

C-FDM performs observation prediction through 1197

image generation and, while its outputs are task- 1198

specific, we acknowledge that any generative 1199

model may carry potential for misuse. To mitigate 1200

these risks, we commit to the following safeguards 1201

upon release: 1202

The model will be released solely for research 1203

purposes under a license that prohibits commercial 1204

use or any other harmful applications. The GitHub 1205

repository will include clear usage guidelines and 1206

terms of use, aligned with responsible AI princi- 1207

ples. 1208

We will include a disclaimer that the model is in- 1209

tended only for academic research in controlled en- 1210

vironments. The datasets used for training are pub- 1211

licly available, action-centric image editing bench- 1212

marks that do not include sensitive or personally 1213

identifiable content. 1214

Given the targeted nature of our model and the 1215

safeguards in place, we believe the risk of misuse 1216

is limited. Nonetheless, we encourage responsible 1217

use and welcome feedback from the community 1218

regarding potential improvements to safety. 1219
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K LLMs Usage Declaration1220

We declare that the large language model (LLM)1221

was only used to assist in minor tasks, including1222

revising the manuscript for grammatical correct-1223

ness, improving phrasing, and performing small1224

technical implementations such as debugging code1225

snippets. All scientific ideas, results, analyses, and1226

conclusions presented in this paper are entirely the1227

work of the authors.1228

20



Figure 12: The screenshot for the instructions given to participants and the interface developed for conducting the
evaluation.
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