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Figure 1. Ponimator enables versatile interaction animation applications anchored on interactive poses. For two-person images (top),
Ponimator generates contextual dynamics from estimated interactive poses (green box). For single-person images (middle) with optional
text prompts (bottom), Ponimator first generates partner interactive poses (magenta box) and then fulfill the interaction dynamics.

Abstract

Close-proximity human-human interactive poses con-
vey rich contextual information about interaction dynam-
ics. Given such poses, humans can intuitively infer the
context and anticipate possible past and future dynamics,
drawing on strong priors of human behavior. Inspired by
this observation, we propose Ponimator, a simple frame-
work anchored on proximal interactive poses for versatile
interaction animation. Our training data consists of close-
contact two-person poses and their surrounding temporal
context from motion-capture interaction datasets. Leverag-
ing interactive pose priors, Ponimator employs two con-
ditional diffusion models: (1) a pose animator that uses
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the temporal prior to generate dynamic motion sequences
from interactive poses, and (2) a pose generator that ap-
plies the spatial prior to synthesize interactive poses from
a single pose, text, or both when interactive poses are un-
available. Collectively, Ponimator supports diverse tasks,
including image-based interaction animation, reaction an-
imation, and text-to-interaction synthesis, facilitating the
transfer of interaction knowledge from high-quality mo-
cap data to open-world scenarios. Empirical experiments
across diverse datasets and applications demonstrate the
universality of the pose prior and the effectiveness and ro-
bustness of our framework. Codes and video visualization
can be found at https://stevenlsw.github.io/ponimator/
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1. Introduction

The interplay between humans plays a crucial role in our
daily lives. These interactions convey key social signals that
reflect relationships and intentions. For example, a simple
hug typically expresses closeness, a handshake serves as a
formal greeting, while combat indicates opposing stances.
A key observation is that interactive poses in close prox-
imity (e.g., handshake) carry rich prior information about
interaction dynamics. Specifically, a pair of such poses
reveals contextual cues about spatial relationships, con-
straints, and intent, often suggesting probable ranges of
past and future motions. These interactive poses can act
as a bridge for modeling interaction dynamics with reduced
complexity while inherently preserving prior knowledge of
close interactions.

In this paper, we present Ponimator, a novel framework
that leverages the dynamics priors embedded in interactive
poses through a generative model, demonstrating its ver-
satility across various interaction animation tasks. We de-
velop this interaction prior using a combination of two high-
quality human-human interaction datasets: Inter-X [60] and
Dual-Human [7]. From these datasets, we construct a col-
lection of two-person poses in close proximity, as shown
in Fig. 2, along with their preceding and subsequent inter-
action motions. Using this collection, we train a conditional
diffusion model to generate contextual interaction dynamics
given a pair of closely interactive poses.

We first demonstrate the application of our learned pose-
to-dynamic interactive priors for open-domain images. So-
cial interactions are frequently depicted in images, yet ex-
isting works [7, 9, 10, 36] typically focus only on recon-
structing static interactive poses, lacking the temporal dy-
namics of these interactions. Meanwhile, video diffusion
models [3, 16, 18] can animate images over time but of-
ten struggle to maintain motion and interaction integrity.
In contrast, Ponimator seamlessly transfers learned interac-
tion prior knowledge from high-quality 3D mocap datasets
to these in-the-wild images through estimated interactive
poses, as shown in Fig. 1 (top). For broader applications,
we developed an additional conditional diffusion model
that leverages the spatial prior to generate interactive poses
from multiple input types, including text descriptions, sin-
gle poses, or both. Thus, when only a single person appears
in an image, Ponimator can first generate a partner pose with
an optional text prompt, and then animate the interactive
poses over time (see Fig. 1). Furthermore, by anchoring on
these interactive poses, Ponimator is able to generate short-
clip two-person motions with proximal contact (see Fig. 8)
directly from text input.

Our key contributions are summarized as follows: 1) We
present Ponimator, a simple framework designed to learn
the dynamics prior of interactive poses from motion cap-
ture data, particularly focusing on proximal human-human
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Figure 2. Interactive poses refer to two-person poses in proxim-
ity and close contact. The top row displays interactive ( ) and
non-interactive (red) poses within one sequence. Interactive poses
allow observers to intuitively infer the temporal context, while
non-interactive poses are more ambiguous and difficult to inter-
pret. The bottom row showcases common daily interactive poses.

interaction animations; 2) The learned prior is universal and
generalizes effectively to poses extracted from open-world
images, enabling animation of social interactions in human
images; 3) Ponimator can generate interactive poses from
a single-person pose, text, or both, combined with interac-
tive pose animation, enabling diverse applications including
reaction animation and text-to-interaction synthesis.

2. Related work

Human-human Interactions in Images. Human—human
interactions are prevailing in social images. Significant
progress has been made in interactive pose estimation [9,
10, 36] and interaction sequence reconstruction [19, 55].
Ugrinovic et al. integrate a physical simulator into the hu-
man mesh recovery pipeline to capture the physical signif-
icance of interactive poses. Huang et al. [19] use Vector-
Quantised representation learning and specialized losses to
learn a discrete interaction prior, but suffer from limited in-
terpretability and generalization. In contrast, our method di-
rectly anchors on interactive poses for interaction modeling
without relying on additional physical simulators or intri-
cate model designs. Our simple and interpretable prior gen-
eralizes well to in-the-wild settings, adhering to the princi-
ple that simplicity leads to robustness. The interactive pose
prior is also explored in BUDDI [36], which estimates two-
person static poses from images but is limited to static pose
modeling and overlooks the rich dynamics of interactions.
In contrast, our work unlocks interactive motions for both
animation and generation in arbitrary open-world images.

Human-human Motion Synthesis. Generating human
motion dynamics has been a long-standing task [I, 2,
26, 27, 30, 35]. Utilizing generative models have gained
widespread popularity recently [12—14, 24, 25, 28, 40, 41,
53, 54, 58, 59, 65, 66]. With the success of applying gener-
ative models in single-person motion synthesis and the re-
lease of large-scale two-person interaction datasets, such as
InterGen [29] and Inter-X [60], there has been a surge in
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Figure 3. Framework overview. Ponimator consists of a pose generator and animator, bridged by interactive poses. The generator takes
a single pose, text, or both as input to produce interactive poses, while the animator unleashes interaction dynamics from static poses.

research [5, 6, 11, 23, 32, 33, 42, 46, 47, 49, 53, 54, 61]
focused on multi-person motion generation. However, most
existing studies generate two-person motions following in-
put text, but often overlooking close-contact dynamics. For
example, Liang et al. [29] proposed a diffusion model for
two-person motion generation, but it relies on detailed text
input and struggles with realistic interaction. In contrast,
our framework focuses on short-range interactions by lever-
aging generalizable interaction priors from static interactive
poses, naturally ensuring physical contact between individ-
uals and seamlessly generalizes to open-world scenarios.
Human-human Motion Prediction. A body of work fo-
cuses on tracking multi-person motions from videos [21,
22, 48], forecasting future multi-person motions based on
past movements [15, 39, 51, 52, 57, 62, 63] and generat-
ing reactive motion based on an individual’s full motion se-
quence [5, 8, 11, 33, 45, 49, 61]. However, existing meth-
ods rely on long history context or full individual motions
while treating interactive poses and human dynamics sepa-
rately. In contrast, our approach bridges these two modali-
ties by anchoring on interactive poses and leveraging their
prior for dynamics forecasting. This integration enables our
model to generate both past and future interaction dynam-
ics while supporting flexible inputs with fewer constraints,
such as text, single-pose, or both, unlocking diverse appli-
cations in animation and generation.

3. Approach

Ponimator leverages interactive pose priors as intermediates
for interaction animation, as shown in Fig. 3. We first in-
troduce interactive poses and motion modeling (Sec. 3.1).
Then, we present the pose animator (Sec. 3.2), which trans-
forms interactive poses into motion, followed by the pose
generator (Sec. 3.3), which generates interactive poses from

various inputs. Finally, in Sec. 3.4, we explore Ponimator’s
applications to real-world images and text.

3.1. Interactive Pose and Motion Modeling.

Interactive pose and motion. Our work defines interac-
tive poses as the poses of two individuals in proximity and
close contact. For person a, we use the SMPLX parametric
body model [37] to model the pose x* = (¢*, 6%, v%) and
shape B¢ € R0, Here, 8% € R?1*3 ig the joint rotations,
¢® € R3 and v¢ € R*3 represents the global orienta-
tion and translation. The interactive pose of two individuals
a and b is given as x; = (x%,x%). An interaction motion
consists of a short pose sequence X of length N, centered
around an interaction moment, along with shape parameters
6 of both individuals, where X = {x;}}¥,, B = (8%, 8").
X includes an pair of interactive poses x at interaction mo-
ment index / within the sequence, and its nearby past poses
x1.7 and future poses x;y1.n. An example of interactive
pose and motion is shown in Fig. 2.

Interaction motion modeling. The interactive pose x; en-
codes rich temporal and spatial priors. As shown Fig. 2,
interactive poses convey motion dynamics (top row) and
spatial relationships (bottom row) between individuals. The
strong prior make it easier for models to learn, whereas non-
interactive poses lack clear interaction cues, making learn-
ing more challenging. Therefore, we model the interaction
motion (X, 3) by anchoring on its interactive pose x;.

p(X.8) = p(X:x7.B) - p(x;. B) (M)

temporal prior spatial prior

Learning prior from diffusion model. Each prior’s dis-
tribution in Eq. (1) is captured by a generative diffusion
model [17] G, trained on high-quality mocap data. To
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Figure 4. Applications. Our framework enables two-person image animation, single-person interaction generation, and text-to-interaction
synthesis. For two-person images, we estimate interactive poses using an off-the-shelf model [36]. For single-person images, we first
estimate the pose by [4] and generate its interactive counterpart. For text input, our unified pose generator could synthesize the pose
directly. These poses are then fed into our animator to generate human dynamics.

model the underlying distribution of data zy, the diffusion
model introduces noise € to the clean data z in the forward
pass, following z; = /arzo + /1 — aze, € ~ N(0,1),
where o € (0, 1) are constants, ¢ is the diffusion timestep
t € [0, Taiffusion]- The model G aims to recover clean in-
put by zg = G(z,t, c) from the noisy observations z; and
condition c, optimizing the objective:

Lp = Ezo,c,eNN(O,I),t[HZO - G(zt,ta C)”g} (2)
During inference, the model iteratively predicts G(z4, t, c)
from ¢ = Tyifrusion to t = 0, gradually denoising the sample
until it recovers the original clean data z.
Close-proximity training data. We collect large-scale
training data from public mocap datasets, InterX [60] and
DualHuman [7], without requiring contact annotations. In-
teractive poses are detected by spatial proximity, and if
within a threshold, we extract the pose with its past and
future frames to form a 3-second interaction clip.

3.2. Unveiling Dynamics from Interactive Poses

The interactive pose animator captures the temporal prior in
p(X;x7,3) given an interactive pose x; and two person’s
shape 3. The objective is to generate the motion sequences
X = {%;}, where X; ~ x7, as shown in Fig. 3 (c).

Interactive pose-centered representation. We anchor the
entire sequence on the interactive pose x; and define the
denoising target z, as the motion residuals with respect to
interactive poses zg = {x; —x;}¥_; This learning objective
enforces model to learn the contextual dynamics strongly

shaped by interactive poses. During inference, we recover
the predicted pose sequence {%;}¥ | by 2o + x;.

We encode the interactive time index I with a one-
hot vector m; ~ OneHot(I) € {0,1}", where m} =
1 iff ¢+ = I. To better preserve the spatial structure of
interactive pose at time / in pose sequences, we apply an
imputation strategy to the diffusion model, where the noise
input z, in Eq. (2) is substituted with z;:

Cc= (m[,X[,,B), (3)

where ® denotes element-wise multiplication and c is the
input condition. After imputation, noise is added to interac-
tive poses (i.e., Z; + X ) before fed into the network.
Condition encoding. The interaction time condition my is
concatenated with the initial model input along the feature
dimension. We encode the remaining conditions (x;,3)
by leveraging the SMPLX joint forward kinematics (FK)
function FK(:,-) to compute joint positions of interactive
pose j; = (FK(x$,3.),FK(xY, 3y)). Here, j; inherently
encodes both individuals’ poses and shapes. It is further
embedded through a single-layer MLP and injected into the
model layers via AdaIN [20].

Architecture and training. We adopt the DiT [38] ar-
chitecture as our diffusion model, built on stacked Trans-
former blocks [56] that alternate spatial attention for hu-
man contact and temporal attention for motion dynamics.
To train the model, besides diffusion loss Lp in Eq. (2),
we apply the SMPL loss Ly as the MSE between the de-
noised pose sequence and the clean input. We also use an
interaction loss Liyer [29] and a velocity loss [54]. Ly

zt=(1-m;)®z;+m;©0,
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Figure 5. Interactive pose image animation on FlickrCI3D dataset [9]. Left shows the input image, right shows the animated interaction

motions. Interactive-pose frame is labeled in green box.

encourages contact between individuals in close proxim-
ity, while L. ensures motion coherence. The total loss
L= >\D£D + )\smplﬁsmp] + Ainterﬁinter + Avelﬁvel- To imPI'OVe
robustness and generalization to noisy real-world poses, we
apply augmentation by adding random noise to interactive
pose x;. Please refer to Supp. for details.

3.3. Interactive Pose Generator

The interactive pose generator models p(x;,3) in Eq. (1),
leveraging the spatial prior to generate x;, 3 from various
conditions, as shown in Fig. 3(a).

Unified input conditioning. Given various input condi-
tions, including text c, single person pose (x%, 3%), or both,
the model generates z& = (x%,3%) and z} = (x},3"),
which together form the diffusion target zg = (z¢,2{) in
Eq. (2). To integrate these conditions into a unified model,
we introduce two masks, m. and m,, to encode the pres-
ence of text and pose conditions, respectively. These masks
are sampled independently from a Bernoulli distribution
with probability peongition during training. We modify the
model input z, and text condition c to ¢ in Eq. (2) as:

7z=((1-m,) 0z +m, ©z,2}), ¢=m.Oc. (4
This design enables the model to accommodate multiple
combinations of conditions.

In SMPL, human shapes are coupled with genders g €

{male, female, neutral}. To enable a more generic shape
condition, we instead use the global joint positions of rest
pose j;{:;t’b}, which inherently capture both shape and gen-
der information, and define the diffusion target as zg =
(x}a’b}, ';{e(;{b}). After generation, we can recover B{®t}
from j;{e‘:{b} using inverse kinematics (IK).
Architecture and training. We use the same architecture
as pose animator with modifications below. (1) The text
condition c is encoded via CLIP [44], processed by two
trainable Transformer layers, and injected by AdaLLN [20].
(2) We retain spatial attention layers and remove tempo-
ral attentions. The model is trained with standard diffu-
sion loss Lp in Eq. (2), SMPL loss Lgnpi, and bone length
loss Lpone minimizes the MSE with ground-truth lengths in
the SMPLX [37] kinematic tree. Total loss £L = ApLp +
Asmpl Lsmpl + Abone Lbone- Please see Supp. for details.

3.4. Applications

Our framework supports two-person interactive pose image
animation, single-person pose interaction generation, and
text-to-interaction synthesis, as shown in Fig. 4.

Interactive pose image animation. As shown in 1st row
of Fig. 4, given a two-person image, we estimate the in-
teractive pose X using an off-the-shelf model [36]. The
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Figure 6. Single-person image interaction generation on Motion-X [31] dataset. Left shows the single person image input, right shows
the generated two-person interaction dynamics. The generated interactive pose frame is labeled in magenta box. Top two rows display
single-person pose inputs, while the bottom two show the same with accompanying text below the input image.

estimated pose is fed into our interactive pose animator
(Sec. 3.2) to generate motions guided by the temporal prior
in interactive poses. Our model provides flexible interaction
timing control by adjusting I in Eq. (3), where I = 0 pre-
dicts future motion, I = N reconstructs the past, and gen-
erally, n = % enables symmetric animation. Open-world
animation results are shown in Fig. 5.

Single-person pose interaction generation. As shown in
the 2nd row of Fig. 4, given a single-person image, we esti-
mate the pose X using off-the-shelf model such as [4] and
feed it into our interactive pose generator (Sec. 3.3). We set
m, = 0,m. = 0 in Eq. (4) as model input, disabling text
input and allowing X¢ to generate its interactive counterpart
x}} using the spatial prior in interactive poses. Alternatively,
setting m. = 1 enables additional text conditioning. Once
the interactive pose X; = (X%,%}Y) is obtained, it is fed into
the interactive pose animator (Sec. 3.2) to synthesize mo-
tion dynamics. Open-world results are presented in Fig. 6.
Text-to-interaction synthesis. As shown in 3rd row of
Fig. 4, given a short phrase, we generate the interactive pose
Xy by setting m, = 0,m, = 1 in Eq. (3). The gener-
ated X7 is then passed to the pose animator to produce the
corresponding motion. Examples for “two-person hugging

together” and “’push” are presented in Figs. 4 and 8.
4. Experiments

Implementation details. We extract interactive poses by
detecting SMPL-X vertices contacts [36] below a threshold

in each mocap dataset within a 3s window. The interactive
pose animator has 8 layers (latent dim 1024) and is trained
using AdamW [34] (LR 1le-4). All loss weights are 1 ex-
cept Ainer = 0.5.To handle real-world noise, we augment
training by adding Gaussian noise (scale 0.02) to interactive
poses. At inference, DDIM [50] samples 50 steps, generat-
ing 3s motions at 10fps in 0.24s on an A100. The interac-
tive pose generator follows a similar setup with pyex = 0.8,
Ppose = 0.2, and a frozen CLIP-ViTL/14 [44] text encoder.
The pose generation take 0.21s. Models are trained for
4000 epochs with batch sizes of 256 (pose animator) and
512 (pose generator). Please see Supp. for details.
Datasets. We train and test our model on two large-scale
datasets: Inter-X [60] (11k sequences) and Dual-Human [7]
(2k sequences). We follow the official split for Inter-X and
use a 3:1 training-testing split for Dual-Human, excluding
non-interactive motion sequences.

Metrics. We follow the evaluation metrics in [43, 46, 54]:
Frechet Inception Distance (FID), the feature distribution
against ground truth (GT). We compute it by training a mo-
tion autoencoder to encode motion into features for each
task; Precision (Pre.), the likelihood that generated mo-
tions fall within the real distribution; Recall (Rec.), the like-
lihood that real motions fall within the generated distribu-
tion; Diversity, the variance of generated motions. We also
evaluate the physics plausibility via Contact Frame Ra-
tio (CR., %)—proportion of frames with two-person con-
tact—and averaged Inter-person Penetration (Pene., cm).
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Figure 7. Interactive pose animation on in-domain datasets
(Inter-X[60],  Dual-Human [7]), out-of-domain dataset
(Duolando [49], Hi4D [64], Interhuman [29]), and random
composed multi-person pose. Each row: left—interactive pose,
right—animation sequence. Our learned interactive pose prior is
universal, generalizing across datasets and enabling multi-person
interactions (6th row) without modification or retraining.

4.1. Effectiveness of Anchoring on Interactive Poses

Previous works model human-human interaction dynamics
either by finetuning on single-person motion priors with in-
teraction data (e.g., ComMDM [46], RIG [53]) or by learn-
ing interaction dynamics from scratch (e.g., InterGen [29]).
In this work, we model interaction dynamics by anchor-
ing on proximal interactive poses. To evaluate the effec-
tiveness of these approaches, we employ a simple task—
unconstrained generation. We further adapt MDM [54] to
accommodate two-person motions in our setting. Ponima-
tor seamlessly supports unconstrained generation by set-
ting m, = 0 and m. = 0. Experimental results on our
dataset collection from Inter-X [60] are shown in Tab. 1.
We observe that previous methods [29, 46, 53] struggle
to synthesize close-contact interactions, while the adapted
MDM* [54] exhibits lower interaction motion quality. In

Method FID | Pre. T Rec.T Div. — ‘ CR.— Pene.|

GT 03 10 10 101 \70.6 38

MDM* [54] 626 0.79 020 98 66.4 5.3
ComMDM [46] 88.8 037 049 109 | 443 4.7

RIG [53] 652 046 0.65 106 | 44.3 4.3
InterGen [29] 56.6 0.57 046 10.1 50.9 4.3
Ours 22,6 058 0.72 102 | 68.1 5.0

Table 1. Unconstrained interaction synthesis comparison on
Inter-X [60] dataset. — means the closer to ground truth the better
the result. Method in * is adapted from ours for two-person inter-
action. Our method largely outperforms others in motion quality
and contact ratio, naturally ensuring physical contact and motion
realism by anchoring on interactive poses.

Inter-X Dual-Human
Method  FID|Div.~+/CR. — Pene.| FID| Div.—|CR. — Pene.
GT 03 101]706 38 21 120|704 34

InterGen* 189 10.6 | 444 43 88.8 119 | 443 4.1
w/oanchor 7.1 98 | 673 5.1 369 11.6| 70.7 45

- time 63 103 | 669 52 303 126 | 673 5.1
- joints 56 10.0| 67.6 5.1 299 123|702 44
random-pose 5.8 10.1 | 67.4 5.1 30.1 123 | 693 45
ours 50 99 | 685 51 242 11.8| 704 45

Table 2. Interactive pose animation comparison on Inter-X [60]
and Dual-Human [7] dataset. InterGen* is adapted to take interac-
tive poses input but lacks explicit interaction modeling, limiting its
use of pose priors. Interactive pose anchoring, condition encoding,
and interactive frames are crucial for the performance.

contrast, by simply anchoring on interactive poses, our
model achieves superior motion realism (FID of 22.6) and
physical contact (contact ratio of 68.1).

4.2. Interactive Pose Animation

To evaluate the interactive pose animator, we compare
against baselines and key ablations on Inter-X [60] and
Dual-Human [7] datasets in Tab. 2. We ablate key com-
ponents of pose animator: w/o anchor removes interac-
tive pose anchoring, replacing the denoising target zo with
{xi}fil; - time removes the interaction time encoding my;
- joints removes joints condition encoding; InterGen* re-
places text conditions with interactive pose condition while
keeping all other settings unchanged; random-pose uses
random instead of interactive frames as anchor. All base-
lines are trained under the same setting. Tab. 2 highlights
the importance of interactive pose anchoring and interaction
conditioning. InterGen* overlooks input poses, resulting
in poorer performance. In contrast, our method explicitly



Method  FID| Div.— MModalityT‘CR. — Pene.|

GT 006 6.78 - | 706 38
InterGen 2.87 6.76 1.42 39.8 3.9
w/o anchor 2.74 6.78 1.41 39.0 4.0
Ours 1.82 6.78 1.46 45.9 4.3

Table 3. Text-to-interaction synthesis results on Inter-X [60]
dataset. Our unified pipeline outperforms end-to-end w/o inter-
active pose as anchor method in short-term interaction synthesis.

InterGen [29]

‘W/O anchor

Ours

Figure 8. Text-to-interaction comparison for “push”. Anchored
on interactive poses, our method achieves better contact and more
realistic dynamics than InterGen [29] and the end-to-end baseline.

models interaction and contact and achieves better results.
Universal interactive pose prior. We visualize the an-
imated motion in Fig. 7 on in-domain datasets (Inter-
X[60], Dual-Human [7]) and out-of-domain datasets
(Duolando [49], Hi4D [64], Interhuman [29]). Our ap-
proach generalizes to unseen subjects and interactions using
the universal interactive pose prior. Our model is surpris-
ingly capable of generating interactions beyond two persons
without modification or retraining (see last row in Fig. 7).
Open-world two-person image animation. Our model
generalizes to open-world images by extracting interactive
poses from FlickrCI3D [9] dataset using [36]. As shown in
Fig. 5, it transforms static poses into realistic motion. Please
visit our project page for video visualization.

4.3. Interaction Motion Generation

We evaluate interaction motion generation on the Inter-X
dataset [60] using text and single-person poses.
Text-to-interaction synthesis We focus on 3s interac-
tion generation, evaluating FID, Diversity, and MModal-
ity—the ability to generate diverse interactions from the
same text [29, 54]. We compare with InterGen [29] and an
end-to-end w/o interactive pose baseline, both trained and
tested on the same data. As shown in Tab. 3 and Fig. 8, they
struggle with contact modeling, while ours excels in short-
term interaction generation using interactive pose priors.
Interaction synthesis from single pose We evaluate single

Method  FID| Pre.t Rec.f Div.— ‘ CR.— Pene.|
GT 03 10 10 101 | 706 38
w/o anchor 40.0 0.87 043 9.6 67.5 5.0
Ours 27.8 091 048 9.7 73.3 52

Table 4. Single pose-to-interaction synthesis results on Inter-
X [60] dataset. Compared to without anchor baseline, our method
uses interactive poses for more effective interaction modeling.

Single Pose
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Interactive Generation (left—right: time steps)
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Figure 9. Diverse interactive motion generation. From a single
pose, our framework generates varied interactive poses (magenta
box) and motions (1st, 2nd rows) and text-driven ones (3rd row).

pose-to-interaction synthesis on Inter-X [60] dataset, com-
paring our method with an end-to-end without interactive
pose baseline, which struggles in the large motion space
(Tab. 4). Our method leverages interactive poses to generate
diverse motions under varying input conditions in Fig. 9.
Open-world single-person image animation. Our model
generalizes to open-world single-person images by estimat-
ing poses [4], generating interactive counterparts, and an-
imating motion. Fig. 6 shows results on Motion-X [60]
dataset. Please visit our project page for videos.

4.4. Limitations

Our method has few limitations: (1) model short interac-
tion segments; (2) ignore scene context; (3) pose errors may
cause contact errors or foot sliding; (4) close interactions
may lead to penetration. Please see Supp. for details.

5. Conclusion

We introduce Ponimator, which integrates a pose animator
and generator for interactive pose animation and generation
using conditional diffusion models. The animator leverages
temporal priors for dynamic motion generation, the gener-
ator uses spatial priors to create interactive poses from a
single pose, text, or both. Ponimator enables open-world
image interaction animation, single-pose interaction gen-
eration, and text-to-interaction synthesis, exhibiting strong
generalization and realism across datasets and applications.
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