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Fig. 1. Image-conditioned 4D HOI generation. Given a text prompt, object geometry, object waypoints, and a reference image, IMAGIN-4D synthesizes a
4D human-object interaction sequence. Text and waypoints specify the action and object trajectory, but leave fine-grained interaction details such as pose,
contact, and layout ambiguous. We resolve this ambiguity with a reference image that specifies the interaction snapshot. To test whether IMAGIN-4D follows
this visual evidence, we keep the text prompt, object geometry, and waypoints fixed, and mirror only the reference image. IMAGIN-4D generates different
motions that satisfy the corresponding snapshot: body pose, object pose, contact, and body-object layout change consistently with the mirrored reference.
This is achieved through spatio-temporal image conditioning, which separates spatial cues for the depicted interaction state from frame-aware cues for the
surrounding motion. Unlike single-token image conditioning, this preserves fine-grained visual evidence while generating the HOI sequence.

Generating human-object interactions (HOI) is central to charac-
ter animation, robotics, AR/VR, and embodied AI. Controlled HOI
generation has several practical implications and recent methods
synthesize motion from language, object geometry, and sparse geo-
metric constraints, providing control over action semantics and
object trajectories. However, these signals underspecify the interac-
tion: the same prompt and trajectory can correspond to different
grasps, approaching directions, body poses, object poses, contacts,
and body-object layouts. We address this ambiguity by using a ref-
erence image as a visual specification of the desired interaction
snapshot. However, a single global image representation conflates
distinct interaction cues and conditions all motion frames on the
same visual evidence. Thus, we introduce IMAGIN-4D, a diffusion-
based HOI generator that decomposes the image conditioning signal
spatio-temporally. For spatial conditioning, IMAGIN-4D extracts su-
pervised interaction-state tokens that capture body pose, object
pose, and body-object contact and spatial relationships at the de-
picted frame. For temporal conditioning, it computes frame-aware
tokens by querying image patches for each generated frame, allow-
ing different parts of the sequence to attend to different visual cues
from the same image. To balance image, text, and waypoint cues,
IMAGIN-4D uses role-aware conditioning: text, waypoints, and
interaction-state tokens are conditioned through separate AdaLN
streams, while frame-aware visual tokens are cross-attended with
the learnable motion tokens. Since existing HOI motion datasets

lack paired images, we build a synthetic motion-to-image rendering
pipeline from FullBodyManipulation (FBM) dataset sequences and
introduce an image-adherence metric that evaluates whether gener-
ated motions match the reference snapshot. Experiments on FBM
and BEHAVE show that IMAGIN-4D improves fine-grained inter-
action control over single-token and uniformly image-conditioned
baselines while preserving waypoint-following and motion quality.
Code and models will be released at https://imagin4d.github.io.

1 Introduction
Generating 4D human-object interactions (HOI) is central to char-
acter animation, AR/VR, robotics, and embodied AI. This is chal-
lenging, because interactions need to look natural both spatially
and temporally; that is, bodies and objects need to be posed with
realistic contacts and proximal relationships in 3D space, and also
move realistically over time. Moreover, it is challenging to compu-
tationally describe and exploit such spatial and temporal cues for
effectively controlling the generation process.
Recent diffusion-based methods [Li et al. 2024a; Xu et al. 2023]

synthesize plausible HOI motion from text, object shape, and sparse
waypoints, providing control over action semantics and object tra-
jectories. However, these signals underspecify interactions; the same

https://imagin4d.github.io
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prompt and trajectory can correspond to different grasps, approach-
ing directions, body poses, object poses, and contact or spatial con-
figurations. These details matter for instruction-following agents,
e.g., grasping a mug by its handle or opening a drawer correctly.

To reduce ambiguities one canmanually specify 3DHOI keyposes.
However, handcrafting these is cumbersome, and capturing them via
MoCap is expensive. Instead, we use a reference image to intuitively
represent a desired interaction “snapshot;” this may be a photo, a
rendering, a sketch, or AI-generated. Thus, our goal is to synthesize
HOI motion conditioned on a text prompt, object geometry, sparse
waypoints, and a reference image of an HOI snapshot; see Fig. 1.

Similar conditioning has been explored by ViHOI [Cai et al. 2026]
concurrently to us. Specifically, ViHOI extracts a visual token from
reference images to guide motion generation. However, this design
has two limitations: First, extracting a single global token abstracts
distinct, fine-grained, spatial cues. Second, these cues influence not
only the timeframe of the reference snapshot, but also the motion
frames before and after this, because motion is continuous and
coherent. Consequently, as we show in our experiments, extracting a
single global token compromises the fine-grained control necessary
for motion generation.

Thus, we introduce IMAGIN-4D, a diffusion-based HOI generator
with spatio-temporal image conditioning. Our key idea is that effec-
tive image conditioning needs to have both spatial and temporal
influence on motion generation. For spatial influence, IMAGIN-4D
extracts multiple, supervised spatial tokens that capture body pose,
object pose, and body-object contact and spatial relationships. To
obtain these tokens, we introduce a “Spatially-Factorized Image En-
coder” (SFIE) that applies separate Q-Former heads [Li et al. 2023a]
to image patches. Therefore, the motion generator uses multiple,
fine-grained tokens for the reference snapshot instead of just a
single one. However, this informs only the snapshot timeframe.

For temporal influence we need to inform all other frames as well.
Thus, we introduce frame-aware tokens, by querying image patches
separately for each motion frame, conditioned on the frame index
and text prompt. Unlike spatial tokens, frame-aware tokens are not
supervised with explicit targets. Instead, they are learned end-to-
end through the denoising objective, allowing the model to learn
image cues that are informative for each motion frame.
The spatial and frame-aware cues encode low-level details of

interactions. However, motion generators typically use high-level
cues, i.e., text for action semantics and waypoints for the object
trajectory. To prevent these cues from dominating over each other,
IMAGIN-4D does not concatenate conditioning tokens, but con-
ditions on them differently, via a novel “role-aware conditioning”.
Specifically, spatial tokens, waypoints, and text use separate AdaLN
streams [Peebles and Xie 2023], preserving their roles rather than
mixing them. In contrast, the frame-aware tokens are cross-attended
with the learnable motion tokens; this selectively adapts the influ-
ence of frame-dependent cues on each motion token.

Training image-conditionedHOI synthesis requires images paired
with motion data. However, existing HOI datasets contain MoCap
data without paired images. We thus render images from FullBody-
Manipulation (FBM) sequences [Li et al. 2023c] using body tex-
tures [Black et al. 2023], objects, and indoor scenes [Straub et al.
2019]. For evaluation, standard metrics such as FID, R-precision, and

contact F1 measure motion quality, semantic alignment, or contact
accuracy, but do not measure the quality of image conditioning.
Thus, we introduce the image-adherence metric that evaluates to
what extent the generated motion matches the reference snapshot.

We evaluate IMAGIN-4D on the challenging FBM and BEHAVE
[Bhatnagar et al. 2022], with held-out object categories and cross-
domain image inputs. Results show that the global image condi-
tioning with a single token as in prior (concurrent) work improves
motion metrics such as FID and R-Precision but fails to control
the depicted interaction state. In contrast, our spatially factorized
tokens substantially improve image adherence, and adding frame-
aware tokens further improves motion quality and contact accuracy.
As a downstream application, we retrain the image branch on line
drawings to obtain a sketch-to-motion variant, showing that the
same conditioning mechanism extends beyond RGB references to
user-editable visual inputs.

In summary, our contributions are:
• We introduce a HOI generator with a novel spatio-temporal image

conditioning, using a reference interaction snapshot for control-
lable motion generation.

• We introduce role-aware conditioning: spatial tokens, waypoints,
and text use separate AdaLN streams, and frame-aware tokens
use cross-attention, improving adherence and motion quality.

• We also introduce a synthetic motion-to-image rendering pipeline
and an image-adherence metric for evaluating to what extent the
generated HOI motions match the reference interaction snapshot.

2 Related Work
Data for dynamic HOI. Whole-body HOI datasets [Bhatnagar

et al. 2022; Huang et al. 2022; Jiang et al. 2023b; Kim et al. 2025; Li
et al. 2023c; Lu et al. 2025; Lv et al. 2024; Taheri et al. 2020; Zhang et al.
2024c; Zhao et al. 2024] capture paired human-object motion, while
hand-object benchmarks [Fan et al. 2023; Liu et al. 2022, 2024; Zhan
et al. 2024] focus on manipulation and scene-aware corpora. Some
datasets [Hassan et al. 2019; Jiang et al. 2024b;Wang et al. 2022] place
motion in 3D environments. InterAct [Xu et al. 2025a] unifies several
sources under a representation. These datasets support learning
motion, contact, and scene constraints, but they are not designed
for image-conditioned HOI generation; they do not provide motion-
frame-aligned images that specify a target interaction state. We
render conditioning images from FullBodyManipulation [Li et al.
2023c] at known interaction frames using textured bodies [Black
et al. 2023], objects, and indoor scenes [Straub et al. 2019].

Controllable human motion generation. Text-to-motion
diffusion models [Chen et al. 2023; Ho et al. 2020; Tevet et al. 2023;
Zhang et al. 2024a] and tokenized generators [Guo et al. 2024; Jiang
et al. 2023a; Zhang et al. 2023c,a,b] synthesize human motion from
language. Additional control is introduced through guidance [Karun-
ratanakul et al. 2023], joint or keyframe constraints [Cohan et al.
2024; Xie et al. 2024], sparse trackers [Barquero et al. 2025], trajec-
tory conditioning [Karunratanakul et al. 2024; Shafir et al. 2024; Wan
et al. 2024], or masked control [Tessler et al. 2024]. These interfaces
work when the desired motion is expressible as body trajectories,
masks, or key poses. They become cumbersome for HOI because the
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target state couples human pose, object pose, body-object layout,
and contact. A reference image specifies this coupled state directly.

4D Human-object interaction synthesis. HOI synthesis
models human motion, object motion, and their coupling through
contact. Prior work studies hand-object manipulation [Christen
et al. 2024; Taheri et al. 2022, 2024; Zhang et al. 2024b; Zhou et al.
2022], whole-body object interaction [Ghosh et al. 2023; Li et al.
2023c; Xu et al. 2023; Zhang et al. 2022], and language- or trajectory-
conditioned 4D HOI generation [Cha et al. 2024; Diller and Dai 2024;
Li et al. 2024a; Peng et al. 2025; Ron et al. 2025; Song et al. 2024].
CHOIS [Li et al. 2024a] is the closest non-image-based baseline, since
it controls long-horizon interactions with text, object geometry, and
object waypoints. Other methods incorporate scene affordances,
interaction fields, simulation, or priors distilled from image, video,
and VLM models [Jiang et al. 2024a,b; Kulkarni et al. 2024; Li et al.
2024b; Li and Dai 2024; Wang et al. 2023, 2024; Xu et al. 2025b, 2024a;
Yi et al. 2024; Yuan et al. 2023; Zhang et al. 2025]. These methods
improve realism and controllability, butmost expose control through
text, trajectories, contact maps, key poses, scene geometry, or priors.
Our work instead uses a single reference image as the specification
of the desired interaction state.

Image-conditioned HOI andmotion synthesis. Image con-
ditioning is used in 2D generation to constrain appearance, layout,
identity, pose, or motion beyond text [Hu et al. 2024; Huang et al.
2023; Li et al. 2023b; Mou et al. 2024; Xu et al. 2024b; Ye et al. 2023;
Zhu et al. 2024]. Its use for 4D HOI generation is recent. ViHOI [Cai
et al. 2026] is closest to our setting: it extends a CHOIS-style genera-
tor with a frozen VLM andQ-Former adapter, then injects image-text
tokens into the motion model. MP-HOI [Wang et al. 2026] fuses text,
image, and pose priors, whereas SIGHT [Gavryushin et al. 2025]
and IKMo [Zhao et al. 2025] use image and text conditioning to
guide the motion. While these methods show that images can guide
motion, they typically treat the image as a global condition, sparse
anchor, or external prior. In HOI, this discards structure: the same
image contains contact, body pose, object pose, body-object offset,
and layout, and these cues matter at different times. Our method
preserves this structure through supervised interaction-state tokens
and frame-aware visual retrieval.

3 Method
IMAGIN-4D generates a human-object motion from a text prompt
Y, object shape O, sparse trajectory waypointsW, and a reference
image I. The output is a 𝑇 -frame motion sequence x0 ∈ R𝑇×𝐷 ,
where 𝐷 denotes the motion dimensionality of one frame. The ref-
erence image depicts a desired interaction snapshot, corresponding
to frame 𝑡★ in the target sequence. During training, 𝑡★ is known
from the paired image-motion data; at test time, it is predicted.

The reference image resolves interaction ambiguities left by text
and sparse waypoints, including human pose, object pose, and body-
object contact and layout. IMAGIN-4D uses two image represen-
tations. First, a Spatially Factorized Image Encoder (SFIE) extracts
supervised role-specific spatial tokens for the reference snapshot.
Second, frame-aware tokens re-query the same image patches for
each motion frame. The denoiser routes text, sparse waypoints, and

window-gated spatial image evidence through separate AdaLN [Pee-
bles and Xie 2023] streams, and injects frame-aware visual tokens
through late cross-attention. Fig. 2 summarizes the architecture.

3.1 Conditional Motion Formulation
Let x0 ∈ R𝑇×𝐷 denote a HOI motion sequence. Following CHOIS
[Li et al. 2024a], sparse controls are represented by a binary mask
m ∈ {0, 1}𝑇×𝐷 , where𝑚𝑡,𝑑 = 0 denotes a input-specified value and
𝑚𝑡,𝑑 = 1 denotes a value to synthesize. The sparse conditioning
tensor is xcond = (1 − m) ⊙ x0. The sparse tensor and mask tell
a diffusion denoiser which motion values are user-specified and
which must be generated. In our setting, xcond contains the initial
human and object pose, sparse object waypoints, and final object
translation. Object shape is encoded with a BPS encoder [Prokudin
et al. 2019], yielding an object descriptor O𝐵𝑃𝑆 .
We use conditional diffusion for motion generation. At diffu-

sion step 𝑛, the denoiser, D𝜃 , receives a noisy motion sequence
x𝑛 and predicts the clean motion, x̂0 = D𝜃 (x𝑛, 𝑛, c), where c =

{Y,O𝐵𝑃𝑆 , xcond} contains text, object shape, sparse controls.

3.2 Spatio-Temporal Image Conditioning
Spatially Factorized Image Encoder (SFIE). A pooled image
embedding entangles pose, contact, and layout, which constrain
the motion. Thus, we encode the reference image into role-specific
spatial tokens. A frozen DINOv2 image encoder [Oquab et al. 2024]
extracts patch tokens P ∈ R𝑆×𝐶 from I, where 𝑆 denotes image
patches and 𝐶 the feature dimension. For each role ℎ ∈ H , a light-
weight Q-Former [Li et al. 2023a] reads P with learned queries Qℎ :

Fℎ = QFormerℎ (P;Qℎ), ℎ ∈ H . (1)

Here, Fℎ denotes the token output for role ℎ. For human pose, object
pose, contact, and layout, these outputs are 𝝆, 𝝃 , 𝜿 , and 𝝂 . Each
token is supervised to match the latent code of a lightweight role
autoencoder trained on the corresponding ground-truth interaction
quantity. We concatenate and project the tokens into 𝜻 , used by the
reference-frame localizer and image-AdaLN stream.

Role supervision. Each role is supervised at the ground-truth
reference frame 𝑡★ using targets derived from the paired motion
sequence. The contacts decoders reconstruct hand contact positions
and binary contact flags. The human-pose decoder predicts main
body-joint pose. The object-pose decoder predicts object translation
and orientation. The spatial-relation decoder predicts per-joint unit
vectors from body joints to the object center. The SFIE loss is

LSFIE = 𝜆con,posLmse
con,pos + 𝜆con,flagLbce

con,flag + 𝜆humLmse
hum

+ 𝜆objLmse
obj + 𝜆spaLcos

spa, (2)

where 𝜆 denotes loss weights. The contact-position, contact-flag,
human-pose, and object-pose losses supervise their corresponding
decoder outputs, using MSE for continuous quantities and BCE
for binary contact flags. The spatial loss Lcos

spa uses cosine distance
between predicted and ground-truth joint-to-object unit vectors,
making the spatial token encode body-object layout rather than
absolute distance.
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Fig. 2. IMAGIN-4D overview (Sec. 3). Given a reference image I, text prompt 𝑦, object geometry O, and sparse waypoints W, IMAGIN-4D generates
a 4D human-object motion sequence. A frozen image encoder extracts patch tokens P from I. The Spatially Factorized Image Encoder (SFIE) reads these
patches with role-specific queries and produces supervised latent tokens for contact 𝜿 , human pose 𝝆, object pose 𝝃 , and body-object spatial relation 𝝂 . These
tokens are trained to match role-autoencoder latents derived from the paired motion sequence. Their concatenated summary 𝜻 predicts the reference frame 𝑡
depicted by the image. In parallel, the Frame-Aware Image Encoder re-queries P with frame- and text-conditioned queries to produce per-frame visual tokens
𝝁𝑡 . The motion denoiser routes conditions by role: base conditioning, waypoint features, and window-gated spatial image evidence modulate transformer
layers through separate AdaLN streams, while 𝝁𝑡 enters through late cross-attention. Sampling-time guidance improves image adherence

Reference-frame localizer. The reference image depicts one mo-
ment of the target sequence, but the corresponding frame is un-
known at test time. We predict it from the spatial-token summary:

𝝅 = softmax
(
𝑊2 GELU(𝑊1𝜻 )

)
∈ R𝑇 . (3)

Here,𝑊1,𝑊2 are MLP weights, and 𝜋𝑘 is the 𝑘-th entry of 𝝅 , giving
the probability that frame 𝑘 matches the reference image. During
training, we supervise this distribution with a Gaussian-smoothed
target centered at 𝑡★:

Lfp = −
𝑇−1∑︁
𝑘=0

𝑞𝑘 log𝜋𝑘 , 𝑞𝑘 =

exp
(
−(𝑘 − 𝑡★)2/(2𝜎2

𝑞)
)

∑𝑇−1
𝑟=0 exp

(
−(𝑟 − 𝑡★)2/(2𝜎2

𝑞)
) .
(4)

The predicted frame is 𝑡 = arg max𝑘 𝜋𝑘 . All image-window opera-
tions use 𝑡 during both training and inference, so the denoiser is
trained under the same localization errors it sees at test time. Gradi-
ents from the denoising loss are stopped through 𝑡 ; the localizer is
trained only with Eq. (4).
Window-gated spatial image conditioning. The spatial tokens
describe the reference snapshot and constrain motion most strongly
near 𝑡 . Applying them uniformly can falsely constrain several frames
before and after 𝑡 toward the depicted pose and contact state. We
therefore gate the spatial-token summary with a temporal window:

𝜻̃ 𝑡 = 𝑟𝑡 𝑤𝜎𝑔 (𝑡 − 𝑡) 𝜻 . (5)

Here,𝑤𝜎𝑔 is a smooth unit-peak temporal window centered at 𝑡 . The
gate 𝑟𝑡 is set to 0 at frames with specified waypoint constraints and
to 1 otherwise. This prevents image modulation from competing
with explicit trajectory constraints.
Frame-Aware Image Encoder (FAIE). The supervised spatial
tokens summarize the reference snapshot, but do not provide frame-
specific evidence for the rest of the sequence. Frames near 𝑡 require
precise contact and pose cues, while earlier or later frames rely
more on object identity, coarse layout, or approach direction. We

therefore re-query image patches separately for each motion frame:

𝝁𝑡 = QFormerfvt
(
P;Qfvt (𝑡, e𝑦)

)
, M = {𝝁𝑡 }𝑇𝑡=1 . (6)

Here, e𝑦 is the text embedding, Qfvt (𝑡, e𝑦) denotes frame- and text-
conditioned queries, and M is the set of frame-aware image tokens
used for cross-attention. The frame-aware token module is trained
only through the denoising objective.

3.3 Role-Aware Motion Denoiser
The denoiser receives conditioning signals with different roles. Text
provides sequence-level action semantics. Sparse waypoint con-
straints provide trajectory control. Window-gated spatial image
evidence provides local constraints around the reference snapshot.
Frame-aware tokens provide frame-dependent image evidence. A
shared conditioning path can let dense image evidence perturb
frames where waypoints already specify the object trajectory. We
therefore route each signal according to its role.
Let ctext denote the text-conditioning vector combined with the

diffusion-step embedding. Let zwpt
𝑡 denote the sparse-constraint vec-

tor from xcond and m at frame 𝑡 . AdaLN converts each conditioning
signal into per-layer modulation parameters for transformer. At
transformer layer ℓ , the AdaLN parameters for frame 𝑡 are

𝜼 (ℓ )
𝑡 = AdaLN(ℓ )

text (ctext) + AdaLN(ℓ )
wpt (z

wpt
𝑡 ) + AdaLN(ℓ )

img (𝜻̃ 𝑡 ). (7)

Here, 𝜼 (ℓ )
𝑡 contains shift, scale, and residual-gate parameters used

by the transformer block. Separate streams let the model adjust
image modulation without changing parameters that encode text
semantics or waypoint constraints. The image AdaLN stream is zero-
initialized, so training starts from the text-and-waypoint model.
Frame-aware tokens are routed differently. Instead of modulat-

ing every transformer layer, the denoiser reads visual memoryM
through cross-attention in the final decoder layer. Each motion to-
ken accesses frame-dependent image evidence after self-attention
integrates temporal context and sparse trajectory constraints.
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3.4 Synthetic Image Generation
No existing dataset provides human-object motion paired with
images, which is required for image-guided motion generation.
The most related datasts are FullBodyManipulation (FBM) [Li et al.
2023c] and BEHAVE [Bhatnagar et al. 2022], which only provide
motions. Thus, we render images using meshes of these datasets
(FBM has SMPL-X [Pavlakos et al. 2019] and BEHAVE has SMPL-
H [Romero et al. 2017] bodies), inserting the posed object, and
assigning sequence-level body and object appearances. We create
three image domains. MeshImg renders the body and object on a
white background. SceneImg places the same posed body-object pair
in Replica indoor scenes [Straub et al. 2019] and applies BEDLAM
body textures [Black et al. 2023]. EditImg applies FLUX.2-dev [Black
Forest Labs 2025] to SceneImg renders to produce more photorealis-
tic test-time references. EditImg is used only for evaluation. Since
BEDLAM textures are baked to the SMPL-X UV layout, SceneImg is
used only for OMOMO, which provides SMPL-X bodies [Pavlakos
et al. 2019]. BEHAVE provides SMPL-H bodies [Romero et al. 2017],
so we use MeshImg for BEHAVE training and evaluation. For FBM,
SceneImg is used for the main experiments and MeshImg for abla-
tions and cross-domain analysis.
For each 120-frame window, we render a uniform temporal grid

and one contact-centered frame 𝑡★. We define 𝑡★ as the contact-
weighted temporal centroid of the left- and right-hand contact flags;
see Sup. Mat.or details. At training time, one rendered image is
sampled per sequence per epoch; at evaluation time, the contact-
centered frame is the canonical reference for image adherence.

3.5 Training and Sampling
Denoising loss. The denoiser predicts x0 directly. Since image
conditioning should matter most near the reference snapshot, we up-
weight reconstruction errors around the predicted reference frame:

Ldiff = E

[
1
𝑇

𝑇∑︁
𝑡=1

(
1 + 𝜆cf exp

(
− (𝑡 − 𝑡)2

2𝜎2
cf

)) 

x0,𝑡 − x̂0,𝑡




1

]
. (8)

Both this loss and the image-conditioning gate use 𝑡 , matching
training and inference behavior.
Auxiliary losses. Following prior HOI generation work [Li et al.
2024a], we add a forward-kinematics loss LFK, an object-point
loss Lobjpts, and a foot-contact loss Lfeet. We also use an image-
consistency loss Limg at the ground-truth reference frame 𝑡★. This
loss compares interaction quantities decoded from the generated
frame with the corresponding reference-image targets, including
human pose, object pose, and body-object contact and layout. Its
weight increases at lower-noise diffusion steps, where x̂0 is reliable
enough for frame-level geometric supervision. The full objective is:

L = Ldiff + LSFIE + 𝜆fpLfp + 𝜆imgLimg

+ 𝜆FKLFK + 𝜆objptsLobjpts + 𝜆feetLfeet. (9)

All loss weights, optimizer settings, learning-rate schedule, data aug-
mentation, and remaining hyperparameters are reported in Sup. Mat.
Image classifier-free guidance. We use classifier-free guidance
on image condition [Ho and Salimans 2022]. During training, with
probability 𝑝drop, we replace all image inputs by their null form:
spatial tokens 𝜻 and frame-aware tokens M are zeroed. Text, object

shape, and sparse controls remain unchanged. At sampling, we
run two denoiser forwards: one with full condition and one with
dropped image condition. Guided output is

x̂cfg
0 = x̂0 + (𝑠img − 1)

(
x̂0 − x̂\img

0

)
, (10)

where x̂0 is the full-conditioning estimate, x̂\img
0 the one with image

inputs replaced by their null form, and 𝑠img is the image-guidance
scale. Setting 𝑠img = 1 recovers the standard conditional prediction.
Mesh-level hand and foot guidance. Following CHOIS [Li et al.
2024a], we apply reconstruction guidance during the last 𝐾 = 20
denoising steps to reduce hand-object penetration and foot-floor
artifacts. At each guided step, we compute a mesh-level penalty on
the predicted clean motion and take a variance-scaled gradient step
before sampling x𝑛−1. The penalty combines a hand term, which
penalizes hand-object penetration and attracts the hand to the object
at frames predicted to be in contact, and a foot term, which penalizes
support-foot deviation from the floor. We restrict this guidance to
the final denoising steps because the mesh penalties assume that x̂0
is already close to a valid clean motion.

4 Experiments
Datasets & Image protocol. We follow the CHOIS protocol [Li
et al. 2024a] on FullBodyManipulation (FBM) [Li et al. 2023c] and
BEHAVE [Bhatnagar et al. 2022; Xu et al. 2025a]. FBM contains
human-object MoCap sequences with nine training and four held-
out object categories; we use the same train/test split, and text
prompts as CHOIS. BEHAVE provides RGB-D human-object se-
quences, which we convert to the same 120-frame windowing con-
vention. Since these datasets do not provide reference images for
our image-conditioned generation protocol, we use the rendered
conditioning images described in Sec. 3.4. For the main FBM compar-
ison and ablations, both training and testing use SceneImg.MeshImg
and EditImg are used for cross-domain image analysis; see Fig. 5.
Applying FLUX on MeshImg often changes pose or object layout,
so we generate EditImg from SceneImg; see Sup. Mat. BEHAVE is
trained and evaluated withMeshImg because BEHAVE uses SMPL-H
bodies, which are incompatible with the SMPL-X UV layout used by
BEDLAM textures. Rendering details and reference-frame selection
are given in Sec. 3.4 and Sup. Mat.
Metrics. We report image adherence, motion quality, text align-
ment, contact, interaction artifacts, and waypoint following. Image
adherence is a new metric that we define to measure whether the
generated sequence realizes the reference interaction state; we re-
port 𝐴GT at 𝑡★, 𝐴W10 within a ±10-frame window, and 𝐴Any over
the full sequence, all in cm. Motion quality and text alignment are
measured by FID and R-Precision using the frozen CHOIS evaluator.
Contact is measured by hand-object contact precision, recall, and 𝐹1.
Interaction artifacts are measured by foot sliding and hand-object
penetration. Waypoint error measures object-trajectory error at
sparse waypoint frames. For formal definitions, see Sup. Mat.
Baselines and implementation. We compare against image-free
HOI baselines: CHOIS [Li et al. 2024a], InterDiff [Xu et al. 2023],
and MDM [Tevet et al. 2023]. For image-conditioned baselines, we
retrain CHOIS with a single pooled image token from CLIP [Radford
et al. 2021], DINOv2 [Oquab et al. 2024], and Qwen-VL [Cai et al.



6 • Anonymous Authors

Method Img Enc Image Adherence (cm) ↓ FID ↓ R-Precision ↑ Contact ↑ Interaction ↓ WPErr ↓

𝐴GT 𝐴W10 𝐴Any R@1 R@2 R@3 𝐶prec 𝐶rec 𝐶𝐹1 FootS HandP

InterDiff [Xu et al. 2023] – – – – 20.80 – – 0.08 0.63 0.28 0.33 0.42 0.55 72.72
MDM [Tevet et al. 2023] – – – – 6.16 – – 0.51 0.72 0.47 0.53 0.48 0.66 19.42
CHOIS [Li et al. 2024a] – – – – 0.69 0.322 0.534 0.64 0.80 0.64 0.67 0.35 0.59 2.87

CHOIS+Img CLIP 19.90 16.83 13.08 0.47 0.333 0.544 0.688 0.796 0.625 0.655 0.41 0.58 3.31
CHOIS+Img Qwen2.5-VL 20.64 17.40 13.11 0.75 0.317 0.510 0.653 0.798 0.534 0.640 0.40 0.62 3.93
ViHOI★ [Cai et al. 2026] Qwen2.5-VL 20.55 17.61 13.33 0.71 0.313 0.517 0.670 0.800 0.611 0.648 0.42 0.59 3.43
CHOIS+Img DINOv2 19.61 16.48 13.23 0.63 0.330 0.543 0.687 0.805 0.587 0.636 0.45 0.60 3.70
Ours (Temporal) DINOv2 19.07 16.23 12.56 0.52 0.340 0.565 0.714 0.805 0.669 0.697 0.39 0.62 6.37
Ours (Spatial) DINOv2 10.11 8.91 7.95 0.30 0.352 0.569 0.716 0.811 0.621 0.663 0.44 0.56 6.28
Ours (Spatial+Temporal) DINOv2 8.43 7.65 7.45 0.28 0.365 0.582 0.726 0.823 0.633 0.677 0.43 0.53 5.69

Table 1. Evaluation on the FullBodyManipulation dataset (Sec. 4.1). All methods are evaluated on the FullBodyManipulation [Li et al. 2023c] test set
using text, object geometry, and sparse object waypoints as conditions; image-conditioned methods additionally use one rendered SceneImg reference at the
contact-centered frame. We report image adherence at the ground-truth frame (𝐴GT), within a ±10-frame window (𝐴W10), and over the full sequence (𝐴Any),
along with motion quality (FID), text-motion alignment (R-Precision), hand-object contact, interaction artifacts (foot sliding, hand penetration), and waypoint
error. The image-adherence score is not applicable for image-free methods. ViHOI★ denotes our single-image adaptation of ViHOI [Cai et al. 2026].

Method AGT↓ AW10↓ AAny↓ FID↓ Cp↑ Cr↑ CF1↑ WP↓

CHOIS [Li et al. 2024a] – – – 1.39 0.526 0.351 0.375 3.05

CHOIS+Img 22.02 18.81 13.71 1.57 0.521 0.361 0.386 4.07
ViHOI* [Cai et al. 2026] 22.97 20.34 14.55 1.44 0.518 0.348 0.378 4.49
IMAGIN-4D 12.40 12.23 11.18 0.76 0.538 0.381 0.397 4.93

Table 2. Comparison on BEHAVE (Sec. 4.1). All image-conditioned meth-
ods are trained and tested on BEHAVE using single MeshImg reference
at the contact-centered frame. We report image adherence at the ground-
truth frame (𝐴GT), within a ±10-frame window (𝐴W10), and over the full
sequence (𝐴Any), plus FID, contact precision/recall/𝐹1, and waypoint error
(WP). ViHOI★ denotes our single-image adaptation of ViHOI. IMAGIN-4D
improves adherence, FID, and contact over CHOIS+Img and ViHOI★.

Train→ Test AGT↓ AW10↓ AAny↓ FID↓ Cp↑ Cr↑ CF1↑ WP↓

MeshImg→MeshImg 7.85 7.04 6.87 0.26 0.825 0.653 0.695 5.64
SceneImg→ SceneImg 8.43 7.65 7.45 0.28 0.823 0.633 0.677 5.69

MeshImg→ SceneImg 31.66 23.40 15.53 2.68 0.822 0.576 0.635 6.90
MeshImg→ EditImg 30.80 23.27 15.33 1.58 0.815 0.573 0.633 5.90
SceneImg→ EditImg 12.68 10.70 9.50 0.37 0.819 0.645 0.683 5.77

Table 3. Cross-domain image generalization (Sec. 4.2).We train and
test IMAGIN-4D on FullBodyManipulation dataset across various image-
conditioning domains while keeping motion data, text, object shape, and
sparse waypoints fixed.MeshImg uses white-background body-object ren-
ders, SceneImg adds indoor scenes, textures, and lighting, and EditImg
applies FLUX.2-dev image editing to SceneImg to increase photorealism.
Models trained with MeshImg transfer poorly to SceneImg and EditImg,
whereas methods with SceneImg transfer much better to EditImg, support-
ing SceneImg for robust conditioning on photorealistic references.

2026]. We also re-implement ViHOI [Cai et al. 2026] (since code is
not yet public), adapting its three-image input to our single-image
setting and marking this row as ViHOI★; see Sup. Mat. for details.

4.1 Main Comparison on FBM and BEHAVE
Table 1 evaluates whether image conditioning improves fine-grained
interaction control on FBM without degrading motion quality or

waypoint following. CHOIS remains the strongest waypoint fol-
lower, reaching WPErr = 2.87 cm because it has no image condition
“competing”with other condition signals. Image-freemethods do not
receive a reference image, so image-adherence metrics are reported
only for image-conditioned methods.

Baselines using a single global image token, namely CHOIS+Img
and ViHOI★, improve some global motion metrics such as FID but
provide limited image adherence. For CHOIS+Img and ViHOI★,
𝐴Any remains between 13.08 and 13.33 cm across CLIP, DINOv2,
and Qwen2.5-VL image encoders. ViHOI★ improves FID relative to
CHOIS+Img with the same Qwen2.5-VL encoder, but its adherence
remains comparable. This indicates a representation bottleneck: a
single image token compresses spatial evidence that is needed to
recover body pose, object pose, and body-object contact and layout.

Our spatial encoder addresses this bottleneck with supervised in-
teraction tokens localized at the conditioning frame. Ours (Spatial)
reduces𝐴Any from 12.56 to 7.95 cm relative toOurs (Temporal) that
uses global image representation from DINOv2 and improves FID
from 0.52 to 0.30. Spatial tokens give strong reference-frame control,
but they are fixed across the sequence. Ours (Spatial+Temporal)

adds frame-aware tokens that query the image patches for each
motion frame, testing whether image evidence can also improve the
surrounding motion. Waypoint error increases relative to CHOIS be-
cause image and waypoint conditions compete for control; Sup. Mat.
analyzes this tradeoff.

Figure 3 shows the qualitative failure mode under photorealistic
EditImg conditioning. Baselines using global image representation
with a single token often preserve action category but miss the
depicted contact, object orientation, or hand-object layout.

Table 2 repeats the comparison on BEHAVE using MeshImg, test-
ing whether spatial image factorization transfers to a different mo-
tion distribution. The same trend holds: spatial factorization im-
proves image adherence over global image conditioning, showing
that the gain is not specific to FBM. This isolates the effect of the
image representation under the BEHAVE rendering protocol.
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Ref. Image CHOIS+Img ViHOI* IMAGIN-4D (Ours)

Lift the clothestand, move the clothestand and 
put down the clothestand.

Lift the clothestand, move the clothestand and 
put down the clothestand.

Lift the clothestand, move the clothestand and 
put down the clothestand.

Lift the trash can, move the trash can and put 
down the trash can.

Lift the trash can, move the trash can and put 
down the trash can.

Lift the trash can, move the trash can and put 
down the trash can.

Lift the floor lamp, move the floor lamp and 
set it back down.

Lift the floor lamp, move the floor lamp and 
set it back down.

Lift the floor lamp, move the floor lamp and 
set it back down.

Fig. 3. Qualitative comparison on FullBodyManipulation (Sec. 4.1). Each row shows a reference image (EditImage) and generatedmotion fromCHOIS+Img,
ViHOI★, and IMAGIN-4D, all conditioned on the same text prompt, object shape, waypoints, and reference image. Single-token image conditioning often
misses fine-grained details, such as contact, hand placement, or body-object layout, while IMAGIN-4D better matches the depicted interaction state.

4.2 Cross-Domain Image Generalization
Table 3 tests whether image conditioning transfers across rendering
domains. The motion ground truth is fixed; only the conditioning
image changes. Training on MeshImg transfers poorly to SceneImg
or EditImg, with 𝐴GT degrading by roughly 23–24 cm and FID in-
creasing sharply. Training on SceneImg transfers much better to
EditImg: 𝐴GT increases by only 4.25 cm relative to same-domain
SceneImg. Together with Fig. 5, this supports using SceneImg as the
main training domain: it contains enough scene, lighting, texture,
and material variation to transfer to more photographic references.
Detailed cross-domain analysis is provided in Sup. Mat.

4.3 Qualitative Results
Figure 4 tests whether the generated motion causally depends on
the image. We horizontally flip only the conditioning image at infer-
ence time, keeping text, waypoints, object geometry, conditioning
frame, and random seed fixed. The generated grasp side and contact
region change, showing that the model actually uses the image.
The generated motion is not fully mirrored, because the non-image
conditions remain unchanged and still need to be met; this is the
desired behavior for a conditional generator that must reconcile
image evidence with text, object geometry, and waypoints.

Finally, Fig. 6 shows sketch-to-motion as a downstream authoring
application. We retrain the image branch using line drawings from
the same rendered reference frames. Image adherence is lower for

sketch conditioning than for RGB conditioning because line draw-
ings remove appearance cues that help localize contact and pose;
quantitative results are provided in Sup. Mat. This shows that the
method is not limited to photometric RGB inputs, although sketches
remove appearance cues useful for contact and pose localization.

5 Conclusion
We present IMAGIN-4D, an image-guided HOI generator that uses a
reference interaction snapshot to control 4D human-object motion.
Our results show that reference images are useful for HOI generation
only when their spatial cues are preserved and propagated across
time. A single pooled visual token can improve motion metrics like
FID and R-Precision, but it collapses the fine-grained cues needed
to recover the depicted contact, object pose, and body-object layout.
In contrast, spatially factorized tokens recover the reference inter-
action state, and frame-aware tokens extend this visual influence
to the surrounding motion frames. Role-aware conditioning then
preserves these visual cues by routing image, text, and waypoint
signals through separate streams rather than merging them into one
conditioning signal. Our rendering pipeline and image-adherence
metric enable controlled evaluation across image domains, including
sketches, and across datasets like FBM and BEHAVE. Together, these
results establish spatio-temporal image conditioning as a practical
way to specify fine-grained human-object interactions beyond text
and sparse waypoints, without sacrificing motion quality. Code and
trained models will be publicly released.
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SceneImg

Ref. Image

EditImg SceneImgMeshImg EditImg

Motion Ref. Image (Mirrored) Motion

Push the largebox, and set it back down. Push the largebox, and set it back down.

Hold and turn the clothestand around to 
different location.

Hold and turn the clothestand around to 
different location.

Pull the trashcan and set it back down. Pull the trashcan and set it back down.

Fig. 4. Flip-image consistency test (Sec.4.3).We horizontally flip only the reference image at inference time while keeping the text prompt, object geometry,
and waypoints fixed. The generated contact side and body-object layout change with the flipped image, showing that IMAGIN-4D uses visual evidence rather
than ignoring the image condition. The motion is not an exact mirror because the unchanged non-image conditions must still be satisfied.

SceneImgMeshImg EditImg SceneImgMeshImg EditImg
Fig. 5. Conditioning image domains (Sec. 4.2). We render conditioning images from each ground-truth sequence from the FullBodyManipulation dataset
and use the contact-centered frame for evaluation.MeshImg is a clean body-object render, SceneImg adds Replica scenes, body textures, and posed objects, and
EditImg applies image editing for more photorealistic references. SceneImg is used for evaluation, while MeshImg and EditImg analyze image-domain transfer.
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SceneImg

Ref. Image

EditImg SceneImgMeshImg EditImg

Motion Ref. Image Motion

Kick the base of the floor lamp and set 
it back down.

Lift the suitcase, move the suitcase and 
put down the suitcase.

Lift the smallbox, rotate the small box 
and set it back down.

Lift the small table above your head, 
walk, and put the small table down.

Pull the tripod and set it back down. Lift the small table above your head, 
walk, and put the small table down.

Fig. 6. Sketch-to-motion (Sec.4.3).We replace the RGB reference image with a line drawing and retrain the model. Despite removing texture, color, and
scene appearance, the model preserves the depicted interaction layout and generates a complete motion sequence. This shows that IMAGIN-4D can also
support sketch-based conditioning, where users specify the desired contact and body-object arrangement with a simple drawing.

Ref. Image CHOIS+Img ViHOI* IMAGIN-4D (Ours)

Lift the woodchair, move the woodchair and put 
down the woodchair.

Lift the woodchair, move the woodchair and put 
down the woodchair.

Lift the woodchair, move the woodchair and put 
down the woodchair.

Push the whitechair, release the hands, then 
drag the whitechair and set it back down.

Push the whitechair, release the hands, then 
drag the whitechair and set it back down.

Push the whitechair, release the hands, then 
drag the whitechair and set it back down.

Push the plastic box, and it back down Push the plastic box, and it back down Push the plastic box, and it back down

Fig. 7. Qualitative comparison on FullBodyManipulation (SceneImg) (Sec. 4.1). Each row shows the SceneImg reference and generated motion from
CHOIS+Img, ViHOI★, and IMAGIN-4D under the same text prompt, object shape, waypoints, and reference image. Single-token image conditioning often
misses contact, hand placement, object orientation, or body-object layout. IMAGIN-4D better matches the depicted interaction state.
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Supplementary Material

IMAGIN-4D: Image-Guided Controllable Interaction Generation

Overview. This supplement provides metric definitions, image-
adherence details, data generation, baseline construction, architec-
ture and training details, ablations, cross-domain analysis, BEHAVE
protocol notes, sketch-conditioning results, qualitative probes, and
failure cases.

A Metrics
We report five metric groups. Distances are reported in centimeters
unless stated otherwise.
Image adherence. Image adherence measures whether the gener-
ated sequence realizes the interaction state depicted in the reference
image. At the annotated conditioning frame 𝑡★, the reference im-
age defines a target human-object configuration. We report three
variants: 𝐴GT, evaluated exactly at 𝑡★; 𝐴W10, the best score within
a ±10-frame window around 𝑡★; and 𝐴Any, the best score over the
full 120-frame sequence. Lower is better. For details, see Sec. B.
Motion quality and text alignment. FID and R-Precision are
computed using the frozen CHOIS text-to-motion evaluator [Li
et al. 2024a]. This keeps the protocol directly comparable to prior
text-and-waypoint HOI generation methods.
Contact. Contact is measured by precision, recall, and 𝐹1 between
generated left/right hand contact flags and the ground-truth BE-
HAVE contact annotations.
Interaction artifacts. We report foot sliding and hand-object
penetration. Foot sliding measures the motion of foot joints while
they are predicted to be in floor contact. Hand-object penetration
measures mesh-level hand penetration into the object using the
rest-frame object SDF. For BEHAVE categories without rest-frame
SDFs, hand penetration is not reported.
Waypoint following. Waypoint error measures the planar dis-
tance between the generated object trajectory and the prescribed
sparse waypoints at waypoint timestamps. Since all controllable
baselines receive waypoints, this metric measures whether image
conditioning degrades trajectory control.

B Image Adherence Metric
Let the generated sequence be {(j𝑡 , o𝑡 )}𝑇𝑡=1, where j𝑡 ∈ R24×3 are
body-joint positions and o𝑡 ∈ R3 is the object centroid. The reference
image corresponds to the ground-truth interaction state (j★, o★) at
frame 𝑡★. Predicted and ground-truth poses are mapped to the same
canonical interaction frame before evaluation.
For each generated frame 𝑡 , we compute

𝑑 (𝑡) = 0.8𝑑hum (𝑡) + 0.2 ∥o𝑡 − o★∥2, (11)

where

𝑑hum (𝑡) =
24∑︁
𝑘=1

𝑤𝑘 ∥j𝑡,𝑘 − j★
𝑘
∥2, 𝑤𝑘 =

exp
(
−∥j★

𝑘
− o★∥2/𝜎

)
∑24

𝑟=1 exp
(
−∥j★𝑟 − o★∥2/𝜎

) ,
(12)

with 𝜎 = 0.3m. The weights emphasize joints close to the object
in the reference interaction state, making the metric sensitive to
contact-relevant body parts while still accounting for full-body

configuration. We report

𝐴GT = 𝑑 (𝑡★), (13)
𝐴W10 = min

|𝑡−𝑡★ | ≤10
𝑑 (𝑡), (14)

𝐴Any = min
1≤𝑡≤𝑇

𝑑 (𝑡) . (15)

𝐴GT measures exact temporal alignment. 𝐴W10 allows small tim-
ing shifts while still requiring the interaction to occur near the
intended frame. 𝐴Any diagnoses whether the desired interaction is
realized somewhere in the sequence even when temporal placement
is imperfect.

C Data Generation Details
FullBodyManipulation (FBM) [Li et al. 2023c] and BEHAVE [Bhat-
nagar et al. 2022] provide human-object motion but not reference
images for image-conditioned generation. We therefore render ref-
erence images from ground-truth motion sequences.
Reference-frame selection. For each 120-frame window, we ren-
der frames from a uniform temporal grid and one contact-centered
frame. The contact-centered frame is the temporal centroid of left-
and right-hand contact flags:

𝑡★ = round
[∑

𝑡 𝑡 (𝑐L
𝑡 + 𝑐R

𝑡 )∑
𝑡 (𝑐L

𝑡 + 𝑐R
𝑡 )

]
. (16)

If no hand contact occurs, we use the window center.
Rendering domains. We use three image domains. MeshImg ren-
ders the posed body and object on a white background. SceneImg
places the same human-object pair in Replica indoor scenes [Straub
et al. 2019] with BEDLAM body textures [Black et al. 2023], object
materials, and Blender Cycles shading. EditImg applies a directive-
prompt FLUX.2-dev [Black Forest Labs 2025] image-editing pass
to SceneImg, with prompts designed to preserve body pose, hand
placement, object pose, and contact while changing appearance.
SceneImg is used for the main FBM training and evaluation be-

cause it contains scene context, lighting, shadows, clothing texture,
and object appearance. MeshImg is used for controlled ablations
and for BEHAVE, where SMPL-H bodies do not share the SMPL-X
UV layout used by BEDLAM textures. EditImg is used only at test
time to evaluate robustness to more photorealistic references.
Scene placement and camera. For SceneImg, we sample valid
navigable scene locations, place the body-object pair on the local
floor, and select a camera that maximizes human-object visibility
while avoiding severe scene occlusion. Images are rendered at 512×
512 using Blender Cycles. The Cycles render is deterministic for a
fixed sequence, scene, and camera, so all methods receive identical
conditioning images.
Main-image protocol. Unless otherwise stated, the FBM test image
is SceneImg sampled at 𝑡★. Main FBM comparisons and architecture
ablations are trained and evaluated on SceneImg. MeshImg and
EditImg are reserved for cross-domain probes so that the domain-
shift experiment changes the image distribution rather than the
motion sequence.
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Fig. 8. Why EditImg is derived from SceneImg. Columns 1–2 show
direct MeshImg→EditImg results. Columns 3–5 show the same interaction
as MeshImg, SceneImg, and SceneImg-derived EditImg. Direct MeshImg
editing can preserve the interaction in some cases, but can also change
human pose, object pose, contact, or body-object layout. Since image adher-
ence assumes that the reference preserves the target interaction geometry,
we use the more reliable SceneImg→EditImg protocol for evaluation.

Why EditImg is derived from SceneImg. We apply FLUX.2-dev
editing to SceneImg rather than MeshImg to keep the evaluation
geometry controlled. MeshImg editing sometimes produces plausi-
ble photographic images, but the edit can also change human pose,
object pose, hand-object contact, or body-object layout. This breaks
the image-adherence protocol, which assumes that the reference im-
age preserves the target interaction geometry from the ground-truth
motion. SceneImg already contains indoor context, shadows, body
texture, and object appearance, so editing mainly changes visual
realism while better preserving the interaction state. We therefore
use SceneImg→EditImg as the photorealistic transfer setting. Fig. 8
shows two failure cases and one partially successful MeshImg edit.

D Baseline Construction
Image-free baselines. We report the published FBM numbers
from CHOIS [Li et al. 2024a]. These include CHOIS, MDM [Tevet
et al. 2023], and InterDiff [Xu et al. 2023], with MDM and InterDiff
retrained for the text-and-waypoint HOI generation task by CHOIS.
Pooled-image CHOIS baselines. To test whether image con-
ditioning helps under a simple interface, we retrain CHOIS with
one pooled visual token. We use three encoders: CLIP [Radford
et al. 2021], DINOv2 [Oquab et al. 2024], and Qwen-VL [Cai et al.
2026]. These rows isolate the effect of encoder choice when the
conditioning interface is fixed to a single pooled token.
ViHOI re-implementation. The closest image-conditioned com-
petitor is ViHOI [Cai et al. 2026], which compresses reference images
into a single visual token using a Qwen-VL backbone and Q-Former
adapter. We implement ViHOI following its published formulation
and adapt its three-image input to our single-image setting for a
matched comparison. We mark this adapted row as ViHOI★.
Controlled encoder-interface comparison. TheQwen-VL pooled
baseline and ViHOI★ hold the visual backbone family fixed while
changing the image interface from pooling to a Q-Former token.

The CLIP and DINOv2 pooled baselines hold the single-token in-
terface fixed while changing the encoder. These controlled rows
separate encoder strength from the representational bottleneck of
single-token conditioning.

E Training and Optimization Details
Backbone. The denoiser is a 4-layer transformer with width 512
and 4 attention heads, trained as an 𝑥0-prediction DDPM on 120-
frame motion windows. Each frame contains object translation,
object rotation, body joint positions, body joint rotations, and se-
mantic contact channels. Object geometry is represented with a
1024-point BPS encoding [Prokudin et al. 2019].
Conditioning. The model uses three AdaLN streams: a base stream
for diffusion step and text conditioning, a waypoint stream for
sparse trajectory constraints, and an image stream for window-
gated spatial image tokens. The waypoint and image streams are
zero-initialized so training starts close to the text-and-waypoint
model. Frame-aware visual tokens are injected through a cross-
attention block in the final decoder layer.
Image heads. The image branch uses frozen DINOv2 ViT-B/14
patch features [Oquab et al. 2024]. Separate Q-Former heads [Li et al.
2023a] predict contact, human pose, object pose, and body-object
layout at the reference frame. These supervised heads form spatial
image tokens used by the denoiser and reference-frame localizer.
Losses. The training objective combines the denoising loss, SFIE
supervision, reference-frame localization loss, image-consistency
loss at the reference frame, forward-kinematics loss, object-point
loss, and foot-contact loss. The denoising loss is upweighted near
the predicted reference frame so that image conditioning receives
stronger supervision where the reference image is most informative.

Symbols below match Sec. 3. The SFIE supervision (Eq. (2)) uses
𝜆con,pos=𝜆con,flag=2.0, 𝜆hum=1.5, 𝜆obj=1.0, and 𝜆spa=2.5, with the contact-
position MSE and contact-flag BCE sharing a single scalar weight
applied to their sum. The reference-frame localizer (Eq. (4)) uses
𝜆fp=0.1 with label-Gaussian 𝜎𝑞=3 frames. The window-gated im-
age conditioning (Eq. (5)) uses a Gaussian temporal window 𝑤𝜎𝑔

with 𝜎𝑔=5 frames, and the denoising-loss frame emphasis (Eq. (8))
uses 𝜆cf=5.0 with spread 𝜎cf=5 frames. The auxiliary losses (Eq. (9))
use 𝜆img=2.0, 𝜆FK=0.5, 𝜆objpts=1.0, and 𝜆feet=1.0. Image classifier-free
guidance uses drop probability 𝑝drop=0.1.
Optimization. We train with AdamW in bf16 at learning rate 10−4

on four GPUs with per-GPU batch size 32 (effective batch 128). The
schedule warms up over a single step and is then held flat by an
adaptive scheduler that halves the learning rate on detected NaN
and recovers on subsequent stable windows. Diffusion uses 1000
DDPM steps with a cosine noise schedule and predicts x0. We track
an exponential moving average of the denoiser with decay 0.995
updated every 10 steps; all reported numbers use the EMA weights.
We apply left-right flip augmentation with probability 0.5 jointly
to image features, body joints, object pose, rotations, contact labels,
and waypoint constraints. Evaluation uses no flip augmentation.

F Architecture Details
Spatially factorized image encoder. The image encoder extracts
16× 16 DINOv2 patch tokens from the reference image and projects



14 • Anonymous Authors

them to the denoiser width. Four Q-Former heads read the same
patch grid with separate learnable queries: contact, human pose,
object pose, and body-object layout. Their outputs are concatenated
and projected into a spatial image representation.
Frame-aware visual tokens. A separate frame-aware Q-Former
re-queries the same DINOv2 patch grid for each frame. Its queries
are conditioned on the frame index and text embedding, producing
a frame-dependent visual memory. This memory is used by the final
decoder layer through cross-attention.
Reference-frame localizer. A two-layer MLP predicts a distribu-
tion over the 120 motion frames from the spatial image represen-
tation. During training, it is supervised with a Gaussian-smoothed
label centered at the ground-truth reference frame. The predicted
frame is used for temporal image gating during both training and
inference.
Denoiser. Each transformer decoder layer uses AdaLN-Zero mod-
ulation. Text, waypoint, and spatial-image conditions are routed
through separate AdaLN streams. Frame-aware visual tokens are
routed through late cross-attention instead of global modulation.

G Qwen vs. DINO Patch Features
ViHOI uses Qwen-VL features, so we test whether replacing DI-
NOv2 with Qwen2.5-VL improves our image-conditioning interface.
This comparison is architecture-specific: our SFIE uses small role-
specific Q-Former heads that read patch tokens for contact, human
pose, object pose, and body-object layout. Such heads require patch
features that remain spatially discriminative across image regions.

Encoder intra-cos↓ cross-cos↓ eff-dim↑ rank99↑

DINOv2 ViT-B/14 + reg 0.27 0.63 8.34 123
Qwen2.5-VL layer 3 0.44 0.93 5.27 170
Qwen2.5-VL layer 6 0.59 0.97 3.01 160
Qwen2.5-VL layer 12 0.56 0.97 3.22 171
Qwen2.5-VL layer 18 0.58 0.98 2.92 182
Qwen2.5-VL layer 24 0.59 0.98 2.73 182
Qwen2.5-VL layer 28 0.30 0.92 8.54 194

Table 4. Patch-token redundancy on 100 FBM reference images. DINOv2
gives lower within-image and across-image cosine similarity, indicating
more spatially diverse and image-discriminative patch features for our role-
specific Q-Former heads.

The diagnostic supports the ablation in Tab. 5: replacing the
DINOv2 patch grid with Qwen2.5-VL hidden states worsens 𝐴Any
by+2.1 cm at similar FID and waypoint error. This does not imply
that DINOv2 is a stronger visual encoder in general. Rather, for
our factorized patch-level conditioning, DINOv2 preserves spatial
variation that the contact, pose, object, and layout heads can exploit.
Qwen2.5-VL features are semantically stronger but more globally
compressed, which is less suited to this interface.

H Ablations
Tab. 5 reports single-axis ablations anchored on full IMAGIN-4D,
corresponding to the “Ours (Spatial+Temporal)” row of Tab. 1. Each
row replaces one component choice while holding rest fixed.

Variant Image Adh. (cm)↓ FID↓ 𝐶𝐹1 ↑ WP

GT W10 Any (cm)↓

IMAGIN-4D, full 8.43 7.65 7.45 0.28 0.677 5.69

(A) Spatially Factorized Image Encoder (per-role).
− contact (𝜿 ) 10.0 8.6 8.0 0.30 0.60 5.7
− human-pose (𝝆) 10.5 9.0 8.0 0.40 0.66 5.7
− object-pose (𝝃 ) 9.3 8.1 7.7 0.30 0.68 6.4
− body-object layout (𝝂) 11.0 9.5 9.0 0.34 0.64 5.7

(B) Image classifier-free guidance.
𝑠img=1 (off) 9.7 8.78 8.46 0.34 0.674 5.66

(C) Role-aware conditioning.
− image AdaLN stream 13.4 10.4 7.1 0.57 0.72 3.8
frame-aware via AdaLN 9.2 8.3 7.9 0.60 0.66 6.0

(D) Visual input modality.
RGB→ sketch 10.9 9.66 9.00 0.33 0.654 6.01

Table 5. Single-axis ablations on FullBodyManipulation (FBM)

dataset (482-window full eval, step 200k). The first row reports the full
IMAGIN-4D (matching the “Ours (Spatial+Temporal)” row of Tab. 1). Each
subsequent row replaces one component or recipe choice with the rest of the
system held fixed. In (C), “− image AdaLN stream” merges image features
into the base AdaLN alongside text and time (waypoint AdaLN stream and
frame-aware cross-attention retained); “frame-aware via AdaLN” routes the
per-frame frame-aware tokens through a per-layer AdaLN stream instead of
the last-layer cross-attention (all other routes retained). In (D), both training
and evaluation use line-drawing sketches in place of RGB references.

Spatial decomposition (A). The four supervised Q-Former heads
encode contact, human pose, object pose, and body-object layout
from the same patch grid. Rows A.1–A.4 remove one role at a time.
The layout head has the largest effect on𝐴Any: cross-frame approach
paths rely on body-to-object directions, and removing it costs 1.5 cm
of 𝐴Any at otherwise neutral waypoint error. The human-pose head
produces the largest FID hit, consistent with its role as the body-
realism anchor at 𝑡★. Removing the contact head reduces 𝐶𝐹1 from
0.677 to 0.60 while leaving waypoint and motion-quality metrics
nearly intact, isolating the contact pathway. The object-pose head
is the only one whose removal visibly degrades waypoint error
(+0.7 cm); its removal has the smallest effect on adherence, matching
its smaller feature dimension and supervision weight.
Image classifier-free guidance (B). Disabling image CFG (𝑠img=1)
costs∼1 cm of 𝐴Any at neutral FID and waypoint error, confirming
the headline number’s dependence on this sampling-time lever.
Role-aware conditioning (C). The denoiser routes text, sparse
waypoints, and window-gated image evidence through separate
AdaLN streams, and frame-aware tokens through final cross-attention
(Sec. 3.3). Row C.1 collapses the image route; the placeholder row
swaps the frame-aware route from cross-attention to AdaLN.

Removing the image AdaLN stream (C.1) merges the spatial-token
summary into the base AdaLN with text and time, while keeping the
waypoint stream and frame-aware cross-attention. 𝐴GT regresses
from 8.4 to 13.4 cm and 𝐴W10 from 7.65 to 10.4 cm. Waypoint error
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improves to 3.8 cm because the shared AdaLN now spends its capac-
ity on text and trajectory rather than reconstructing the image. This
isolates the trade-off referenced in Sec. 4.1: image and waypoint con-
ditioning compete for the same modulation channel unless they are
routed separately. The bi-stream variant therefore sits on a Pareto
front opposite the full method — it pays 5 cm of 𝑡-frame adherence
to recover 1.9 cm of waypoint precision. The full IMAGIN-4D selects
the adherence-prioritized operating point of this front, in line with
the controllable-generation framing of the paper.
The frame-aware-via-AdaLN row swaps the last-layer cross at-

tention for a per-layer AdaLN stream on the same per-frame frame-
aware tokens, keeping every other component fixed. 𝑡-frame adher-
ence is comparable to the cross attention route (𝐴GT 8.4→9.2 cm)
because frame-aware tokens contribute marginally to adherence in
both routings, but FID regresses sharply (0.28→0.60) and contact
𝐹1 drops by 1.7 pp. Per-layer multiplicative AdaLN amplifies the un-
supervised frame-aware token noise across the entire decoder stack,
while last-layer cross-attention applies the same evidence once and
leaves the earlier-layer signal flow unperturbed. Cross-attention
is therefore the preferred routing for tokens that are trained only
through the denoising objective.
Visual inputmodality (D). Replacing the RGB reference with line-
drawing sketches at training and test time costs ∼1.5 cm of 𝐴Any at
near-neutral FID and waypoint error: sketches retain silhouette and
object outline but lose the appearance cues that pin down contact
side, body texture, and object material. See Sec. K for details.

I Cross-Domain Transfer
We evaluate cross-domain transfer using MeshImg, SceneImg, and
EditImg. The motion sequence and target interaction state are fixed;
only the conditioning image domain changes. This isolates visual-
domain transfer from motion-distribution transfer.

Same-domain rows define the no-shift setting. MeshImg is slightly
easier than SceneImg because it removes background clutter, texture
variation, and lighting. However, MeshImg training transfers poorly
to SceneImg and EditImg because the image heads are trained on
white-background body-object renders and then tested on textured
scenes or edited photographic images.

SceneImg training transfers better to EditImg. SceneImg already
contains indoor context, lighting, shadows, body texture, and object
material, so editing mainly changes appearance while preserving
the body-object layout. This supports using SceneImg as the main
FBM training domain and SceneImg→EditImg as the controlled
photorealistic transfer setting.

J BEHAVE Protocol
BEHAVE [Bhatnagar et al. 2022] is used as a second-benchmark
replication with a different motion distribution from FBM. We train
and evaluate a separate model on BEHAVE usingMeshImg reference
images.
We use MeshImg because BEHAVE provides SMPL-H bodies,

while our SceneImg and EditImg pipeline uses SMPL-X-compatible
BEDLAM body textures [Black et al. 2023]. This keeps BEHAVE fo-
cused on architectural transfer rather thanmixingmotion-distribution
shift with rendering-domain shift.

For categories without rest-frame object SDFs, we do not report
hand-object penetration. All other metrics follow Sec. A.

K Sketch-to-Motion
We evaluate whether IMAGIN-4D can condition on line drawings
instead of RGB references. Sketch images are produced from the
same rendered reference frames using off-the-shelf line extractors.
The motion data, reference-frame selection, camera, and scene place-
ment remain unchanged, isolating the input image domain.

The architecture is unchanged; only the conditioning image changes.
At 200k training steps, the sketch-conditionedmodel reaches 97.32mm
𝐴W10 compared to 76.79mm 𝐴W10 for the matched RGB model; see
Table. 5. FID remains similar. Image classifier free guidance improves
sketch adherence. These results show that sketches provide usable
control for controllable generation of motion.

L Qualitative Results
The supplementary video shows reference images, generated inter-
action frames, and full 120-frame motion sequences across FBM and
BEHAVE. We include held-out object categories, different reference-
frame positions, and cross-domain image inputs.
The examples include both successes and failures. Successful

cases preserve the reference contact region, body-object layout, and
object pose near the conditioning frame while maintaining plausible
motion before and after the interaction. Failure cases show wrong
contact side, hand-object penetration, temporal drift, and sensitivity
to out-of-domain edited images.

M Image-Flip Probe
We test whether the model causally uses the reference image by hor-
izontally flipping only the image at inference time while keeping the
text, waypoints, object geometry, conditioning frame, and sampling
seed fixed. The expected behavior is that grasp side, contact region,
and approach direction change relative to the unflipped image, but
the generated motion should not become a perfect mirror because
the non-image conditions remain unchanged.
This probe isolates the effect of image conditioning. In contrast,

training-time flip augmentation mirrors the image, body joints,
object pose, rotations, contact labels, and waypoints jointly so that
augmented samples remain physically consistent.

N Failure Cases
We observe three recurring failure modes. First, FBM contains im-
perfect hand poses and contact annotations, and the model inherits
these artifacts from the training data. This is most visible near
contact frames, where hands can look unnatural even when body-
object layout and object motion are plausible. Second, the model
can produce hand-object interpenetration, especially for small or
thin objects. Image adherence and contact prediction improve in-
teraction control, but they do not guarantee mesh-level physical
validity. Third, a single reference image specifies one interaction
snapshot, not the full approach or release motion. The generated
sequence can therefore realize the depicted contact slightly before
or after the annotated frame, reflected by gaps between 𝐴GT, 𝐴W10,
and 𝐴Any.
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