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A. 3D Human Motion Representation001

Our 3D human motion is represented using SMPL pose pa-002
rameters, a standard practice in recent work. The orien-003
tation of each of the 22 joints (including the root joint) is004
encoded using 6D rotations [7] to avoid gimbal lock and005
ensure continuity. Instead of using absolute global transla-006
tions, we represent the global body movement as the dif-007
ference between consecutive frames [1, 5]. This approach008
helps to generate smoother motions by focusing on local009
displacement rather than absolute position, which can suf-010
fer from drift. Consequently, each motion frame is repre-011
sented as a 135-dimensional vector, comprising the 6D ro-012
tations for all 22 joints and a 3D vector for the consecutive013
global translation. A full motion is a sequence of these 135-014
dimensional vectors. Before training, these features are nor-015
malized using the mean and variance of the training set, a016
standard procedure to stabilize the learning process.017

B. Adaptation Module Encoders018

This section provides a detailed overview of the two pri-019
mary encoders used to generate conditioning signals for our020
adaptation modules. The architecture of these encoders is021
illustrated in Figure 1.022

As shown in Figure 1(a), the Speech Content Encoder is023
designed to process the multimodal inputs required for co-024
speech gesture generation. It takes both speech audio and025
its corresponding transcript, processes them to extract dis-026
tinct features, and then concatenates these to produce a joint027
audio-text feature vector. This feature vector subsequently028
serves as the conditioning signal for the Co-speech Gesture029
Adaptation Branch.030

Figure 1(b) details the BPS Feature Generator, which031
is responsible for deriving object-specific conditioning sig-032
nals. This encoder takes as input the current noisy body033
pose and the geometry of the target object. It extracts two034
types of features: object geometry features from Basis Point035
Sets (BPS) and human-object interaction features. These036
are then merged to create a comprehensive feature vector037
that guides the Interaction-Aware Adaptation Branch, en-038
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Figure 1. Architecture of InteracTalker’s Adaptation Encoders.
(a) The Speech Content Encoder extracts joint audio-text features
from speech audio and a transcript for co-speech gesture genera-
tion. (b) The BPS Feature Generator derives object geometry and
human-object interaction features from the body pose and a target
object to guide object-aware motion.

abling our model to generate motions that are highly respon- 039
sive to a target object’s properties. 040

C. Experimental Setup 041

Our experimental setup follows a three-stage training pro- 042
cess, leveraging a modular approach to build the Inter- 043
acTalker framework. 044

First, the base Motion Diffusion Model (MDM) was pre- 045
trained using the HumanML3D [3] and SAMP [4] datasets, 046
which do not contain object interactions. This training was 047
performed for 500k steps with a batch size of 200. Follow- 048
ing this, the MDM was frozen to serve as a stable motion 049
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prior for the subsequent training of our adaptation branches.050

Next, the interaction-aware branch was trained for 110k051
steps with a batch size of 64. This stage utilized the052
SAMP [4] dataset, augmented with motion-aligned objects053
from the 3D-FRONT [2] dataset, along with their corre-054
sponding text prompts.055

Finally, the co-speech aware branch was trained sepa-056
rately for 600k steps with a batch size of 64 using the057
BEATX [6] dataset. This allowed it to specialize in the fine-058
grained dynamics of co-speech gestures.059

For all training stages, we used the AdamW optimizer060
with a learning rate of 10−4. All experiments were con-061
ducted on a single NVIDIA GeForce RTX 2080 Ti GPU,062
with the total training time spanning approximately 5 days.063
The number of diffusion steps was set to 1000 for both train-064
ing and inference.065

During inference, the conditioning signals from both066
adaptation branches are synergistically injected into the pre-067
trained and frozen MDM, enabling the generation of com-068
prehensive motions that account for both co-speech dynam-069
ics and object interactions simultaneously.070

D. Qualitative Results of InteracTalker071

This section provides a visual demonstration of our072
method’s performance in generating realistic and physically073
plausible human-object interactions. Close-up views of the074
interaction regions in the generated motions are presented075
in Figure 2, visually demonstrating that our approach ef-076
fectively maintains the necessary physical contact for re-077
alistic interaction while rigorously minimizing penetration078
with the target object.079

In addition to Figure 2 presented below, a supplementary080
video is provided to offer a dynamic view of our qualitative081
results. A ‘README’ file is also included with the video,082
which details the specific content and examples shown.083

Figure 2. Qualitative Results: Physically Plausible Human-
Object Interaction by InteracTalker. This figure demonstrates our
method’s superior ability to generate realistic human-object inter-
actions. Observe how our approach consistently maintains neces-
sary physical contact with the target object (e.g., foot on ground,
hand on chair) while achieving minimal penetration, a key chal-
lenge in interaction synthesis. These results visually corroborate
our low quantitative penetration metrics.

E. User Study 084

As the first work to address the complex task of generat- 085
ing co-speech gestures that simultaneously account for de- 086
tailed object interactions, we conducted a user study to as- 087
sess the perceived plausibility and realism of our method. 088
We compared our full InteracTalker framework with a naive 089
concatenation (Concat) approach, which combines indepen- 090
dently generated upper-body co-speech gestures and lower- 091
body object-interaction motions. We recruited around 64 092
participants with minimal or no prior expertise in the do- 093
main to ensure an unbiased evaluation based on visual clar- 094
ity and naturalness. Participants were presented with pairs 095
of videos from both our method and the naive approach. 096
For each pair, they answered questions about different as- 097
pects of motion quality. The full evaluation interface is 098
provided in Figure 3. The user study results, demonstrate 099
a strong preference for our InteracTalker framework (pre- 100
ferred 75%). Our method achieved a significantly higher 101
average rating for motion realism and was preferred by a 102
large majority of participants across all other metrics. This 103
confirms that a unified, integrated solution is critical for 104
generating realistic motions, as the naive approach consis- 105
tently produced motions with undesirable artifacts such as 106
self- and object-penetrations. 107
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Figure 3. Interface used in conducting user study.
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