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Abstract

Consistent pose-driven character animation has achieved remarkable progress in
single-character scenarios. However, extending these advances to multi-character
settings is non-trivial, especially when position swap is involved. Beyond mere
scaling, the core challenge lies in enforcing correct Identity Correspondence (IC)
between characters in reference and generated frames. To address this, we introduce
EverybodyDance, a systematic solution targeting IC correctness in multi-character
animation. EverybodyDance is built around the Identity Matching Graph (IMG),
which models characters in the generated and reference frames as two node sets in
a weighted complete bipartite graph. Edge weights, computed via our proposed
Mask–Query Attention (MQA), quantify the affinity between each pair of charac-
ters. Our key insight is to formalize IC correctness as a graph structural metric
and to optimize it during training. We also propose a series of targeted strategies
tailored for multi-character animation, including identity-embedded guidance, a
multi-scale matching strategy, and pre-classified sampling, which work synergisti-
cally. Finally, to evaluate IC performance, we curate the Identity Correspondence
Evaluation benchmark, dedicated to multi-character IC correctness. Extensive
experiments demonstrate that EverybodyDance substantially outperforms state-of-
the-art baselines in both IC and visual fidelity.

1 Introduction

Character animation aims to generate video sequences from still images guided by specific pose
sequences [1; 2]. Unlike text-driven generation focusing mainly on high-level semantic alignment
[3; 4], it requires a dual fidelity: maintaining consistent visual appearance—including fine-grained
details and accurately performing complex motion sequences [5; 6]. This requirement has generated
significant research interest [7; 8; 9; 10; 11; 12].

Despite significant advances in single character animation generation (e.g. [8; 9; 13; 14; 12]),
extending these methods to multi-character scenarios introduces unique challenges (see Figure 1).
The key challenges are twofold. First, in multi-character scenarios, characters can swap relative
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Figure 1: The left panel highlights the challenges of extending existing methods to multi-character
scenarios. The yellow box indicates feature interference between characters, while the red box marks
identity mismatches. The right panel illustrates our method's accurate identity correspondence.

positions, leading to identity confusion. Furthermore, the appearances of different characters can
interfere with one another. Existing single-character animation approaches [14; 13; 9; 10; 12] are
mainly based on implicit data-driven paradigms. In multi-character scenarios, such paradigm struggles
to guarantee accurate one-to-one correspondence between generated and reference characters (see
Section 4.3). Empirical results demonstrate that state-of-the-art methods often struggle to achieve
satisfactory Identity Correspondence (IC) under these conditions (see Section 4.2).

To address these limitations, we propose an explicit modeling framework, which directly captures the
correspondence between generated characters and their reference counterparts. Our method enforces
correct IC between characters during training. Speci�cally, we introduce a weighted complete
bipartite graph, Identity Matching Graph (IMG), whose two node sets represent generated/reference
characters. Edge weights, derived by our proposed Mask–Query Attention (MQA), quantify the
af�nity between each generated/reference pair. A global matching score derived from the IMG
provides a direct, optimizable objective for IC correctness. Integrating IMG into training achieves
disentanglement of multiple characters and yields more accurate IC for multi-character animations.
The construction process of IMG is dynamic, making it scalable for any number of characters.

To resolve the ambiguity of motion guidance in multi-character scenarios, we designed Identity
Embedded Guidance (IEG). IEG provides clear anchors for each character throughout both training
and inference. During the training phase, IEG and IMG work synergistically to create a guidance-
supervision loop. To further strengthen the robustness of IC, we employ a suite of targeted im-
provements. First, to enforce the correct correspondence across the entire feature hierarchy, we
introduce a multi-scale matching strategy. In addition, to address the long-tail distribution of the
multi-character dataset, we propose a pre-classi�ed sampling strategy to ensure that dif�cult and in-
frequent position-swap samples receive suf�cient emphasis during training. To rigorously evaluate IC
performance under complex multi-character conditions, we also present the Identity Correspondence
Evaluation (ICE) benchmark, designed to challenge and compare SOTA methods on their ability to
maintain correct IC.

Our main contributions are summarized as follows: (1) Graph-Based IC Modeling: We propose
the Identity Matching Graph (IMG), a weighted complete bipartite graph that explicitly models
IC in multi-character animation, whose edge weights are computed via our proposed Mask–Query
Attention (MQA). (2) Targeted Strategies: We propose a series of targeted strategies, including
identity-embedded pose guidance, a multi-scale matching strategy and a pre-classi�ed sampling
strategy, all tailored to multi-character animation. (3) ICE Benchmark: We curate the benchmark,
ICE, for comprehensive evaluation in multi-character animation. Extensive evaluations demonstrate
that our approach signi�cantly outperforms SOTA baselines in both IC accuracy and visual �delity.

2 Related Work

2.1 Diffusion Models

Diffusion Models gradually corrupt data by adding Gaussian noise and learn a reverse denoising
process to model complex distributions [15; 16; 17; 18]. At inference, samples are generated by
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starting from pure noise and iteratively denoising with the trained model [19; 20]. Extensions to
latent diffusion operate in compressed feature spaces for ef�cient high-resolution and text-to-image
generation [21]. Beyond images, diffusion frameworks produce temporally coherent videos for facial
expression and dance generation [22; 9; 11]. Conditional diffusion enables �exible generation by
guiding the reverse process with model-free or classi�er-free cues [20; 23].

2.2 Video Generation

Early video synthesis relied on GAN-based [24] frameworks (e.g., TGAN [25]), which introduced
temporal shift modules to enforce frame-to-frame coherence. Diffusion-based approaches [26] extend
image diffusion models by integrating spatio-temporal conditioning or specialized temporal attention
layers, as seen in Tune-A-Video's[27] tailored spatio-temporal attention and MagicVideo's [28]
directed temporal attention module in latent space. Transformer-centric models such as Video
Diffusion Transformer (VDT) [29] and Matten [30] leverage modular temporal and spatial attention
(e.g., Mamba-Attention [31]) to capture long-range dependencies and global video context. Training-
free extensions such as FreeLong [32] employ a SpectralBlend temporal attention mechanism to adapt
pretrained short-clip diffusion models for long-video generation, maintaining both global consistency
and local detail without additional training. Recent video super-resolution and editing techniques
employ temporal-consistent diffusion priors to reduce �icker and preserve object appearance, further
enhancing smoothness in tasks from animation to real-world scene synthesis [33].

2.3 Human Image Animation

Early GAN-based methods [34; 6; 35; 36; 37; 38; 39; 40] used appearance �ow for feature warping
but suffered from adversarial training issues such as mode collapse and motion inaccuracy [9]. More
recent work [12; 9; 10; 7; 8; 11; 13; 41; 42; 43; 44; 45; 46] based on diffusion models, which offers
stable training [47]. Disco [8] uses ControlNet [48] for disentangled pose–foreground–background
control. ReferenceNet [9] improves �ne-detailed consistency by injecting the appearance of a
reference frame into the denoising UNet. Recent work has also made valuable contributions to
multi-character scenarios. Ingredients [49] focuses on text-controlled multi-character layout, Follow-
Your-Pose-V2 [50] focuses on scenes where characters maintain �xed relative positions.

3 Method

Identity Correspondence (IC), a one-to-one matching between each generated character and its
counterpart in the reference frame, becomes especially critical when characters swap positions.
Existing character animation methods [8; 9; 11; 13] typically rely on end-to-end training losses that
capture only global similarity, often failing to enforce correct IC in such scenarios (see Section 4.3).

Section 3.1 introduces our formulation of the Identity Matching Graph (IMG). Section 3.2 explains
how the IMG is constructed. Section 3.3 presents our targeted strategies for multi-character animation.

3.1 Problem Formulation

Concretely, we construct a weighted complete bipartite graph between the reference (ref) and the
generated (gen) characters in each frame. The node setR = fr 1; : : : ; rm g representsm characters
ordered from left to right in the reference frame (numbered 1 tom), while the node setG =
fg 1; : : : ; gn g with n � m describesn characters in the generated frame. We de�ne the Identity
Matching Graph (IMG) as the following bipartite graph:

BID = (R; G; E; w); E = f(r i ; gj ) j 1 � i � m; 1 � j � ng; (1)
where the edge weightw(r i ; gj ) � 0 represents the af�nity (potential correspondence) betweenr i
andgj (see left panel of the Figure 2). During training, for each generated frame we construct its
IMG, yielding the setÊ of n � m edges (i.e., all possible correspondences between characters). We
denote the edge set ofn ground-truth correspondences byM � . Since the edges inM � represent the
correct IC, our objective is to increase their weights by training the UNet [51]. Therefore, we use the
following ratio C to quantify the correctness of IC as:

C =

P
(r i ;g j )2M � w(r i ; gj )

P
(r i ;g j )2 Ê w(r i ; gj )

2 [0; 1]; M � � Ê: (2)

3



Figure 2: The left panel illustrates what is the IMG. The target (tgt) frame indicates the ground truth
correspondence, indicating which edges belong to the set M� . The right panel shows how we build
the IMG. Since the regions inR do not overlap spatially, we sum allfr i gm

i=1 representations intor all.

LowerCindicates a more severe ambiguity. OptimizingCwill force the model to learn correct IC,
which will serve as a loss term during the training of the diffusion model. For example, in the left
panel of Figure 2, if the left generated characterg1 has a higher af�nity to reference characterr 1 than
its true counterpartr 2, by the IMG construction in Section 3.2, the edge weight for(r 2; g1) will be
a low value. Under the total loss de�ned in Equation 8, this low-weighted pairing incurs a penalty,
thereby driving the model to learn the correct inter-character correspondence.

3.2 Identity Matching Graph Construction

Node Construction. During training, the reference and generated frames are encoded into the latent
space [47]. Therefore, we propose to use the corresponding masked regions in the latent space to
represent each character, and then build the IMG nodes from those regions. We denotefM r

i g
m
i=1 as

the instance segmentation [52] masks of them reference characters, andfM g
j gn

j=1 represents the
masks of then (n � m ) generated characters. Since instance segmentation is performed of�ine on
the training set, we extract the masks for the generated frames from their corresponding ground-truth
target frames. This approach circumvents potential drawbacks in both ef�ciency and accuracy.

In a chosen UNet [51] layer `, we extract the intermediate reference and generated feature, denoted as
f r 2 R c�h r�w r

; f g 2 R c�h g�w g
, respectively.(h r; wr) and(hg; wg) are the sizes of the reference

and generated latent maps. Each mask is interpolated to match the spatial resolution of the correspond-
ing latent feature map:fM r

i = Interp(M r
i ) 2 f0; 1g h r�w r

; fM g
j = Interp(M g

j ) 2 f0; 1g hg�w g
: The

latent regions corresponding to these segmentation masks are treated as graph nodes ri ; gj as:

r i = f r � fM r
i ; gj = f g � fM g

j ; (3)

� denotes the Hadamard product, yielding reference nodes fri g1:m and generated nodes fgj g1:n .

Edge Construction. To compute the edge weightw(r i ; gj ) of the IMG, we propose the Mask–Query
Attention to estimate the af�nity betweengj andr i . It exploits the ability of the attention mechanism's
[53; 9] to capture spatial dependence. Each generated characterfg j g1:n

j=1 is transformed into a query
matrix Qj 2 R (h g�w g)�d ; and transfer each reference characterfr i gm

i=1 to a keyK i 2 R (h r�w r)�d .
The attention map Aji between ri and gj is calculated as:

A j
i = softmax

�
Q j K i

>
p

d

�
2 R (h g�w g)�(h r�w r) : (4)

A j
i [p; q]denotes the dependence from thep-th patch ofgj to theq-th patch ofr i . We use the score

Sj
i to re�ect the af�nity between generated character gj and reference character ri :

Sj
i =

X

q2V r
i

X

p2V g
j

A j
i [p; q]; Vg

j = fp j fM g
j [p] = 1g; Vr

i = fq j fM r
i [q] = 1g (5)
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Figure 3: Training pipeline of EverybodyDance. We only construct the IMG during training. We
additionally input the IEG of the reference image. ReferenceNet binds character identity by fusing
the reference image's appearance to create identity-aware features that guide the DenoisingNet.

Equation 5 aggregates patch-level dependencyA j
i into a node-level af�nity scoreSj

i , which re�ects
the overall correlation between the generated charactergj and the reference characterr i . In the
attention mapA j

i , each row corresponds to a patch in the generated latentgj , and each column
corresponds to a patch in the reference latentr i . To quantify the relative af�nity betweengj and
each reference characterfr i gm

i=1 , we �rst compute the set of af�nity scoresfS j
i gm

i=1 . Each scoreSj
i

aggregates patch-level attention scores fromA j
i across the masked regions de�ned byfM g

j and fM r
i .

We then normalize these scores to obtain the �nal edge weights fw(ri ; gj )gm
i=1 :

w(r i ; gj ) =
Sj

iP m
i=1 Sj

i + 

2 [0; 1); 
 = 10 �8 : (6)

Computing the pair-wise attentionA j
i for all m � n pairs is inef�cient. As shown in Figure 2 , we

aggregate all reference nodes into a single representation,r all =
P m

i=1 r i . Each generated nodegj
then computes attention againstr all . This optimization reduces the computational complexity from
O(m � n) to O(n) . Sincem andn are dynamically determined by the number of segmentation masks,
the IMG is built in a fully dynamic process that can be extended to any number of characters.

3.3 Targeted Strategies

Identity-Embedded Guidance Existing methods rely solely on pose guidance without incorporating
explicit identity information [54; 55; 35; 56], which complicates multi-character animation by lacking
reliable identity cues for correct Identity Correspondence (IC). To resolve this, we introduce Identity-
Embedded Guidance (IEG), which embeds identity into DWPose [54] by color-coding each skeleton
(see Appendix for details). The IEG from each reference frame is also injected into its feature space.

These colored skeletons serve to mark reference characters and guide the placement of corresponding
characters during generation, thereby enabling the model to differentiate identities during training
and inference. We provide explicit input cues (IEG) and a matching loss (IMG). Both originate from
the same segmentation masks to ensure alignment between guidance and supervision.

Multi-Scale Matching To improve training robustness and ensure correct IC across different feature
spaces, we perform Multi-Scale Matching (MSM) atN selected UNet [51] layersf`g N

`=1 . At each
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Table 1: Quantitative comparison on the ICE benchmark. Arrows indicate optimal direction (#=lower
better, "=higher better). AnimateAnyone* denotes the model �ne-tuned on our dataset.

Frame Quality Video Quality

Method SSIM" PSNR*" LPIPS# L1# FID# FID-VID# FVD#

AnimateAnyone [9] 0.616 14.97 0.339 5.16E-05 59.19 32.057 364.85
AnimateAnyone* [9] 0.596 14.67 0.342 5.35E-05 54.71 31.274 358.31
MimicMotion [14] 0.621 15.00 0.338 5.48E-05 60.77 26.490 381.69
MagicDance [12] 0.508 13.81 0.424 1.33E-04 53.30 47.127 471.71
MagicAnimate [10] 0.614 13.95 0.369 6.36E-05 76.28 42.257 521.67
UniAnimate [13] 0.623 15.66 0.328 3.41E-05 44.38 26.696 295.56
EverybodyDance 0.654 16.93 0.304 2.86E-05 40.19 23.584 225.06

layer ` we construct its IMG B(`)ID and compute layer-level IC score according to Equation 2:

C(`) =

P
(r i ;g j )2M � w(`) (r i ; gj )

P
(r i ;g j )2 Ê(`) w(`) (r i ; gj )

2 [0; 1]; (7)

wherew(`) (r i ; gj ) are the edge weights at layer`, M � are the ground-truth correspondences, and
Ê(`) is the full bipartite edge set at that layer. We then use the average off�C ` g1:N over allN layers
to be the matching lossL match . Minimizing L match thus encourages the model to maximize IC
correctness across all chosen scales, yielding more robust multi-character generation with accurate IC.
The full pipeline is illustrated in Figure 3. The �nal training objective consists of standard diffusion
reconstruction loss Ldi� and Lmatch , denoted as:

L = L di� + � L match ; � > 0; (8)

where � balances the frame quality against IC correctness.

Pre-Classi�ed Sampling Existing methods [11; 9; 10] typically select reference–target frame pairs
randomly from a training video. However, in multi-character scenarios, challenging sample pairs,
such as those involving position swaps, are relatively rare. To address this, we extract the position of
each character. Then, with probability� we draw from the pre-classi�ed challenging swap pairs, and
with probability 1 � � we conduct random sampling.

4 Experiment

4.1 Settings

Quantitative Metrics. To quantitatively evaluate the performance of different methods, we employ
several widely used metrics, including L1 [57], PSNR* [58; 6], SSIM [59], LPIPS [60], FID [24],
FID-VID [24], and FVD [61]. These metrics jointly provide a comprehensive evaluation.

Baselines. To validate the superiority of our method, we conduct extensive comparisons against
several SOTA methods: MagicAnimate [10], AnimateAnyone [9], MagicPose [12], MimicMotion
[14], Follow-Your-Pose-V2 [50] and UniAnimate [13].

Dataset and Other Details. We curated a custom multi-character dataset comprising approximately
800 video clips. For IC correctness evaluation, we introduce the ICE-bench, which contains 3,200
video frames. Our model is �ne-tuned based on the AnimateAnyone framework using this dataset.
For full descriptions of the training dataset and ICE-bench, other experiments, please refer to the
Appendix.

4.2 Comparison Study

We evaluate our method, EverybodyDance, on the ICE-Bench using both quantitative metrics and
qualitative showcases. As reported in Table 1, EverybodyDance achieves substantial improvements
over its backbone model, AnimateAnyone: it reduces the FVD score by 38.3%, indicating signi�-
cantly improved video �delity. To ensure these gains stem from our proposed targeted enhancements
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Figure 4: We compare our method with several state-of-the-art baselines. The last three rows illustrate
three particularly challenging scenarios: (1) reference images exhibiting complex, non-standard poses;
(2) target poses involving fewer character than the corresponding reference images; and (3) reference
characters undergoing severe occlusion. Under these dif�cult conditions, our method consistently
outperforms existing approaches, demonstrating accurate IC.

rather than dataset-speci�c biases, we additionally �ne-tuned AnimateAnyone on our dataset; even
so, it still fails to match the performance of EverybodyDance. Qualitatively, as shown in Figure 4 our
approach consistently achieves accurate character identity correspondences in challenging scenarios
such as position swaps, where existing methods often produce identity confusion or mismatches.

4.3 Ablation Study

To elucidate how our method enforces correct IC, we conduct a series of ablation experiments,
summarized in Table 2. The experiments are categorized into the following three groups:

Effectiveness of the Identity Matching Graph We compare our IMG-based approach against several
ablation variants: 1) t/w IEG: We �ne-tune the backbone model using IEG rather than DWPose. 2)
End2End: We provide the IEG of reference image, allowing the model to learn IC in an end-to-end
scheme. 3) End2End-M: We further use masks over each character's region to enforce the model to
focus on the corresponding region (see details in the Appendix).

As shown in the �rst group, introducing IEG alone yields some gains, while embedding identity cues
(End2End and End2End-M) into the reference image's feature space enables partial performance
improvements but remains insuf�cient. Only when IMG is incorporated to explicitly supervise
character-to-character correspondence, the model achieves a dramatic improvement.

We also present qualitative comparison results in Figure 5. Figure 6 visualizes attention maps for both
the IMG-based and end-to-end paradigms. We present visualizations ofr all alongside each generated
charactergj in Section 3.2. For eachg1 andg2, arranged from left to right, we display its af�nity
scores with all reference characters. To enable direct comparison, we include the corresponding
attention map visualizations from the End2End-M model. In the table, the columns labeled IMG-gj
and End2End-M-gj respectively illustrate the attention maps of g1 and g2 over the reference image.

Effectiveness of Multi-Scale Matching As demonstrated in the second group of experiments, a
progressive increase in the number of matching layers leads to consistent improvements in overall
performance.
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