Supplementary Material for GraspDiffusion: Synthesizing Realistic Whole-body
Hand-Object Interaction

S1. Model Architecture

For the first stage of our pipeline, we use a diffusion model
to synthesize a body pose grasping the input object. The
model is trained to predict plausible body parameters (6
DoF body pose, global orientation), conditioned on the
object’s relative location Zq,; € R3 and the target hand
Creft, Cright € {0,1}. These conditions are transformed to a
conditional embedding v., which is added to the timestep
embedding e; and passed to residual blocks within the
model, following [6]. We used 3 ResNet blocks for the
model, and adopted a cosine noise schedule in training. Ad-
ditional grasping results are provided in Figure 4, and de-
tails on model parameters are provided in Table 1.

In Figure 1, we provide an example comparison between
our method and previous grasping pose generation methods
[9, 10, 12, 14]. When given a object with its location rel-
ative to the human body (left row), GOAL [9] and SAGA
[12] tend to create distorted poses when the object is far
away from the human, as they assume it to be in the same
horizontal xy-plane. FLEX assumes a world-centric coor-
dinate system, which leads to pose ambiguity for our sce-
nario. While COOP has a similar objective, it focuses on
various object heights, and requires an extensive test-time
optimization of 5 different loss terms. We are the first to
utilize a lightweight diffusion model in synthesizing body
grasping poses.

For the second stage of our pipeline, we use a diffusion
model based on the Latent Diffusion [8] architecture, and
attach encoders [5] that receives spatial features from the
synthesized body pose. Specifically, we first provide three
spatial conditions from the full-body grasping pose; the hu-

Parameter Diffusion Model (Body Pose)
Input Channels 132

Condition Channels 5

Model Channels 1024

ResBlock Number 3

Diffusion Steps 1000

Noise Scheduler Cosine

Table 1. Model architecture for body pose generation diffusion
model.

2 o f",‘/ « )
e | Y ( . | B
X o

i RS

(a) Location (b) GOAL [9] (c) COOP [14] (d) Ours

Figure 1. Grasp synthesis comparison with previous methods.
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Figure 2. Synthesis results from a single image. We first synthe-
size a 3D Mesh from the image using TripoSR [11], InstantMesh
[13], Real3D [4] and subsequently used the mesh as input.

man skeleton projection, joint depth map, and the occluded
object with ambient lighting ([s?, d*, 0‘]). Then we further
refine the hand-object region by providing similar spatial

Parameter Conditional Encoder(s)
Input Channels 3 x 64
Output Channels [320, 640, 1280, 1280]
ResBlock Number 2

Kernel Size 1

Feature Weight (Body) [1.0,0.6,1.0]
Feature Weight (Hand) [1.0,0.6,1.0]
Parameter Attention Injection
Human Strength 0.2

Object Strength 1.8

Negative Object Strength -9.0

Weight coefficient (w/) 0.4

Table 2. Model architecture for scene generation models, and in-
ference parameters for attention injection.



Figure 3. Failure cases for GraspDiffusion.

conditions, but centered on the hand region ([s}, di, o} ]).
For training, we only train the conditional encoders and
fix the parameters for the original Stable Diffusion model,
encouraging the encoders to be used with other diffusion
models finetuned from Stable Diffusion, accounting to our
pipeline’s style flexibility.

During inference, we further control the interaction by
rectifying the cross-attention maps for the human and ob-
ject. For the segmentation masks from the body pose (hu-
man : m’, object : m?, negative object : m?, ), we assign
different levels of strength for each maps to create an in-
put attention matrix A € RNt where N; and IV; are the
number of image and text tokens. We assign a higher weight
for the object masks due to their regional size differences.
We then edit the cross attention layers so that it computes
the output as softmax(L\/dik““‘l)V, where ), K,V are the
query, key and value embeddings, dj, is the dimensionality
of @ and K, and w is a scalar weight that controls the total
strength of user input attention. This encourages the im-
age tokens in the segmented regions to adhere more to the
corresponding text tokens, ensuring that the interaction cap-
tured by the body pose is well maintained. Following [2],
we calculate w as

w=w -log(1+0c)- max(QKT)

where w' is a user defined scalar. Details on model pa-
rameters and inference are provided in Table 2. Note that
for the feature weights, we assigned a relatively low rate
for the joint depth map, to ensure the result image doesn’t
overfits to the SMPLX [7] mesh’s outline.

S2. Additional Results

We display failure cases for our pipeline in Figure. 3, where
We note some failure cases, where the refined hand stands
out from the image (left row), the hand shape tends to be
uncanny (middle row), or where the complex object texture
is not correctly preserved within the image (right row).

We also provide additional results for realistic, full-
bodied human object interaction image generation in Fig-
ure. 4. We display that our model is capable of producing
images of realistic humans interacting with the given object,
with high diversity over human identity, body pose, camera
angle, background, and other relevant scene context. The

results demonstrate our pipeline’s capability in creating re-
alistic grasps for unseen objects.
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