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Supplementary Material

1. Overview
In this supplementary material, we first provide additional
preliminaries of EgoIn, with a detailed explanation of the
notation zt used in Fig. 2 and Eq. 1 of the main paper. We
further extend EgoIn to the Wan2.1-FLF2V-14B to validate
its effectiveness on a Diffusion Transformer (DiT) archi-
tecture, referred to as EgoIn-DiT, and introduce the cor-
responding architectural preliminaries. Then, we present
extensive additional experiments to further verify the effec-
tiveness of EgoIn from multiple perspectives, including the
performance of EgoIn-DiT, additional ablation studies,
generalization capability analyses, computational cost
evaluations, generative controllability, and the integra-
tion of TransitionVLM with a commercial video gener-
ation model (Kling). We also provide more details on data
curation, evaluation metrics, and visualizations showing the
effect of the Object-aware Auxiliary Supervision. The de-
tailed contents of this supplementary material are organized
as follows.
A - Preliminaries for video diffusion models with UNet

and DiT architectures.
B - Qualitative and quantitative comparison results of

EgoIn-DiT against the original Wan2.1-FLF2V-14B.
C - Additional ablation studies.
D - Generalization capability analyses, including cross-

benchmark evaluations, and inference using visual an-
chors extracted from YouTube videos to validate gen-
eralization to real-world visual inputs.

E - Computational cost evaluations.
F - Evaluation with six additional metrics.
G - Demonstrations of EgoIn’s controllability across three

challenging state transition scenarios.
H - Evaluation of the proposed TransitionVLM integrated

with a commercial video generation model (Kling).
I - Additional details of the data curation process.
J - Additional details of the evaluation metrics used in the

main paper.
K - Visualization of multi-frame object localization during

state transitions at inference.
L - Discussion of limitations and future research direc-

tions.
M - Video demonstrations are provided in the file named

“supp video demo”.

2. PRELIMINARY: Video Diffusion Models
Diffusion-based generative models have recently become
prominent in video synthesis, defining a forward stochas-
tic process that perturbs clean samples x0 ∼ pdata(x) into
progressively noisier representations xt, eventually yielding
xT ∼ N (0, I). This forward process q(xt|x0, t) comprises
T discrete timesteps, each adding incremental noise to the
input. The reverse or denoising process pθ(xt−1|xt, t) em-
ploys a neural network ϵθ(xt, t) trained to predict the in-
jected noise using:

min
θ

Et, x∼pdata, ϵ∼N (0,I) ∥ϵ− ϵθ(xt, t)∥22 . (1)

We build our method upon a video Latent Diffusion
Model (LDM) [10], DynamiCrafter [32]. Given an input
video x ∈ RN×3×H×W , each frame is encoded into a la-
tent representation z = E(x). The diffusion and denoising
processes are performed in the latent space via zt = p(z0, t)
and zt−1 = pθ(zt, c, t), where c denotes conditioning. Fol-
lowing [32], the conditions include the text description cT
and the first and last frames c1I and cNI . The objective be-
comes:

min
θ

EE(x), t, ϵ∼N (0,I)

∥∥ϵ− ϵθ(zt, t, fr, c1I , c
N
I , cT )

∥∥2
2
.

(2)
where fr denotes the frame-rate control. In our formulation,
EgoIn introduces frame-wise transition conditions {F̃ ∗

i }Ni=1

to guide the generative trajectory. This yields the modified
training objective:

min
θ

EE(x), t, ϵ∼N (0,I)

∥∥∥ϵ− ϵθ(zt, t, fr, {F̃ ∗
i }Ni=1)

∥∥∥2
2
. (3)

Beyond UNet-based latent diffusion models, Diffusion
Transformer (DiT) architectures adopt a flow-matching for-
mulation followed by rectified flow (RF). Given a clean la-
tent x0 and Gaussian noise ϵ ∼ N (0, I), the noisy latent at
continuous timestep t ∈ [0, 1] is obtained by linear interpo-
lation:

xt = (1− t)x0 + tϵ. (4)

The model learns a time-dependent vector field vθ(t,xt) via
the Conditional Flow Matching objective:

Lflow-matching = Et, ϵ,x0 ∥vθ(t,xt)− (ϵ− x0)∥22 . (5)
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Figure 1. Illustration of extending the proposed EgoIn to a DiT-based diffusion model. Unlike UNet architectures that inject conditioning
through multi-scale spatial features, the DiT design modulates latent tokens within transformer blocks, enabling globally contextualized
and semantically coherent state transitions.

Ours

Baseline

Action: Take the cucumber and carrot out of the refrigerator.

𝒊 = 𝟏 𝒊 = 𝟏𝟕 𝒊 = 𝟑𝟑 𝒊 = 𝟒𝟗 𝒊 = 𝟔𝟓
Initial State

(a) Epic100

𝒊 = 𝟖𝟏
Target State

(b) EgoFHO

(c) DualArm

Ours

Baseline

Ours

Baseline

Action: Open the cup lid and the kettle lid..

Action: Place a lipstick from right material frame into the right blue target box.

Figure 2. Qualitative comparison between the baseline model (Wan2.1-FLF2V) and our EgoIn-DiT on the Epic100, EgoFHO, and DualArm
datasets. Intermediate frames (i = 17, 33, 49, 65) from the generated sequences are shown.
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Method Epic100 EgoFHO DualArm
FVD↓ VTQ↑ VTC↑ VIC↑ FVD↓ VTQ↑ VTC↑ VIC↑ FVD↓ VTQ↑ VTC↑ VIC↑

Wan2.1-FLF2V 226.91 0.9053 0.2284 0.9195 234.72 0.9004 0.2191 0.9248 223.84 0.9118 0.2272 0.9373
EgoIn-DiT (Ours) 186.75 0.9177 0.2422 0.9347 193.58 0.9149 0.2383 0.9394 188.30 0.9217 0.2435 0.9450

Table 1. Quantitative comparison between Wan2.1-FLF2V and EgoIn-DiT on the Epic100, EgoFHO, and DualArm datasets, reporting
FVD, VTQ, VTC, and VIC scores.

This continuous-time formulation allows DiT models to
capture long-range spatio-temporal dependencies while
benefiting from the stability and efficient training dynam-
ics of rectified-flow parameterizations.

3. More Experimental Results.
3.1. Evaluation of EgoIn-DiT
We select Wan2.1-FLF2V-14B [29] as the foundation model
for EgoIn-DiT because it provides strong conditioning ca-
pabilities on the first and last frames and can generate
videos with realistic physical dynamics and large mo-
tion. However, its ability to understand and reason about
the fine-grained actions and corresponding object state
changes between the two given states is limited. This of-
ten leads to motion disruptions, abrupt state inconsistencies,
or objects unexpectedly disappearing or appearing mid-
sequence, making it unsuitable for directly modeling state
transitions between the initial and target frames. As shown
in Fig. 2, our EgoIn-DiT effectively equips the model with
the ability to reason and generate coherent transformations
between the start and target states. The predicted transi-
tions are semantically meaningful, and the generated mo-
tion exhibits temporal consistency and smoothness. We fur-
ther conduct quantitative evaluations using the same metrics
as in the main paper, including FVD, VTQ, VTC, and VIC.
As reported in Tab. 1, EgoIn-DiT consistently outperforms
the baseline, which is obtained by fine-tuning the Wan2.1-
FLF2V-14B model on the corresponding dataset, across all
evaluation metrics.
Training details. We train EgoIn-DiT using 81-frame
videos at a resolution of 480 × 832 in two stages. In
the first stage, we optimize the TC module for 10k steps
with a learning rate of 1 × 10−4 while keeping all other
parameters frozen, allowing the TC module to align with
the conditional space of the DiT. In the second stage, we
introduce LoRA modules with lora rank= 128 and
lora alpha= 64 into the DiT blocks and jointly fine-
tune them with the TC module for another 10k steps using
a learning rate of 5× 10−5.

3.2. Additional Ablation Study
Ablation on VLMs for state transition modeling. We
compare different VLMs for modeling the transition pro-
cess, including the original Qwen2.5-VL [2], GPT-4o [1],
and the proposed TransitionVLM. For Qwen2.5-VL, we

VLM Epic100
FVD↓ VTQ↑ VTC↑ VIC↑

Qwen2.5-VL 269.32 0.8871 0.2141 0.9160
GPT-4o 232.84 0.9017 0.2308 0.9255

TransitionVLM (Ours) 215.27 0.9081 0.2373 0.9313

Table 2. Quantitative comparison of state transition video genera-
tion using different VLMs.

extract text features before the prediction heads. For the
GPT-4o, we use the text encoder of DynamiCrafter to con-
vert their textual outputs into features. All VLM-derived
transition features are fed into the Transition Condition-
ing (TC) module in the same manner as TransitionVLM.
EgoIn is then finetuned individually with each type of in-
put. The results are presented in Tab. 2. Although the GPT-
4o demonstrate strong contextual reasoning and structural
interpretation capabilities, it tend to produce plausible but
incorrect descriptions in specialized domains. As discussed
in the main paper, prompting GPT-4o with only the initial
and target frames frequently leads to redundant, vague, or
task-irrelevant descriptions, which can be mitigated by pro-
viding additional contextual information from the original
video. TransitionVLM addresses this limitation by being
trained on GPT-4o outputs generated with richer contextual
cues from the original videos, enabling it to produce more
reliable transition descriptions even when only two visual
anchors are provided at inference. This, in turn, enhances
the video diffusion model’s ability to understand and reason
about object state transitions, leading to consistent improve-
ments across all evaluation metrics. Our data curation
pipeline can be easily adapted to different GPT models,
and we believe that more advanced models will further
improve EgoIn.
Ablation on the transition conditions. We conduct this
experiment using four types of transition conditions for
video generation: (1) textual-level instruction of the input
simple action TA; (2) textual-level state and transition in-
structions TS , TT generated by the original VLM [2]; (3)
textual-level state and transition instructions TS , TT gen-
erated by TransitionVLM; and (4) feature-level state and
transition representations FS , FT extracted from the linear
head of TransitionVLM. These correspond to rows 1–4 in
Tab. 3. Incorporating additional textual instructions that de-
scribe the state and transition steps improves the model’s
performance (row 2 vs. row 1). Using the fine-tuned Tran-
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VLM Tuning Inputs Epic100
FVD↓ VTQ↑ VTC↑ VIC↑

× TA 283.47 0.8837 0.2078 0.9118
× TS , TT 269.32 0.8871 0.2141 0.9160
✓ TS , TT 232.79 0.9004 0.2282 0.9252
✓ FS , FT 215.27 0.9081 0.2373 0.9313

Table 3. Quantitative comparisons of ablation variants using dif-
ferent textual conditions.

Method Epic100
Reason. ↑ Align. ↑ Motion. ↑

w/o Range 10.15% 15.18% 11.69%
w/ Uniformly Distributed Range 31.89% 40.03% 34.77%

w/ Predicted Range (ours) 57.96% 44.79% 53.54%

Table 4. User preference rates to evaluate the necessity of transi-
tion temporal range in the reasonability of transition steps (Rea-
son.), their alignment with the instruction (Align.), and motion
quality (Motion.).

sitionVLM leads to more accurate visual reasoning, and
its generated instructions further enhance transition quality
(row 3 vs. row 2). Moreover, using feature-level represen-
tations provides greater robustness and preserves richer se-
mantic information than directly using raw textual outputs
from the VLM, resulting in further improvement for video
diffusion model (row 4 vs. row 3).
Ablation on the temporal range of transition. We con-
duct a user study to evaluate the results generated with dif-
ferent temporal ranges. This is because the temporal range
of transitions is subjective and highly sensitive to human
perception, making it difficult to assess using existing met-
rics. The results are presented in Tab. 4. The baseline,
”w/o Range,” removes the Range-Aware Transition Encod-
ing from EgoIn, meaning the transition conditions are no
longer frame-wise. Our method received greater user pref-
erence, with over 50% of the votes, outperforming the re-
sults generated using other temporal ranges.

3.3. Generalization Capability of the EgoIn.
Cross-dataset evaluation. We include cross-dataset gener-
alization results for EgoFHO → Epic100 and Epic100 →
EgoFHO in Tab. 5. Our model demonstrates strong gener-
alization ability and outperforms previous methods that are
trained and evaluated on the same dataset (Tab. 1, Main Pa-
per).
Real-world visual anchors. We further evaluate the gen-
eralization capability of the EgoIn using visual anchors ex-
tracted from YouTube videos. Specifically, we collect sev-
eral YouTube videos which include unseen initial and tar-
get states. From each video, we extract two frames with a
long temporal span as the initial and target states, and then
provide a simple action instruction based on these anchors.
As shown in Fig. 3, EgoIn generates coherent and reason-

able video results. For example, in Fig. 3(a), the initial state
shows a red piece being held, with various components such
as rods and gears arranged on the table, while the target state
shows a yellow rod secured in place, completing an assem-
bly step. EgoIn produces a smooth transition in which the
model retrieves the yellow rod from the table, brings it to-
ward the red piece, and inserts it to complete the assembly.
These results demonstrate the strong generalization capabil-
ity of our method and highlight its potential for applications
in areas such as robotic manipulation, computer-aided de-
sign, and embodied AI.

Training Epic100 EgoFHO
FVD↓ VTQ↑ VTC↑ VIC↑ FVD↓ VTQ↑ VTC↑ VIC↑

Epic100 215.27 0.9081 0.2373 0.9313 239.49 0.8904 0.2266 0.9329
EgoFHO 244.10 0.8963 0.2264 0.9224 203.85 0.8987 0.2340 0.9396

Table 5. Generalization results across the Epic100 and EgoFHO
datasets using models trained on the other dataset.

3.4. Computational Cost Analysis.
We evaluate the computational cost of EgoIn and the base-
line model DC-Interp [32] on a single MI250 GPU without
acceleration libraries such as vLLM [13]. All models are
configured with 50 inference sampling steps to generate a
16-frame transition video at a resolution of 320×512. For
inference latency, we measure the average runtime over 50
runs, as reported in Tab. 6. Compared to DC-Interp, EgoIn
introduces only a small latency increase of 4.4%, which is
primarily attributed to the additional TransitionVLM infer-
ence. Regarding GPU memory usage, the incorporation of
a 7B VLM leads to an additional consumption of 16.7 GB
compared to the baseline.

3.5. Comparison with Six Additional Metrics
To comprehensively assess the effectiveness of the proposed
EgoIn, we provide six additional evaluation metrics based
on EvalCrafter [19]:
LPIPS To assess the perceptual similarity between gener-
ated transition video and ground-truth video, we evaluate
the distance between image patches. The lower score indi-
cates greater similarity to the ground truth.
Inception Score (IS). To assess the video quality, we calcu-
late the inception score [23], using a pre-trained Inception
Network [26]. A higher inception score indicates more di-
verse generated content.
Warping Error (WE). We adopt the warping error, a met-
ric widely used in previous blind temporal consistency
methods [14, 15], to measure temporal consistency. In
detail, we use a pre-trained optical flow estimation net-
work [27] to compute the optical flow between two frames.
The pixel-wise warp differences are then calculated and av-
eraged across all frame pairs of the generated frames.
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Method Time Memory
DC-Interp 45s 18.5GB

EgoIn(Ours) 47s 35.2GB

Table 6. Comparison of the proposed EgoIn model and DC-
Interp [32] in computational efficiency and memory cost.

BLIP-BLEU. To evaluate the alignment between input
prompt and generated frames, we first adopt BLIP2 [16] for
generating a caption of the generated video and then use
BLEU [21] to calculate the text alignment score.
Perceptual Input Conformity (PIC). Inspired by [32], we
compute the perceptual distance between the input frames
(initial and target frames) and the generated frames using
the diffusion-based metric DreamSim [7]. The calculated
scores are then averaged to obtain the PIC.
Perceptual Video Conformity (PVC). We also use a vari-
ant of PIC to calculate the mid-level similarities between
the generated frames and the ground truth at each time step,
considering various evaluation aspects such as image lay-
out, object poses, and semantic content. The scores for each
frame are then averaged to compute the PVC score, which
provides a better alignment with human perception.

The quantitative comparison results between the pro-
posed EgoIn and three SOTA methods [4, 32, 33] are shown
in Tab. 7. Our method outperforms the other SOTAs on both
the Epic100 and EgoFHO benchmarks, with the only excep-
tion being the WE metric, where FILM achieves a higher
score. FILM tends to generate linearly smooth transitions,
whereas EgoIn is able to model larger and more dynamic
state changes.

3.6. Generative Controllability of the EgoIn.
We evaluate the controllability of the proposed EgoIn across
three challenging state transition scenarios: (1) Transition
processes corresponding to different action instructions and
the same visual anchors; (2) Transition processes corre-
sponding to the same action instructions and the initial
frame but different target state; (3) Transition processes cor-
responding to the reversed action instruction and visual an-
chors.
Different action instructions, same visual anchors. The
results are illustrated in Fig. 4(a). EgoIn reaches the same
target state from the same initial state by following different
transition steps based on two different action instructions.
This demonstrates that the proposed EgoIn is equipped with
diverse generation capabilities.
Same action instructions, same initial frame, different
target states. The results are presented in Fig. 4(b). EgoIn
generates distinct transition steps corresponding to differ-
ent target states. This demonstrates that the EgoIn does not
over-rely on textual instructions but also effectively incor-
porates visual information during video generation.

Reversed action instruction and visual anchors. The re-
sults are provided in Fig. 4(c). In one case, the initial state
depicts a closed microwave door, while the final state shows
it open. EgoIn successfully generates the key intermediate
steps: (1) The gripper secures the handle of the microwave
door. (2) The door is slightly opened, and the gripper moves
around to the other side. (3) The gripper pushes outward
from the other side, fully opening the microwave oven door.
For the reversed case, EgoIn generates a different yet rea-
sonable transition sequence. This validates that our model
possesses a “reverse thinking”-like capability.

3.7. Comparison with Single-Frame Conditioned
Video Generative

To highlight the proposed EIVST task, we compare our
method with single-frame-conditioned video generative
models, specifically Seer [9] and DC-I2V [32], whose
weights were tuned on our dataset for a fair comparison.
Fig. 5 presents the qualitative comparison results. However,
these methods face three challenges: (1) difficulty ensur-
ing that the generated video reaches the desired target state,
(2) generating incorrect object details when the given image
lacks necessary information (e.g., placing food in the fridge,
but its contents are unseen in the initial frame), and (3) lim-
ited actions throughout the transition sequence. Compared
to that, the proposed EgoIn, with its strong visual reason-
ing capability, accurately generates state transitions from
the initial state to the desired target state, offering enhanced
controllability in video generation. Additional qualitative
results of the proposed EgoIn are shown in Fig. 6.

3.8. Kling with TransitionVLM
In this experiment, we evaluate Kling by providing it with
the same two visual anchors but different textual prompts.
As a baseline, we use the action instruction directly as the
textual prompt, as shown in Fig. 7(a). Kling produces visu-
ally pleasing videos with high quality and smooth motion.
However, its transition process omits key actions such as
“flip”. We further enhance the textual prompt by incorporat-
ing additional semantic information. Specifically, we con-
catenate the action instruction with transition steps gener-
ated by Qwen2.5VL-7B[2]. As shown in Fig. 7(b), this im-
proved textural prompt enables Kling to generate additional
transition steps. However, directly using Qwen2.5VL-7B
for our task is not ideal, as it tends to generate plausible-
sounding actions that lack factual accuracy, e.g., incorrect
action “adjust its position”. This causes inconsistencies in
the bowl’s appearance across frames. In contrast, the pro-
posed TransitionVLM generates reasonable transition steps,
including the “flip the bowl” action, leading to smoother
and more coherent transitions. As shown in Fig. 7(c), this
improvement allows Kling to produce transitions that more
accurately reflect real-world object interactions. These re-
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Method Epic100 EgoFHO
LPIPS ↓ IS ↑ WE ↓ BLIP-BLEU ↑ PIC↑ PVC↑ LPIPS ↓ IS ↑ WE ↓ BLIP-BLEU ↑ PIC↑ PVC↑

FILM[22] 0.3281 4.1491 0.0069 0.0255 0.8076 0.8361 0.3271 5.6059 0.0056 0.1087 0.8461 0.8458
SEINE[4] 0.3701 5.1443 0.0225 0.0265 0.8198 0.8445 0.3481 6.7173 0.0200 0.1097 0.8569 0.8667

DC-Interp[32] 0.3643 4.9903 0.0171 0.0258 0.8237 0.8524 0.3640 6.5538 0.0184 0.1099 0.8478 0.8576
EgoIn(Ours) 0.3136 5.2058 0.0110 0.0297 0.8305 0.8733 0.3223 6.8099 0.0159 0.1165 0.8580 0.8657

Table 7. Quantitative comparison with text-guided state-of-the-art video completion methods on Epic100 [5] and EgoFHO [8]. The scores
of the LPIPS, IS, WE, BLIP-BLEU, PIC and PVC are reported.

(c) Action: Place the block on top of other blocks.

𝒊 = 𝟒 𝒊 = 𝟖 𝒊 = 𝟏𝟐𝒊 = 𝟏

Initial State

𝒊 = 𝟏𝟔

Target State

(d) Action: Place two slices of cheese onto each of the two patties.

(a) Action: Insert the yellow rod into the red piece.

𝒊 = 𝟒 𝒊 = 𝟖 𝒊 = 𝟏𝟐𝒊 = 𝟏

Initial State

𝒊 = 𝟏𝟔

Target State

(b) Action: Put together the red and blue puzzle pieces.

𝒊 = 𝟒 𝒊 = 𝟖 𝒊 = 𝟏𝟐𝒊 = 𝟏

Initial State

𝒊 = 𝟏𝟔

Target State

𝒊 = 𝟒 𝒊 = 𝟖 𝒊 = 𝟏𝟐𝒊 = 𝟏

Initial State

𝒊 = 𝟏𝟔

Target State

Figure 3. Transition generation for unseen objects, states, and scenarios.
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sults demonstrate that TransitionVLM enhances video gen-
eration models by enabling them to handle complex transi-
tions where visual reasoning is essential.

Action: Topple hot sauce bottle.

Action: Topple hot sauce bottle.

Action: Open bridge.

Action: Open bridge.

𝒊 = 𝟏 𝒊 = 𝟒 𝒊 = 𝟖 𝒊 = 𝟏𝟐 𝒊 = 𝟏𝟔
Initial State Target State

𝒊 = 𝟏 𝒊 = 𝟒 𝒊 = 𝟖 𝒊 = 𝟏𝟐 𝒊 = 𝟏𝟔
Initial State Target State

Action: Put sticky note down into bowl.

Action: Drop sticky note into bowl.

(a) Generated state transitions with different action instructions.

(b) Generated state transitions with different target states of the object.

Action: Place the pot in the dishwasher with the opening facing up.

Action: Open the door of the microwave.

Reversed Action: Close the door of the microwave.

Action: Drop the screwdriver into the bowl.

Reversed Action: Pick up screwdriver from bowl.

Action: Open the door of the microwave.  

Action: Drop the screwdriver into bowl. 

(c) Generated state transitions with two reversed instructions.

𝒊 = 𝟏 𝒊 = 𝟒 𝒊 = 𝟖 𝒊 = 𝟏𝟐 𝒊 = 𝟏𝟔
Initial State Target State

Action: Place the pot in the dishwasher with the opening facing down.

Figure 4. Generated state transitions in three challenging scenar-
ios.

4. More Details
4.1. Data Curation for Transition Video Datasets.
Most existing egocentric video datasets [12, 17, 18, 25]
are primarily designed for action or activity understanding,
and thus overlook their potential for generation-oriented

tasks such as visual state transition modeling, which re-
quires minimal scene and viewpoint changes, as object state
changes appear differently under varying viewpoints. To
the best of our knowledge, there is no available large-scale
and transition-aware dataset for video generation in ego-
centric views. Such a dataset is crucial for bridging the
gap between human cognition and machine understand-
ing of object state transformations. To construct it, we
leverage existing hand–object and robot–object interaction
datasets [5, 6, 8, 20, 24, 31] and automatically segment the
original video clips into finer-grained sequences based on
annotation information, with each sequence corresponding
to an object state transition triggered by an instructed action.
To remove clips containing static scenes or excessive cam-
era motion, we compute the frame similarity between the
first and last frames and the average optical flow for each
segmented clip, discarding those without clear object state
changes or those affected by large viewpoint shifts, so that
the model can better focus on object-centric transitions. We
further assess the visual quality of each clip by evaluating
brightness, blurriness, and noise levels, and filter out sam-
ples with low-quality visual input. The resulting curated
dataset contains diverse state transitions across indoor and
outdoor environments. For each fine-grained clip, we gen-
erate a concise action instruction using QwenVL-2.5 [2], re-
placing the coarse activity annotation provided for the orig-
inal long video.
Text prompt used for data curation in GPT-4o. Fig. 8 il-
lustrates the detailed prompts used for GPT-4o during data
curation. Additional guidance information (box and full
frames) cannot be used during inference.

4.2. Explanation of The Evaluation Metrics

In the main paper, we assess the generated object state tran-
sition from two aspects: video quality and video-condition
consistency.
Video Quality. We use the Fréchet Video Distance
(FVD) [28] and the temporal quality score in VBench[11],
denoted as “TVQ”, which is calculated as a weighted av-
erage of 5 dimensions, including dynamic degree, motion
smoothness, temporal flickering, subject consistency and
background consistency.
Video-condition Consistency. We assess video-condition
consistency from two perspectives. The first is the video-
text consistency. Specifically, we calculate cosine similar-
ity between the ViCLIP[30] features of the generated video
and action instruction and denote it as “VTC”, following
the approach for overall consistency in VBench[11]. The
second is the consistency of the generated video and given
initial and target state frames. We extract features using
DINOv1[3] and DreamSim[7], and calculate similarity as
subject and background consistency, respectively. Then
the overall video-image consistency is the weighted aver-
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(a) Action: Open fridge to place food.

Ours

DC-I2V

𝒊 = 𝟒 𝒊 = 𝟖 𝒊 = 𝟏𝟐𝒊 = 𝟏
Initial State

𝒊 = 𝟏𝟔
Target State

(b) Action: Take broccoli out of pan and place on stove.

Ours

Seer

Seer

DC-I2V

𝒊 = 𝟒 𝒊 = 𝟖 𝒊 = 𝟏𝟐𝒊 = 𝟏
Initial State

𝒊 = 𝟏𝟔
Target State

Figure 5. Qualitative comparison of the proposed EIVST with two single-frame-based video generation methods that use the initial frame
and action instruction as condition.

age of them, and denoted as “VIC”, following the setting of
VBench[11].

4.3. Implementation Details of Object-aware Aux-
iliary Supervision.

Our auxiliary loss is computed using the clean video latent,
estimated from the noisy input Zt via the UNet-predicted
noise ϵt. This latent is then passed to a localization head
consisting of two stacked 3D convolutional layers with ker-
nel size 3 × 3 × 3. State transitions induce spatiotempo-
ral variations that are effectively captured by 3D convolu-
tions, which also enable the localization of different key

objects involved in the transition process. The resulting fea-
ture maps are supervised using a downsampled ground-truth
mask, where pixels within the key object region are labeled
as 1 and all others as 0. A mean pixel-wise cross-entropy
loss is applied to encourage the localization head to assign
high probabilities to key object regions.

We visualize the predicted masks for intermediate
frames using the localization head described in Section
3.4 of the main paper. As illustrated in Fig. 9, the pre-
dicted masks consistently focus on the manipulated objects
across multiple frames (highlighted by the green arrow)
and closely align with the actual object shapes, even in cases
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Action: Place food on plate.

Action: Scoop food onto a plate.

Action: Fold clothes.

Action: Turn the steering wheel.

𝒊 = 𝟒 𝒊 = 𝟖 𝒊 = 𝟏𝟐𝒊 = 𝟏
Initial State

𝒊 = 𝟏𝟔
End State

Epic100

EgoFHO

DualArm

Bridge

Action: Pick up marker pen from the desk and pass it.

Action: Take the box out of the case.

Action: Pour almonds in pot.

Action: Put clothes in laundry machine.

Figure 6. Additional qualitative results of the proposed EgoIn on the Epic100 [5], EgoFHO [8], DualArm [20, 24, 31], and Bridge [6]
datasets.
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Action: Put bowl in dishwasher. 𝑻𝟏: The hand places the bowl into the dishwasher and adjust its position.
𝑻𝟐: The hand reaches for the other bowl.

𝑻𝟏: The hand flip the bowl and places the bowl into the dishwasher.
𝑻𝟐: The hand reaches for the other bowl on the cutting board.Action: Put bowl in dishwasher.

𝒊 = 𝟏 𝒊 = 𝟒 𝒊 = 𝟖 𝒊 = 𝟏𝟐 𝒊 = 𝟏6
Initial State Target State(b) Kling + Action Instruction + Qwen2. 5VL 7B Transition Steps

𝒊 = 𝟏 𝒊 = 𝟒 𝒊 = 𝟖 𝒊 = 𝟏𝟐 𝒊 = 𝟏6
Initial State Target State(c) Kling + Action Instruction + TransitionVLM Transition Steps

Action: Put bowl in dishwasher.

𝒊 = 𝟏 𝒊 = 𝟒 𝒊 = 𝟖 𝒊 = 𝟏𝟐 𝒊 = 𝟏6
Initial State Target State(a) Kling + Action Instruction

Figure 7. Transition videos generated using Kling with different textual prompts.

Inputs: You are given a 16 keyframes extracted in order from a video showing a manipulation process. Specifically, the first frame corresponds to the beginning of the process, the last frame
corresponds to its completion, and the intermediate keyframes represent the steps in between. Additionally, you are provided with an overall process description T:"{Action Instruction}".
Task: Your task is to divide the 16 keyframes into 1 to 4 key steps, where each step corresponds to a logical subprocess, and they are arranged in order. Furthermore, the predicted key steps
follow the constraints of the first and last frames, and do not output steps that occur before the first frame or after the last frame. The given overall process description should be referenced.

Input: Given two images representing the initial and final frames of an action sequence, along with an overall process description T: "{Action Instruction}". For each image, additional
spatial information is provided in the form of bounding boxes for objects that may interact with the hand. Each bounding box is represented by four numbers in the format: [x-coord of top-
left, y-coord of top-left, x-coord of bottom-right, y-coord of bottom-right]. The coordinate origin is at the top-left corner of the image, with the x-axis running horizontally along the top and
the y-axis running vertically along the left. All coordinates are normalized to the range [0, 1].
Task: Compare the two images and the provided bounding boxes of potentially manipulated objects to identify regions where object state changes may have occurred. Then, referring to the
semantics of the textual instruction describing the process, infer the category of the manipulated object. Based on this information, provide a description of the object's state in the initial
frame (before the action occurs) and in the final frame (after the action).
Output: Describe the object state in each image. The descriptions should ignore irrelevant objects and focus only on the hand and the manipulated object.

Prompt of GPT-4o for initial and target object states

Prompt of GPT-4o for object state transitions and transition step ranges

Outputs: For each key step, provide a text description of what is happening between hands and objects, and corresponding object state transition. Then based on the predicted key steps, split
given 16 keyframes into sequential and non-overlapping frame ranges. Here is some examples to guide response: Examples for learning: (1)Example-1 (2) Example-2 … (M) Example-M
Now, following the above format, predict split key steps with corresponding description and frame range according to given inputs.

Figure 8. The prompts of GPT-4o in data curation for VLM tuning.

involving large motion. Note that this is not used during
inference; we present it here solely to validate its effective-
ness.

4.4. Limitation and Future Work.

Although EgoIn performs well across diverse egocentric
transitions on both Unet-based and DiT-based architectures,
generating long-horizon state transitions that involve sub-

stantial scene or viewpoint changes remains a challeng-
ing problem. Addressing such complex transitions re-
quires more robust modeling of long-range dependencies
and multi-view consistency. We view this as an important
direction for future work and plan to further enhance our
framework to better handle large viewpoint shifts and dy-
namic environments.
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(a) Action: Place pan on sink.

(b) Action: Move tool closer to scissor.

𝒊 = 𝟒 𝒊 = 𝟖 𝒊 = 𝟏𝟐𝒊 = 𝟏

Initial State

𝒊 = 𝟏𝟔

Target State

(c) Action: Put knife on cutting board cardboard fence.

Figure 9. Visualization of predicted multi-frame masks of the ma-
nipulated objects and the generated videos. (Zoom-in for best
view)
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