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The camera slowly zooms in on the silver ring, …. . The marquise-shaped diamond, 
encircled by a halo of smaller diamonds, gleams under the light. …

The camera slowly zooms in on the black leather bracelet with a silver oval clasp, … . 
The bracelet's medium size … as the camera angle shifts slightly.

The camera slowly zooms in … , highlighting its intricate patterns and smooth, glass-
like material. 

The camera slowly pans around the heart-shaped wooden box, … Inside, a pair of gold 
and silver earrings with blue stones and diamond accents catch the light …

ConsID-Gen

Wan Video

The hand rotates slightly,  … the ring's intricate floral detailing and twisted rope edge. 
The camera maintains a close-up view, …

The hand gently rotates the copper wire-wrapped pendant, … , oval-shaped stone with a 
mix of white, gray, and black hues. The small gold accent at the bottom right corner ….

Figure 1. Examples Synthesized by ConsID-Gen. Given a textual instruction and reference image containing rigid objects (i.e., rings,
diamonds), ConsID-Gen synthesizes realistic videos that faithfully preserve object identity and maintain geometric consistency. The initial
row was generated by Wan [46] using the same prompt. Attributes highlighted in red denote object properties specified in the instruction.

Abstract

Image-to-Video generation (I2V) animates a static image
into a temporally coherent video sequence following tex-
tual instructions, yet preserving fine-grained object iden-
tity under changing viewpoints remains a persistent chal-
lenge. Unlike text-to-video models, existing I2V pipelines
often suffer from appearance drift and geometric distortion,

† Corresponding author: tzz@tamu.edu

artifacts we attribute to the sparsity of single-view 2D ob-
servations and weak cross-modal alignment. Here we ad-
dress this problem from both data and model perspectives.
First, we curate ConsIDVid, a large-scale object-centric
dataset built with a scalable pipeline for high-quality, tem-
porally aligned videos, and establish ConsIDVid-Bench,
where we present a novel benchmarking and evaluation
framework for multi-view consistency using metrics sensi-
tive to subtle geometric and appearance deviations. We
further propose ConsID-Gen, a view-assisted I2V gener-
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ation framework that augments the first frame with un-
posed auxiliary views and fuses semantic and structural
cues via a dual-stream visual–geometric encoder as well
as a text–visual connector, yielding unified conditioning
for a Diffusion Transformer backbone. Experiments across
ConsIDVid-Bench demonstrate that ConsID-Gen consis-
tently outperforms in multiple metrics, with the best over-
all performance surpassing leading video generation mod-
els like Wan2.1 and HunyuanVideo, delivering superior
identity fidelity and temporal coherence under challeng-
ing real-world scenarios. Our model and dataset are at
https://myangwu.github.io/ConsID-Gen.

1. Introduction
Modern video generation models based on diffusion trans-
formers (DiT) [19, 26, 38, 46, 59] can synthesize high-
resolution, temporally coherent videos from text prompts,
images, or both. This progress is beginning to reshape ap-
plications in advertising [13], entertainment [32], and dig-
ital content creation [9, 29, 44], where short, high-quality
videos can now be synthesized rather than filmed [3].
Within this space, Image-to-Video (I2V) generation [20, 26,
46] is especially appealing: given a single reference im-
age and a textual instruction, an I2V model animates a still
frame into a temporally consistent, semantically rich video
clip. This capability is particularly valuable for product-
centric scenarios where a single catalog photo must be
turned into multiple compelling videos or hand-held show-
cases while preserving the exact appearance [18, 23, 37].

Despite this promise, preserving fine-grained object
identity under changing viewpoints remains challenging.
Existing I2V systems [26, 41, 46] frequently exhibit ap-
pearance drift or geometric distortion: identity shifts,
object shape warps, parts merge or disappear, and materi-
als or textures subtly change across frames. As illustrated
in Fig. 1, the glass gradually loses rigidity and appears to
merge, violating the preservation of object-centric appear-
ance. This failure to maintain instance-level consistency
is a major roadblock for deploying I2V generation in real-
world, high-stakes applications such as e-commerce, prod-
uct advertising, and training videos.

Prior works [24] have explored explicit spatial super-
vision as a way to improve appearance drift; however,
these methods are typically trained on small-scale curated
datasets and evaluated on benchmarks [21] that emphasize
semantic video quality rather than object identity. Conse-
quently, they provide limited insight into preserving consis-
tent object geometry and appearance, and they often fail to
generalize to real-world product scenarios. More broadly,
today’s I2V ecosystem suffers from two systemic limita-
tions: 1) The available data is insufficient, where exist-
ing datasets rarely contain close-up, object-centric, multi-
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Figure 2. Comparing Different Video Generation Paradigms.
Single-stream (T2V) uses only text tokens as context. Dual-stream
(I2V) concatenates text and 2D visual tokens with limited interac-
tion. Hybrid representations (Ours) pre-align text and visual to-
kens via fine-grained interaction before projection.

view videos that focus on identity continuity across space-
time; 2) Model architectures are not structurally equipped
to preserve identity. For instance, we find that T2V models
consistently outperform I2V models in identity-preserving
generation (e.g., CogVideoX-1.5 [54]: 95.77%→ 91.30%;
Wan2.1 [46]: 96.72%→91.84%; as shown in Table 1). We
attribute this gap to a fundamental architectural issue where
prevailing pipelines encode text and image inputs separately
and only fuse them lately in the network (Fig. 2).

Motivated by these observations, here we systematically
address the identity preservation issues in I2V generation
from both the data and model perspectives. On the data side,
we build ConsIDVid, a large-scale object-centric dataset
constructed through a scalable pipeline (Sec. 3.2) that se-
lects high-quality, temporally aligned videos of rigid ob-
jects, and establish ConsIDVid-Bench, a dedicated bench-
mark that reframes I2V evaluation as a multi-view consis-
tency problem. Instead of relying on scene-level or frame-
level scores, ConsIDVid-Bench incorporates geometry- and
appearance-aware metrics explicitly designed to capture
subtle distortions, shape inconsistencies, and within-object
drift across viewpoints and time.

On the modeling side, we propose ConsID-Gen, a
view-assisted I2V generation framework designed to ex-
plicitly encode appearance consistency and geometric sta-
bility. ConsID-Gen augments the single reference frame
with unposed auxiliary views of the same object, allow-
ing the model to recover richer structural cues to build a
stable representation of object identity. These visual in-
puts are processed through a dual-stream visual–geometric
encoder that captures both semantic appearance features
and multi-view geometry. A multimodal text–visual con-
nector then aligns these cues with textual motion instruc-
tions to produce unified conditioning for a diffusion-based
video backbone. Our experimental results demonstrate
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that ConsID-Gen improves identity-preserving video gener-
ation. It delivers state-of-the-art identity fidelity on the pro-
prietary subset and strong geometric preservation, achiev-
ing the lowest MEt3R (+30.2%) on the proprietary set and
the lowest Chamfer Distance (+7.26%) on the public set.

Our main contributions are threefold: (i) A holistic
I2V benchmark for identity preservation, with a diverse
dataset and a novel multi-view evaluation suite; (ii) ConsID-
Gen introduces unified representation before diffusion, with
multi-view guidance and improved cross-modal alignment;
(iii) Showing that ConsID-Gen outperforms open-source
SOTAs in identity consistency and in human evaluation.

2. Related Works

2.1. Video Generation Models.

Text-Guided Video Generation. Driven by breakthroughs
in visual generation and enhancement [36, 55, 60], the gen-
eration of videos from textual descriptions has garnered sig-
nificant scholarly interest in the past year, spurred by ad-
vancements ranging from Sora [34] to MovieGen [38], Gen-
4 [42], Sora2 [35], Kling [27, 44], Veo 3 [10], and others.
In particular, Sora, which synthesizes a temporal Variational
Autoencoder (VAE) with a DiT backbone, represents a crit-
ical achievement that has stimulated extensive architectural
research within open-source communities. Prominent stud-
ies such as CogVideo [19] and CogVideoX [54] utilize a
three-dimensional variational autoencoder coupled with an
expert Transformer. HunyuanVideo [26] and Mochi 1 [15]
implement asymmetric architectures and comprehensive at-
tention mechanisms to improve the alignment between tex-
tual and video data. Wan2.1 [46] enhances the model ca-
pacity, while Wan2.2 [47] incorporates a sparse Mixture-
of-Experts (MoE) approach, which delegates the diffusion
process to specialized experts, thereby effectively capturing
intricate motion dynamics.
Text-Image-Guided Video Generation. Despite recent
advances, text-only prompting in T2V affords limited con-
trol over content and appearance. A promising alterna-
tive is to extend pretrained video generators by modifying
their architecture to incorporate image conditions. Within
this paradigm, DynamiCrafter [52] and Moonshot [56] in-
ject image embeddings via cross-attention layers. Con-
sistI2V [41] applies spatial–temporal attention to the first
frame coupled with a frequency-aware noise initialization
strategy to enhance temporal coherence. SVD [6] and
CogVideoX [54] extend T2V to I2V by channel-wise con-
catenation of conditional latents with noise. Wan2.1 [46]
adopts mask-guided conditioning and injects image em-
beddings via decoupled cross-attention. Furthermore, such
conditioning techniques are adapted for subject-to-video
generation [12, 28, 30] and video editing [14, 25] to ensure
identity preservation and precise modification.

2.2. Video Generation Evaluations.
Evaluations Metrics for Video Generation. With ad-
vances in generation, systematic evaluation of video qual-
ity has become increasingly crucial. Early works relied on
distribution-based metrics such as Fréchet Video Distance
(FVD) [45] and its variants [33], which, despite widespread
use, offer limited correspondence to human perception.
Several T2V evaluation benchmarks like VBench [21] pro-
vide structured, multi-dimensional evaluations focusing on
fundamental visual attributes and prompt adherence, but
their dependence on generic similarity models restricts fine-
grained assessment. More recently, VLM-driven evalua-
tors [5, 17, 53, 58] leverage inherent vision–language un-
derstanding to score intrinsic faithfulness; UVE [31] further
unifies this paradigm by prompting a VLM to perform both
single-video rating and pairwise comparison under aspect-
specific guidelines. Nevertheless, VLM-based approaches
remain sensitive to prompt design and model bias.

3. ConsIDVid Dataset & Benchmark Curation
Prior methods [24] were trained on small, minimally cu-
rated appearance-preserving datasets (∼ 600 videos), which
limits identity-consistent modeling. In response, we present
ConsIDVid, a large-scale object-centric, identity-preserving
video dataset curated via a scalable pipeline, together with
an object-preserving benchmark for standardized evaluation
of I2V models. We illustrate the data curation pipeline in
Fig. 3 and present its stats in Fig. 4.

3.1. Video Collection
To mitigate data scarcity, we curated a candidate dataset
from three sources: (i) existing object-centric datasets
(Co3D [40], OmniObject3D [51], Objectron [1]); (ii) pro-
prietary monocular videos; and (iii) synthetic videos. Co3D
provides in-the-wild, object-centric videos across 50 MS-
COCO categories; OmniObject3D comprises 6,000 objects
spanning 190 categories with accompanying real-world
videos; Objectron offers ∼15,000 short clips across nine
categories collected in 10 countries.

To further investigate the aspect of realism and practi-
cality, we experiment on over 80 hours of object-centric
monocular UGC from public e-commerce platforms, where
each clip primarily showcases a single product; many en-
tries include unposed, multi-view images of the same item
for instance-level supervision. We also synthesize object-
centric sequences using a video generator conditioned on
first and last keyframes, yielding temporally coherent clips
suitable for identity-preserving training.

3.2. Data Curation Pipeline
Video Preprocessing. In the initial stage, we convert image
sequences into standardized video clips and perform valid-
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Figure 3. Data Curation Pipeline. We curate and synthesize videos from diverse sources, followed by an automated data curation pipeline
to ensure visual and temporal quality. Video captions are produced by Qwen2.5-VL via a hierarchical captioning strategy.

ity checks using FFmpeg. These steps remove a substantial
fraction of unusable media at the outset of the pipeline.
Video Quality Filtering. We implement a multi-faceted
video quality filter to remove unsuitable content: (i) Du-
ration and resolution: each clip contains at least 81
frames and meets a minimum resolution of 320p; (ii)
Brightness and blur: we prune the bottom/top 5% of
the luminance and Laplacian-variance distributions to re-
move under-/over-exposed and excessively blurred clips;
(iii) Semantics-aware splitting: a two-stage procedure first
detects shot boundaries and then stitches adjacent seg-
ments using frame-embedding similarity to correct over-
segmentation, handle fade-in/out transitions and long un-
cut sequences, and reduce redundancy (cf. Panda-70M [8]);
(iv) Aesthetics: we apply the LAION-5B [43] aesthetics
predictor on 10 uniformly sampled frames to discard low-
quality videos whose mean score is below 3.0. To ensure
scalability, proprietary videos are clustered and processed
in batches under the same pipeline.
Image Filtering. We curate proprietary unposed multi-
view object images with cascade image filters: (i) validity
& exact deduplication: eliminate corrupt files and MD5 du-
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Figure 4. Statistics of video clips in ConsIDVid. The dataset in-
cludes diverse distributions of data source and video duration.

plicates; (ii) OCR suppression: discard images containing
more than 30 detected characters; (iii) semantics-aware out-
lier removal: apply CLIP-based [39] reference matching to
a curated outlier gallery and per-item embeddings clustered
by DBSCAN, retaining the dominant cluster.

3.3. Hierarchical Video Captioning
The accuracy of captions is crucial for training video gener-
ation models. While Mixture-of-Multimodal-Experts cap-
tioning improves detail, its multi-model, multi-step infer-
ence is costly. By leveraging our object-centric dataset,
we propose a two-stage hierarchical captioning protocol
that produces fine-grained, temporally grounded video–text
pairs with low computational overhead. We use Qwen2.5-
VL [4] as the captioner and uniformly sample frames.
Stage 1: Appearance-aware Captioning. From a small
frame subset (e.g., 12), produce a caption restricted to the
primary object’s visible attributes. The prompt restricts
content to 5–7 concrete cues: category; color/pattern; ma-
terial/finish/texture; shape/form factor; size/scale; notable
parts; wear/defects; readable text/logos. Camera behavior,
background context, and usage speculation are prohibited.
Stage 2: Temporal-aware Captioning. Conditioned on
the Stage 1 caption and a larger frame set (e.g., 24), it gener-
ates a fluent caption that integrates 3–5 key appearance de-
tails with verified dynamics: camera motion, human–object
interactions, and object motion.

3.4. Synthetic Video Generation
To enrich object- and viewpoint-level diversity, we synthe-
size videos from MVImgNet2.0 [16] multi-view imagery.
For each object, we select two representative views as start
and end frames and extend video generator [57] into an
interpolation variant. This produces smooth temporal se-
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Figure 5. Overview of ConsID-Gen. The model takes as input the first frame, two uncalibrated images, and a text instruction. Our
Dual-Visual Encoder combines a Visual Encoder and a Geometry Encoder to extract visual-appearance and geometric representations. A
unified multimodal interaction projector then fuses these features with the prompt to generate conditioning tokens for the DiT backbone.

quences that preserve geometric consistency. Prompts are
generated by Qwen2.5-VL [4], conditioned on the chosen
start/end frames.

3.5. ConsIDVid-Bench

To evaluate beyond scene-level semantics and frame-level
fidelity, we introduce ConsIDVid-Bench, an object-centric
benchmark for assessing identity preservation in I2V gen-
eration. It aims to measure whether a generator maintains
consistent object geometry and appearance under dynamic
object or camera motion. By reformulating video eval-
uation as a multi-view consistency problem, ConsIDVid-
Bench provides metrics sensitive to fine-grained appearance
drift and geometric distortions over time.
Task Definition. Given an object-centric reference image
Iref and a driving prompt y, the model is required to generate
a temporally coherent video that maintains the object’s ge-
ometric and textural consistency while incorporating plau-
sible object or camera motion.
Evaluation Metrics. We assess identity preservation with a
comprehensive metric suite: Chamfer Distance (CD), com-
puted between 3D point sets reconstructed from the input
and synthesized views, capturing global shape alignment
and geometric stability over time; MEt3R [2], which ap-
plies DUSt3R [49] to obtain dense pairwise reconstructions
and measures cross-view feature similarity after projection;
Video Similarity (CLIP-based) to measure global realism
and content consistency; and Object Similarity, as illus-

trated in the supplementary, which uses DINO-based fea-
tures on segmented objects to assess identity preservation.

4. Method
In this section, we introduce ConsID-Gen, a view-assisted
model for identity-preserving video diffusion. Given a first
frame I0, two uncalibrated auxiliary images V = {V1, V2}
of the same object, and a text instruction y, our goal is to
synthesize a video X = {Xt}Tt=1 that maintains the object’s
identity throughout time.

4.1. Model Architecture
As illustrated in Fig. 5, the model consists of a dual-visual
encoder, a unified text–visual interaction projector, and a
DiT backbone. We build on Wan2.1 and explore strategies
that strengthen identity preservation by jointly exploiting
appearance and geometric cues. Before detailing compo-
nents, we motivate our dual-encoder formulation and the
pre-alignment of visual and textual features.
What hinders visual-conditioned I2V? Current I2V
pipelines derive dynamics from a first frame and a driving
text prompt. The first frame is encoded by a pre-trained 2D
encoder (e.g., CLIP [39]) into semantic condition features
that are fused with textual tokens via simple concatenation
and a lightweight connector. While effective for high-level
recognition, such 2D features under-represent fine-grained
structure. During temporal synthesis the model tends to hal-
lucinate missing spatial details, which leads to cumulative

1857



Table 1. Comparison of T2V and I2V models on identity preser-
vation using automatic VBench metrics.

Auto. Metrics

Method T2V-S T2V-B I2V-S I2V-B

CogVideoX1.5-T2V [54] 95.77 96.31 – –
CogVideoX1.5-I2V [54] 91.30 93.01 91.52 96.29
Wan2.1-T2V [46] 96.72 97.10 – –
Wan2.1-I2V [46] 91.84 93.56 96.60 97.23

appearance drift and geometric distortions, particularly for
rigid objects and under viewpoint changes. The core bot-
tleneck is twofold: 2D observations are sparse and cross-
modal alignment is weak, which together under-constrain
the object geometry and its identity over time. Consistent
with this diagnosis, Table 1 shows that single-stream T2V
models, which do not require alignment between sparse vi-
sual and textual representations, tend to achieve stronger
identity consistency.

We stabilize identity-preserving I2V by (i) anchoring ob-
ject shape and appearance with unposed multi-view refer-
ence imagery and (ii) introducing a dual-path visual repre-
sentation that couples a semantic 2D encoder E2D with a
geometry-aware encoder Egeo pre-trained to recover struc-
tural cues. The first frame, augmented with V , provides lo-
cal constraints on appearance and geometry, while the text
prompt y supplies global control over scene dynamics. A
dedicated connector gϕ aligns and fuses semantic and geo-
metric features with textual tokens, which mitigates modal-
ity misalignment and yields unified conditioning tokens for
the DiT backbone fθ. We next detail these core components
of the design.

4.2. Dual-Visual Encoder
Our model employs a dual-visual encoder composed of a
2D encoder E2D and a geometry encoder Egeo.
2D Encoder. We use a CLIP-style image encoder E2D to
extract semantic appearance tokens from the first frame:

F2D = E2D(I0), F2D ∈ R⌊H/p2D⌋×⌊W/p2D⌋×d2D ,

where H × W is the image resolution, p2D is the patch
size, and d2D is the feature dimension. These tokens pro-
vide high-level appearance priors for subsequent fusion.
Geometric Encoder. To complement semantic cues with
geometry structure, we use VGGT [48] as the geome-
try backbone Egeo. Given unposed auxiliary views Ṽ =
{I0, V1, V2}, each image is patchified and processed with
alternating frame-wise and global self-attention to get dense
geometry-aware tokens:

Fgeo = Egeo(Ṽ), Fgeo ∈ R3×⌊H/pgeo⌋×⌊W/pgeo⌋×dgeo ,

where pgeo and dgeo denote the patch size and feature width
of the geometry encoder, respectively. We retain the dense
structural tokens for fusion with F2D.

4.3. Multi-visual-text interaction
After extracting semantic tokens F2D and geometry-aware
tokens Fgeo, we introduce a connector gϕ bridging modality
gaps. It comprises a Multi-Modal Visual–Geometric Mod-
ule (MVGM) that injects structural cues from Fgeo into ap-
pearance tokens F2D, and a Multi-Modal Text–Visual Mod-
ule (MTVM) that aligns the fused visual representation with
text T for fine-grained interaction.
Multi-Modal Visual–Geometric Module. Motivated by
the dual-stream architecture of the Multimodal Diffusion
Transformer (MMDiT) [11, 50], which enables effective
alignment between visual and textual modalities, we extend
this paradigm to the visual–geometric domain to achieve
joint modeling of semantic appearance and 3D structure.
Specifically, the MVGM fuses appearance tokens F2D with
geometry-aware tokens Fgeo extracted from the first frame
I0 through a dual-stream attention mechanism, enabling
bidirectional interaction between semantic and structural
cues. Furthermore, geometric features from the two aux-
iliary views V are integrated via cross-attention with the
MVGM outputs, injecting multi-view structural priors that
reinforce spatial and geometric consistency.
Multi-Modal Text–Visual Module. Building on the fused
visual–geometric representation, the MTVM further aligns
vision and language within a dual-stream attention mecha-
nism. In this stage, textual features dynamically modulate
the visual stream, while visual representations provide com-
plementary cues to the text.

5. Experiments

In this section, we conduct comprehensive qualitative and
quantitative evaluations of popular I2V generators and our
proposed ConsID-Gen to assess their capability for identity-
preserving video generation.

5.1. Experimental Settings
Implementation Details. We build our model upon
Wan2.1-Fun-1.3B-InP [46], which generates 81-frame
video clips at a 832 × 480 resolution. For training, we em-
ploy the AdamW optimizer with a learning rate of 10−4. We
use a per-GPU batch size of 1 with gradient accumulation
over 4 steps (effective batch size 4). The model is trained
for 33K steps. All experiments are conducted on NVIDIA
A100 (80GB) GPUs. During inference, we utilize 50 sam-
pling steps and a classifier-free guidance (CFG) scale of 5.
Evaluation Metrics. To evaluate identity consistency and
temporally coherent dynamics, we adopt established met-
rics from the VBench-I2V [22] suite: Subject Consistency,
Background Consistency, Motion Smoothness, and Tem-
poral Flickering. To further assess the fidelity of identity
preservation, we employ geometry-aware metrics, includ-
ing MEt3R, Chamfer Distance, and Video Similarity.
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Table 2. Quantitative comparison on the proprietary subset of ConsIDVid-Bench. We evaluate model performance using VBench-I2V
suite, Video Similarity, Object Similarity, Chamfer Distance, and MEt3R metrics. Best and second-best scores are highlighted

Method
I2V

Subject
I2V

Background
Subject

Consistency
Background
Consistency

Motion
Smoothness

Temporal
Flickering

Video
Similarity

Object
Similarity

Chamfer
Distance MEt3R

Wan2.1-1.3B [46] 96.22 97.12 91.03 94.57 99.33 98.84 87.15 66.9 0.1064 0.1401
SkyReelv2 [7] 94.03 95.21 85.61 92.04 98.71 97.42 85.33 59.5 0.1107 0.2177
ConsistI2V [41] 94.93 93.42 91.41 94.07 98.25 96.72 82.48 62.0 0.1429 0.1614
Wan2.2-5B [47] 96.85 97.57 91.99 94.82 98.93 98.10 88.69 68.6 0.0921 0.1826
CogVideoX1.5-5B [54] 91.69 96.31 90.03 93.14 98.47 97.70 84.14 60.1 0.1194 0.1518
HunyuanVideo [26] 95.24 96.15 90.40 93.27 98.38 97.55 86.59 64.3 0.1017 0.2270
Wan2.1-14B [46] 96.14 96.86 90.37 94.14 98.89 98.05 87.33 67.9 0.0866 0.1572

ConsID-Gen 98.31 98.66 95.30 96.10 99.52 99.24 88.65 69.2 0.0996 0.0978

Table 3. Quantitative comparison on the public subset of ConsIDVid-Bench. We evaluate model performance using VBench-I2V suite,
Video Similarity, Object Similarity, Chamfer Distance, and MEt3R metrics. Best and second-best scores are highlighted.

Method
I2V

Subject
I2V

Background
Subject

Consistency
Background
Consistency

Motion
Smoothness

Temporal
Flickering

Video
Similarity

Object
Similarity

Chamfer
Distance MEt3R

Wan2.1-1.3B [46] 97.34 97.71 92.86 94.09 99.32 98.48 83.37 69.1 0.1503 0.1324
SkyReelv2 [7] 96.59 97.00 91.67 93.23 99.16 97.92 84.80 68.0 0.1500 0.1526
ConsistI2V [41] 95.38 92.25 91.98 93.32 97.67 95.48 79.22 62.4 0.1700 0.1601
Wan2.2-5B [47] 98.47 98.64 94.02 94.39 98.85 97.47 84.81 71.6 0.1386 0.1591
CogVideoX1.5-5B [54] 91.26 96.14 90.58 92.05 98.91 97.84 80.26 61.5 0.1589 0.1409
HunyuanVideo [26] 96.66 96.88 92.16 93.20 98.36 97.20 83.00 67.4 0.1377 0.2126
Wan2.1-14B [46] 98.29 98.49 94.90 94.74 99.15 98.16 84.45 72.2 0.1322 0.0961

ConsID-Gen 98.14 98.49 94.81 95.19 99.22 98.33 84.95 71.8 0.1277 0.1321

Evaluation Datasets. We conduct quantitative evaluation
using our proposed ConsIDVid-Bench. As detailed in Sec-
tion 3.5, this benchmark is specifically designed to assess
identity preservation and comprises two subsets: the pro-
prietary subset (241 videos), which consists of the videos
depicting the product of popular e-commerce listings, and
the public subset (370 videos), built from existing object-
centric datasets and synthetic videos.

5.2. Quantitative Evaluations
Results on the proprietary Subset. Table 2 presents the
evaluation results on our proprietary subset. ConsID-Gen
achieves state-of-the-art (SOTA) performance across the
VBench-I2V suite. Compared to the strong Wan2.2 [47],
ConsID-Gen demonstrates higher identity fidelity, achiev-
ing a 3.6% higher score in Subject Consistency. No-
tably, ConsID-Gen yields a substantially lower score in the
geometry-aware MEt3R [2] metric, demonstrating superior
multi-view consistency. While Wan2.2 leads slightly in
Video Similarity and Wan2.1-14B achieves the best Cham-
fer Distance, ConsID-Gen remains highly competitive.
Results on the public Subset of ConsIDVid-Bench.
As shown in Table 3, ConsID-Gen demonstrates highly
competitive performance on the public subset. Notably,
ConsID-Gen achieves superior performance in geometric
and fidelity metrics, achieving the top scores for both
Chamfer Distance and Video Similarity. However, we ob-
serve that ConsID-Gen yields suboptimal results for I2V

Subject and I2V Background compared to other meth-
ods [47]. We partially attribute this to a qualitative artifact:
when the input contains distracting structures (e.g., grid pa-
per), our generated videos occasionally suffer from degra-
dation or collapse, a phenomenon that is analyzed in detail
in the supplementary.

5.3. Qualitative Evaluations
Figure 6 presents the qualitative comparisons between
ConsID-Gen and existing methods. As illustrated, ConsID-
Gen generates videos with strong identity preservation,
avoiding issues of appearance drift or geometric collapse. In
contrast, videos produced by existing popular methods ex-
hibit noticeable inconsistencies and temporal artifacts. For
instance, in the ”gemstone” example (left), methods [7, 26]
suffer from object jitter and severe scene changes. In the
”ring” example (right), other methods [54] fail to maintain
geometric integrity, causing the subject to visibly deform.

5.4. Ablation Studies
Effect of Key Components. We conduct ablation studies
to validate our key architectural components. Due to com-
putational resource constraints, these ablated models were
finetuned on 50% of the training data and evaluated on a
randomly sampled 60-video subset. The results in Table 4
reveal a clear progression: we find that the geometry en-
coder (“+ Geo Enc.”) in isolation provides no significant
benefits over the baseline. However, further adding multi-
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Figure 6. Qualitative comparison with popular I2V methods. ConsID-Gen maintains the identity and geometry of objects in challenging
scenarios. Compared to existing methods, our results demonstrate superior geometric fidelity and temporal coherence.
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Figure 7. Qualitative results of the ablation study. ConsID-Gen
maintains consistent identity across longer temporal spans.

ple unposed, view-assisted images (“+ View-Asst.”) yields
a clear improvement. These findings are further supported
by what is illustrated in Figure 7, where we observe that
direct finetuning Wan2.1 still leads to noticeable identity
shift in the early frames of the generated videos. Incor-

Table 4. Quantitative ablation of key components. We evaluate
model performance using VBench metrics and Video Similarity.

Method I2V-Subj I2V-Back Subj-Cons. Back-Cons. Video-Sim.

Baseline 96.30 97.16 90.83 94.97 87.75
+ Geo Enc. 96.29 97.37 89.65 93.44 86.19
+ View-Asst. 96.97 97.85 91.87 94.33 87.35

ConsID-Gen 98.48 98.85 95.13 96.20 88.25

porating the geometry encoder and view-assisted images is
able to alleviate this issue to some extent. However, our full
ConsID-Gen model that fuses text and visual cues ensures
long-range identity stability.

6. Conclusion

In this paper, we discuss the preservation of identity in I2V
from both the data and the model perspectives. On the
data side, we curate ConsIDVid, a large-scale object-centric
dataset, and introduce ConsIDVid-Bench, which reframes
evaluation as multi-view consistency to capture precise geo-
metric and appearance drift. On the model side, we propose
ConsID-Gen, a View-Assisted Video Generation frame-
work that augments the first frame with unposed auxiliary
views and performs fine-grained pre-alignment via dual-
stream visual–geometric fusion and a text–visual connector.
Across proprietary and public subsets of ConsIDVid-Bench,
our model consistently exceeds baselines with stronger
identity fidelity under challenging real-world scenes.
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