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Supplementary Material

1. ConsIDVid Dataset: Additional Details

ConsIDVid is primarily built upon real-world, object-
centric videos collected from public sources [22, 34] and
is additionally supplemented by proprietary datasets.

1.1. Synthetic Video Construction

Synthetic Video Generation. To significantly enhance
the dataset’s diversity and coverage, we generate synthetic
videos utilizing FramePack [39], a video generator built
upon HunyuanVideo [17]. Given that the single-image con-
ditioning used in the standard FramePack pipeline offers
limited visual guidance, we extend the framework to sup-
port synthesis by conditioning on start and end keyframes.
Controlled Keyframe Selection Strategy. For the syn-
thetic samples derived from MVImgNet2.0 [11], we con-
sciously avoid directly stitching its complete multi-view im-
age sequences. These sequences frequently exhibit rapid
camera motion or contain multiple full rotations around the
object, which leads to excessive viewpoint shifts. Instead,
we employ a controlled strategy where the first frame of
each sequence is designated as the starting keyframe, and
the ending keyframe is selected from indices 4 through 8
based on the LAION aesthetic predictor [26].

1.2. Hierarchical Video Captioning

In Section 3.3, we adopt a Hierarchical Video Captioning
strategy to construct video captions in a structured manner.
This process involves generating captions by two distinct
levels. The detailed instruction templates used for both lev-
els of caption generation are illustrated in Figure 8 and Fig-
ure 9, respectively.

1.3. Comparison with Existing Video Datasets
Recent efforts [6, 19, 32] in video generation primarily
focus on collecting large, general-purpose video datasets
to train video generative models. However, domain-
specific video datasets remain limited in both scale and
diversity. As shown in Table 1, many existing domain-
focused resources are mostly human-centric (e.g., UCF-
101 [28], Taichi-HD [27], FaceForensics++ [24]), making
them inadequate for capturing fine-grained object identity
or rigid-object motion patterns. While prior approaches
like Track4Gen [15] relied on small and minimally curated
appearance-preserving datasets, we introduce ConsIDVid.
This large-scale, object-centric, identity-preserving video
dataset, curated via a scalable pipeline, also includes an
appearance-preserving benchmark for standardized evalu-
ation of I2V models.

2. ConsIDVid-Bench
An ideal Image-to-Video (I2V) generator must not only
align with the text prompt but, crucially, preserve visual
fidelity throughout the temporal dynamics. Accurately
quantifying appearance drift and geometric distortion is
paramount for fine-grained video generation evaluation.
Therefore, in our experiments, we utilize established eval-
uation metrics from VBench [13, 14] while introducing
novel Multi-View Consistency metrics to rigorously mea-
sure view and object fidelity.

2.1. VBench Metrics for I2V Evaluation
VBench extends Text-to-Video (T2V) metrics to the I2V
domain, focusing on semantic and temporal consistency.
• I2V Subject: Cosine similarity between DINO [3] fea-

tures of the input image and the generated frames, mea-

Table 1. Comparison of existing domain-specific video generation datasets and our ConsIDVid.

Dataset Year Scenario #Videos Avg. Len (s) Dur. (h) Resolution Caption Motion Type

UCF-101 [28] 2012 Human 13.3K 7.2 26.7 240p Short Text
MSP-Avatar [25] 2015 Human 74 – 3 1080p N/A Landmark, Pose
Taichi-HD [27] 2019 Human 3K – – 256p Short Text
TikTok-v4 [4] 2023 Human 350 – 1 – N/A Skeleton
SkyTimelapse [35] 2018 Sky 35K – – 360p N/A –
FaceForensics++ [24] 2019 Face 1K – – Diverse N/A –
CelebV-HQ [40] 2022 Portrait 35K 6.6 68 512p N/A –
ChronoMagic [38] 2024 Metamorphic 2K 11.4 7 Diverse Long Text

ConsIDVid 2025 Rigid Object 44.3K 8.4 104 Diverse Hierarchical Text, Images
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smaller diamonds on either side is shown on a 
person's finger. The ring has a shiny, polished 
finish and is displayed against a backdrop of pink 
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Figure 1. Overview of object similarity pipeline. It extracts clean multi-view object segments via caption-based word retrieval, open-
vocabulary detection, segmentation, and de-duplication.

suring the preservation of the subject from the input im-
age within the generated video.

• I2V Background: DreamSim [8] feature similarity be-
tween the input image and generated frames, assessing
the visual consistency of the scene/background.

• Subject Consistency: Average cosine similarity of DINO
features across consecutive frames, evaluating subject ap-
pearance consistency throughout the video.

• Background Consistency: Average cosine similarity of
CLIP [20] features across consecutive frames, measuring
the temporal consistency of the background scene.

• Motion Smoothness: Motion prior score derived from a
video frame interpolation model [18], assessing whether
the generated motion remains smooth.

• Temporal Flickering: Mean absolute difference between
consecutive frames at the pixel level, detecting high-
frequency artifacts and local temporal inconsistencies in
the generated video.

2.2. Multi-View Metrics for I2V Evaluation
Instead of relying solely on single-frame image-to-video
similarity, we further assess video consistency by sampling
multi-view (multi-frame) observations from the ground-
truth video. This approach allows for a more rigorous mea-
surement of fine-grained identity preservation via the fol-
lowing proposed metrics:
• Video Similarity: Average cosine similarity between

CLIP features of the ground-truth and generated sampled
frames. This metric quantifies overall video realism and
content preservation.

• Object Similarity: Average cosine similarity between
DINO features of the segmented objects in the reference
images and the corresponding segments in the generated
frames. For rigorous evaluation, multiple reference em-
beddings per object category are used, and missing ob-
jects receive a fixed low similarity penalty. This metric
further assesses fine-grained object identity preservation.

2.3. Geometric-aware Metrics for I2V Evaluation

In the context of rigid-object centric I2V generation, the
synthesized video can be viewed as a multi/cross-view im-
age sequence derived from a single input image. Crucially,
these generated images must exhibit 3D geometric consis-
tency to form a coherent object representation over time.
While an I2V generator may produce frames that diverge
from the ground-truth, we fundamentally require them to
be geometrically consistent with each other.

To address the limitations inherent in ground-truth-
dependent geometric evaluation, our key idea is to measure
geometric consistency via self-consistency in 3D between
the generated multi-view videos. We quantify the geomet-
ric fidelity of the I2V output using the following metrics:

• Chamfer Distance (CD): To evaluate this property, we
reconstruct 3D point clouds from sampled frames of the
generated videos using VGGT [31], followed by point
filtering and rigid alignment via ICP (Iterative Closest
Point). Our ground-truth point cloud is similarly gener-
ated from the true video frames using the same VGGT
pipeline. Following prior work on multi-view consis-
tency, we then measure the bidirectional geometric dis-
crepancy between two reconstructed point clouds. This
metric captures global shape alignment while penaliz-
ing geometric drift or deformation across the synthesized
views.

• MEt3R [1]: This metric evaluates view consistency by
employing DUSt3R [33] to obtain dense 3D reconstruc-
tions from image pairs. It measures consistency by pro-
jecting DINO + FeatUp [9] features from one view to
the other using the reconstructed geometry and calculat-
ing the feature similarity among the resulting views. This
provides a reliable measure of geometric self-consistency
for multi-view coherence in generated images.



Table 2. Quantitative comparison of model performance on ConsIDVid-Bench under two penalty settings (penalty = 0.1 and 0.5), evalu-
ated by object similarity. Inference latency is measured on a single NVIDIA A100 GPU. Best and Second-best scores are highlighted.

Model Params Latency
Penalty = 0.1 Penalty = 0.5

Proprietary Public Proprietary Public

Wan2.1 [29] 1.3B 202 (s) 66.9 69.1 67.1 69.6
SkyReelv2 [5] 1.3B 393 (s) 59.5 68.0 60.0 68.5

ConsistI2V [23] 5.2B – 62.0 62.4 62.7 63.1
Wan2.2 [30] 5B 359 (s) 68.6 71.6 68.9 72.1
CogVideoX1.5 [37] 5.2B – 60.1 61.5 60.5 62.1
HunyuanVideo [17] 13B – 64.3 67.4 64.6 67.6
Wan2.1 [29] 14B 970 (s) 67.9 72.2 68.2 72.8

ConsID-Gen 1.8B 199 (s) 69.2 71.8 69.9 72.3

Figure 2. Human Evaluation results for Identity Consistency (left) and Visual Quality (right).
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Figure 3. Statistics of ConsIDVid-Bench. Left: Frequency dis-
tribution of categories; Right: Object category breakdown.

2.4. ConsIDVid-Bench Statistics

As illustrated in Figure 3, ConsIDVid-Bench features a
highly diverse distribution of object categories, predomi-
nantly encompassing jewelry, food, and household items in
few-shot settings.

3. Object Similarity Evaluation

As illustrated in Figure 1, we propose an object similar-
ity evaluation designed to measure fine-grained appearance
consistency across generated videos. Our method utilizes
multi-view frames rather than relying solely on the first
frame, as it is in the I2V Subject, thereby ensuring robust-
ness against background variations. First, we employ a
Large Language Model (LLM) [36] for the first stage output
of Hierarchical Video Captioning to retrieve object-related
word tags. Next, these tags guide an open-vocabulary object
detector [10] to localize objects in 5 sampled keyframes,

Table 3. Quantitative Comparison with Wan2.1-InP-FL and
StepVideo-TI2V.

Method I2V-Subj I2V-Back Subj-Cons. Back-Cons. Motion Temp

Wan2.1-InP-FL 95.98 96.80 90.89 94.43 99.22 98.44
StepVideo-TI2V 97.99 98.33 92.54 94.53 99.38 98.61

ConsID-Gen 98.31 98.66 95.30 96.10 99.52 99.24

followed by segmentation [21]. Finally, to ensure data re-
liability, we de-duplicate and consolidate these instances,
yielding a reliable set of cleaned object word tags and their
corresponding segmented visual counterparts for precise,
object-level comparison.

4. More Quantitative Comparison Evaluations
Compare with Wan2.1-InP-FL and StepVideo-TI2V. Al-
though our approach does not explicitly model camera tra-
jectories, it preserves identity fidelity through textual guid-
ance alone. To further assess its effectiveness, we compare
our method against strong I2V baselines that leverage addi-
tional conditioning signals, including Wan2.1-InP (first-last
frame) [29] and StepVideo-TI2V [12]. Despite relying only
on text-based guidance, our approach achieves superior per-
formance. We also evaluate VACE [16]; however, it yields
worse results (e.g., I2V-Subj: 82.66), likely because VACE
is primarily designed for video creation and editing, which
tends to inadvertently modify the input content.
Object Similarity. As shown in Table 2, ConsID-Gen
achieves consistently strong performance across both eval-
uation settings. Under the default penalty of 0.1, where
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Caption
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Video Caption

Normal Caption Words Appearance-aware Caption Words

"object": [
"turquoise stone ring",
"gold accents"

]

"object": [
"silver ring",
"large turquoise stone",
"small blue stones",
"band"

]

"object": [
"silver bracelet",
"oval-shaped stones",
"silver bezel setting",
"sliding clasp"

]

"object": [
"silver bracelet",
"oval-shaped stones",
"clasp"

]

Normal 
Caption

Hierarchical 
Video Caption

A silver bracelet with oval-shaped stones is shown from different angles. The stones have a purple and white striped pattern. The bracelet has a 
clasp at one end. The video shows close-up shots of the bracelet being held by a hand.

The hand rotates the bracelet, revealing its length and the sliding clasp mechanism. The camera focuses on the intricate details of the stones' 
purple and white stripes, highlighting their glossy finish and the silver bezel setting. The bracelet's shiny, metallic surface reflects light, 
emphasizing its elegant design.

A turquoise stone ring with gold accents and intricate designs is showcased against a white background. The ring is held by a gloved hand, 
highlighting its detailed craftsmanship. The camera remains static throughout the video, focusing on the ring's beauty and design.

The hand rotates the ring, showcasing its intricate silver band adorned with small blue stones set in gold. The large turquoise stone, featuring 
visible cracks, remains the focal point as the camera captures various angles, highlighting the detailed craftsmanship.

Normal Caption Words Appearance-aware Caption Words

Figure 4. Qualitative comparison between normal captioning and Hierarchical Video Captioning. The right side displays the retrieved
object word tags from the normal caption and the appearance-aware caption, while the lower section illustrates the captions generated by
normal and hierarchical captioning.

video frames with missing objects are assigned a similarity
score of 0.1, ConsID-Gen obtains the highest Object Simi-
larity score on the proprietary set, surpassing all competing
models of similar or larger scale. A similar trend can be
seen when comparing the results for a higher penalty of 0.5.
This robust performance indicates that ConsID-Gen effec-
tively maintains stable object visibility and identity fidelity
throughout the generated video sequence.
Human Preference Evaluation. We conducted a side-
by-side user study to benchmark ConsID-Gen against the
open-source Wan2.1 [29] and proprietary Veo-3.1 [7]. Par-
ticipants were presented with randomized video pairs and
asked to express their preference (better or tie) regarding
Identity Consistency and Visual Quality. As shown in Fig-
ure 2, our method consistently outperforms Wan2.1 across
both metrics. Compared to Veo-3.1, we achieve comparable
results in identity consistency.

5. More Ablation Evaluations

Effect of Datasets. To investigate the impact of the data,
we fine-tuned Wan2.2-5B via LoRA (rank 64). As shown
in Table 4, the resulting Wan2.2-5B-FT showed limited im-
provement compared to ConsID-Gen, which achieved sig-
nificantly better results. This underscores that our architec-

Table 4. Quantitative ablation of dataset effectiveness. We evalu-
ate model performance using VBench-I2V suite.

Method I2V-Subj I2V-Back Subj-Cons. Back-Cons. Motion Temp

Wan2.2-5B 96.85 97.57 91.99 94.82 98.93 98.10
Wan2.2-5B-FT 97.61 98.17 91.22 94.64 99.21 98.37

ConsID-Gen 98.31 98.66 95.30 96.10 99.52 99.24

Table 5. Effectiveness of Hierarchical Video Captioning. Compar-
ison of object word tag retrieval between normal captioning and
our Stage-1 appearance-aware captioning, demonstrating that the
latter yields richer and more precise appearance tags.

Method Avg. Objects / Video Avg. Word Len.

Normal Caption 3.18 13.69
Appearance-aware Caption 3.20 14.44

tural design is the key factor behind the performance boost.
Effective Evaluation on Video Captioning. To assess
our Hierarchical Video Captioning strategy, we compared
its Stage 1 (Appearance-aware Captioning) against a nor-
mal captioning method. Unlike the normal method, which
jointly reasons over appearance and temporal dynamics, our
Stage 1 processes fewer frames at higher resolution, allow-
ing the VLM [2] to focus exclusively on fine-grained ob-
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Figure 5. Visualization of failure cases.

ject details. Evaluating both on 50 proprietary videos by re-
trieving object word tags using an LLM [36], we found that
Stage 1 yields richer and more precise appearance-centric
tags, as presented in Table 5.

6. Miscellaneous Visualization Results
6.1. Effective Evaluation on Video Captioning
As illustrated in Figure 4, Stage-1 appearance-aware cap-
tioning produces richer and more precise appearance tags
than normal captioning, capturing fine-grained object de-
tails such as material, stone texture, and setting structure.
Moreover, the hierarchical design enables the model to first
ground stable appearance semantics before generating tem-
poral descriptions, yielding more comprehensive and accu-
rate descriptions.

6.2. Additional Comparison with Existing Methods
To complement the quantitative evaluations, we provide ad-
ditional synthetic samples generated by existing methods.
Figure 6 and Figure 7 illustrate these samples on the propri-
etary and public subsets of ConsIDVid-Bench.

6.3. Visualization of Failure Cases
We present the failure cases in Figure 5. Since our model
is built upon a small-scale base model, it inherits certain
limitations, particularly in complex scene synthesis. This is
notably observed in the public subset, which features more
intricate backgrounds. For instance, the model is prone to
hallucinations when generating distant or ambiguous de-

tails, such as counters and complex furniture arrangements,
as highlighted in the red boxes.

7. Limitations
While ConsID-Gen achieves strong appearance preserva-
tion, several limitations merit further investigation. First,
our method relies on a relatively small baseline due to re-
source constraints. Although it delivers clear improvements
at this scale, adopting larger-capacity models (e.g., 14B)
shows promising potential and constitutes an important di-
rection for future work. Furthermore, the baseline is cur-
rently restricted to 81-frame sequences. While ConsID-Gen
maintains high fidelity within this range, sustaining fine-
grained visual consistency across substantially longer hori-
zons remains an open challenge that we aim to address in
future research.



Reference Image WanVideo ConsID-Gen

Figure 6. Additional visual comparisons on the proprietary subset of ConsIDVid-Bench.
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Figure 7. Additional visual comparisons on the public subset of ConsIDVid-Bench.

Instruction Template for Appearance-aware Captioning

System Prompt: You are an expert video captioner for object-centric product and item videos. Your task is to write a
short descriptive caption focusing only on the visible appearance of the main object.

Rules:

• Write exactly 1–2 sentences under 40 words.
• Describe the main object with 5–7 attributes: category name, color or pattern, material and finish/texture

(matte, glossy, brushed, woven), shape or form factor, size or scale cues (in hand, on table), notable
parts/features (buttons, seams, zippers, ports, tread), any visible wear or defects, and transcribe any legible
text or logos exactly as seen.

• Be strictly factual and concise. Use simple present tense.
• Do not include camera behavior, background context, or usage speculation.
• Focus only on the primary product. Mention hands or props only if they clarify size or material.
• Output only the caption text. No labels, prefixes, hashtags, or emojis.

User Prompt: Write 1–2 factual sentences describing the main item in the video. Include 5–7 visible attributes: category,
color or pattern, material and finish/texture, shape or form factor, size or scale cues, notable features like seams or ports,
any wear/defects, and exact readable text or logos. Keep it under 40 words, simple present tense, and output only the
caption.

Figure 8. Instruction Template for Appearance-aware Captioning.



Instruction Template for Temporal-aware Captioning

System Prompt: You are an expert video captioner for object-centric videos. Your task is to generate a single coher-
ent, factual, and detailed caption that integrates the provided appearance description of the main object into a natural
temporal-aware observation.

Rules:

• Write 2–3 sentences under 60 words.
• Temporal dynamics must be the main focus: describe camera movement (type, direction, angle, framing),

human interaction (holding, rotating, tapping, opening, placing), and object motion or state change (slides,
flips, spins, opens, closes).

• Explicitly reuse at least 3–5 key details from the given appearance description (color, material, texture,
shape, text, or distinctive features).

• Weave appearance details smoothly into the temporal description so the caption reads as one fluent obser-
vation, not separate parts.

• Use objective, factual language in simple present tense. Avoid subjective or aesthetic terms like “beauti-
fully,” “showcases,” or “highlights.”

• Mention background or props only if directly relevant to scale or interaction.
• Output only the caption text. No labels, prefixes, hashtags, or emojis.

User Prompt: The main object’s appearance is: {APPEARANCE DESCRIPTION} Write 1–2 factual and coherent
sentences that integrate this appearance information naturally into a temporal-aware description. Explicitly reuse at
least 3–5 details from the appearance description (color, material, texture, shape, text, distinctive features). Describe
camera movement, angle, and framing, along with any human interaction or object motion, combining them in one
fluent observation. Keep it concise, under 60 words, in simple present tense. Output only the caption.

Figure 9. Instruction Template for Temporal-aware Captioning.
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