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Supplementary Material

This supplementary material aims to enhance the repro-
ducibility and understanding of the work contributions. In
Sec. A, we outline the implementation details of the state-
of-the-art models used for comparison, provide detailed for-
mulations of the loss functions employed in training, de-
scribe the newly proposed body-part-specific evaluators, de-
tail the user study methodology, and explain the implemen-
tation of adaptive interaction capabilities. In Sec. B, we
complement the quantitative evaluation with results using
the original evaluators from the Inter-X dataset, present an
extended ablation study examining different memory con-
figurations across all evaluation settings, evaluate the im-
pact of different text encoders, and introduce additional
dyadic-specific metrics to assess interaction quality and
physical plausibility, including foot sliding. In Sec. C, we
describe the accompanying Supplementary Video, which
includes additional visual examples and side-by-side com-
parisons with previous state-of-the-art methods, alongside
new close-up visualizations of complex hand and body con-
tacts, to better illustrate the Interact2Ar capabilities. Fi-
nally, in Sec. D, we detail the code and data availability to
ensure full reproducibility of our work.

A. Implementation Details

A.l. State-of-the-art Implementations

We compared Interact2Ar with previous SOTA methods
on the Inter-X dataset. We primarily compared against
T2M [1], InterGen [5], and InterMask [2].

InterGen is the state-of-the-art baseline among the orig-
inal baselines proposed by the Inter-X [13] dataset authors.
However, given that the weights are not public, we re-
trained InterGen using the original implementation details
described in the paper, including a transformer encoder with
8 blocks and 8 heads (latent dimension 512, feed-forward
dimension 1024). The model uses 1000 steps with DDIM-
50 sampling and was trained for 5000 epochs using EMA
and AdamW. Following Inter-X we used a learning rate
1 x 10~* with weight decay 2 x 10~° and a batch size of
128. Given that the motion representation that we use is not
the same as in the InterHuman dataset [5], we used our loss
adaptations using forward kinematics to train the model.

A.2. Losses

In this section, we provide detailed formulations and expla-
nations for each component of our training loss function.

Representation Loss. The representation loss Ly, directly
measures the /5 distance between the predicted and ground

truth SMPL-X parameters [8] in their raw representation
space:
Liepe(w, &) = [l — [[3, (1)

where © € RT*P represents the ground truth SMPL-X pa-
rameters across 1" frames with dimensionality D, and &
denotes the predicted parameters. This loss operates di-
rectly on the body pose parameters, hand articulations, and
global trajectory, providing a direct supervision signal in the
learned representation space.

Root Orientation Loss. The root orientation 10sS Loent
specifically penalizes errors in the global root orientation of
each individual:

Lorient(ﬁ 72) = Hra - f’a”% + Hrb - fb”% 2

where r,,7, € RT*3 represent the ground truth root ori-
entations for individuals ¢ and b respectively, and 7, 7, are
the corresponding predictions. This loss ensures that the
global facing direction and body orientation of each per-
son are accurately captured, which is crucial for modeling
proper spatial relationships in interactions.

A.2.1. Kinematic Losses

We compute the following geometric losses through for-
ward kinematics (FK), which converts SMPL-X parameters
to 3D joint positions: p = FK(z).

Joint Position Loss. The global joint position loss L, pe-
nalizes discrepancies in the predicted 3D locations of body
joints:

Epos(pvﬁ): ||pa_ﬁa”§+||pb_ﬁb||gv (3)

where p,, p, € RT*Ni*3 are the ground truth global joint

positions for both individuals with IV; joints per person, and
Pa, Dp are the corresponding predicted positions. This loss
enforces spatial accuracy in the generated motions.

Joint Velocity Loss. To promote temporal smoothness and
physical plausibility, we apply a velocity loss on the joint
positions:

Lyei(v,0) = ||Ua_ﬁa”§+||vb_@b||g7 )

where v; = p; — p;—1 represents the joint velocities com-
puted as the difference between consecutive frames. This
loss discourages unnatural jittering and encourages smooth,
realistic motion trajectories.

Foot Contact Loss. The foot contact loss L, reduces ar-
tifacts such as foot skating and floating:

Lia(f, /)= Y i@ filli+118: 0 fill3, )

i€ {feet}



where v; denotes the velocity of foot joint i, f; € {0,1}7
is a binary contact indicator (1 when the foot is in contact
with the ground, O otherwise), and ® represents element-
wise multiplication. This loss penalizes foot motion when
contact is detected, enforcing physical constraints.
Pairwise Joint Distance Map Loss. To capture the fine-
grained spatial relationships between the two individuals,
we introduce the distance map loss Lgig:

Laisi(d, d) = ||(D(pas pb) — D(Paspp)) © M]3,  (6)

where D(pq,pp) € RT*Ni*Ni computes the pairwise Eu-

clidean distance between all joints of individual a and all
joints of individual b:

D(pa; p)i; = |IpS) = i 12, @
with p((f) and p,(f ) denoting the positions of the i-th joint

of person a and j-th joint of person b, respectively. The
binary mask M € {0, 1}T>Ni*N; activates the loss only
for joint pairs in close proximity in the ground truth, focus-
ing supervision on spatial relationships that are most crit-
ical for realistic interactions. This ensures that the spa-
tial proximity patterns between the two individuals match
the ground truth, which is essential for generating realistic
interactive behaviors such as handshakes, hugs, and other
contact-based interactions.

Loss Weighting. The weighting coefficients
{)\repra )\orient» )\p057 /\vela )\foota )\dist} are determined through
grid search to balance the contribution of each loss term.
These weights are calibrated to normalize the magnitude
differences across loss components, ensuring that each term
contributes meaningfully to the optimization process. The
specific values used in our experiments are: App = 1.0,
Aotient = 0.1, Apos = 1.0, Ayt = 1.0, Ayt = 1.0, and
Adist = 0.5.

A.3. Evaluators

Sec. 4 introduced an improved evaluation pipeline over
the original evaluator provided on the Inter-X dataset. This
new pipeline better assesses interaction quality and provides
more granular information. To achieve this, we introduced
a set of new body-part-specific evaluators retrained to have
deeper knowledge of the global information of the interac-
tants.

For all evaluators, we used the architecture proposed
in [1], where a motion and a text feature extractor are trained
via contrastive learning, and these encoded representations
are used to calculate the remaining metrics. Using this ar-
chitecture, we trained 3 evaluators for 300 epochs at a learn-
ing rate of 1 x 10~% to generate feature vectors of size
512. The full evaluator was trained using information from
all SMPL-X joints, the body evaluator using only the base
SMPL [6] joints, and the hand evaluator using the additional
30 joints used for hands.

We additionally made the evaluators more robust, as
demonstrated in Tab. 1 Based on the findings of [7], we de-
cided to train an evaluator using only joint positions. Since
the positioning between different individuals has great im-
portance for interactions, we represented joint positions us-
ing global coordinates. These coordinates are calculated
using a forward kinematic function on SMPL-X rotations
predicted by our model.

A 4. User Study

The user study was performed with 35 different participants
to rank 10 different interactions extracted from: ground
truth, our model, InterMask, and InterGen. The 35 partici-
pants were in the range of 25 to 55 years old, from differ-
ent nationalities, all having higher degrees of study (bache-
lor’s or more). Among the participants, there was a similar
distribution of individuals familiarized with the human mo-
tion generation task and not. Fig. A presents a real frame
from one of the videos that the users had to rank. In the
video, there is a textual description at the top, and there are
4 videos randomly shuffled for each of the possible options.
From each video, the participant had to rank each interac-
tion based on the alignment with the textual description and
the quality of the hand generation. We also included the
ground truth provided by the dataset for this textual descrip-
tion, so the user always had an aligned interaction with the
text and could rank all videos based on the overall quality.
To ensure even distribution of the interaction motions, all
the textual descriptions were extracted from the test set, and
every one pertained to a different action category.

One person extends his/her right leg, followed by the other person extending his/her
right leg to collide with the first person's leg.

b=
=

Figure A. User study. A sample of the user study where 35 partici-
pants evaluated and ranked the text alignment and the hand quality
of Interact2Ar and baseline methods.

A.5. Adaptive Interactions

Temporal Motion Composition. We implement this with
a large context window that includes all previously gener-
ated actions. Given the Mixed Memory approach we pro-
posed, the memory buffer M accesses this information and
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Table A. Comparison of our model (Interact2Ar) to the state of the art in human-human interaction motion generation on the Inter-X
dataset. *Interact2Ar model is the version without autoregressive generation. All evaluations have been executed 20 times to elude the
randomness of the generation. + indicates the 95% confidence interval. We highlight the best and the second best results.

enables Interact2Ar to generate seamless transitions while
accounting for the complete action history.

Real-Time Disturbance Adaptation. To effectively assess
the real-time adaptation of Interact2Ar, we randomly trans-
lated one individual in the XZ plane between different sub-
motion generations. This simulates noisy contexts and dis-
turbances produced by the environment or other individuals.
Traditional diffusion models and Masked VQ-VAE Trans-
formers, such as InterMask, cannot enable this capability
because they produce the whole sequence at once, prevent-
ing adaptation until the entire motion is generated.
Sequential Multi-Person Interactions. We implemented
this using two couples performing 2 different actions with
their respective memories. Once they finish their actions,
we take one individual from each couple and generate a new
interaction with the newly formed couple. For the memo-
ries, we retain the original memories from the initial couples
and create a new memory using information from the new
couple. This enables seamless interaction while maintain-
ing access to previously performed actions. While this im-
plementation only generates sequential multi-human inter-
actions, the idea can be expanded to generate parallel multi-
human interactions as proposed in [14].

B. Quantitative Evaluation

B.1. Original Evaluators

In Tab. 1, we present a quantitative evaluation of the robust-
ness of our newly proposed evaluators with respect to the

original ones provided in the Inter-X dataset. Additionally,
we provide the main metrics of our model in Tab. 2 using
those newly trained evaluators. In Tab. A, we performed
the same evaluation using the original full-body evaluator
trained directly with the SMPL-X representation, alongside
body- and hand-specific evaluators using the same repre-
sentation. We can observe in this case that Interact2Ar
still outperforms previous methods. However, these differ-
ences are not as large as when using our evaluators. It can
even be observed that in the body- and hand-specific evalu-
ators, the non-autoregressive version of Interact2Ar obtains
slightly better metrics than the autoregressive one. These
smaller differences occur because rotation-based evalua-
tors penalize diffusion models compared to VQ-VAE ap-
proaches. Furthermore, the original evaluators do not ac-
count for degradations in the global positioning of the in-
dividuals, which makes them incapable of detecting small
differences, such as those between the autoregressive and
non-autoregressive versions.

B.2. Extended Memory Ablation

In Tab. 3, we present an extended ablation study where dif-
ferent memory configurations have been tested to determine
which provides the best trade-off between quality in terms
of metrics and memory size. Tab. B is an extended version
of this ablation where all the different evaluators have been
used. As can be observed, the overall tendency that we ob-
served for the full evaluator remains consistent in the body
and hands evaluators. While adding more memory can re-
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Table B. Ablation study on memory configurations for Interact2Ar across different evaluation settings. ms and m; represent the context

window used for each memory. m; =
number of frames used in the full memory is M = ms + m; /4.

sult in more informative generations, it also increases the
complexity of the task that the denoiser has to learn, result-
ing in a non-linear improvement of metrics as the memory
size increases. However, what is more noticeable is the sig-
nificant increase in FID, which is generally used to deter-
mine motion quality, when using Mixed Memory.

B.3. Text Encoder Ablation

CLIP [9] is used as the text encoder for the textual descrip-
tions of the interactions, which are injected into the model
as conditions. This decision was made to ensure consis-
tency with previous works [2, 5, 10]. To evaluate the impact
of a newer and more advanced encoder, Tab. C presents a
comparison against Qwen3-VL-Embedding-2B [3]. As can
be observed, the results show minimal differences, which
can likely be attributed to the limited diversity of textual
descriptions present in the dataset.

— indicates models not using Mixed Memory. For models using Mixed Memory, § = 5. The total

B.4. Additional Interaction Metrics

In addition to the standard metrics present in the Inter-X
benchmark, Tab. D presents supplementary metrics from re-
lated tasks to provide further insights into interaction qual-
ity. Specifically, Contact Frequency [11] measures the ra-
tio of frames where interactants are in contact, FID¢p [11]
computes the FID using a feature vector derived from the
pairwise distances of joints, and Interaction Volume Pen-
etration [4] calculates the average penetration volume per
sequence between the individuals involved in the interac-
tion. As can be observed, our proposed method consistently
achieves the best performance across these additional met-
rics.

Foot Sliding. Qualitative examples indicate that all evalu-
ated methods suffer from foot sliding, a limitation that could
be addressed with additional data or post-processing. Nev-
ertheless, to quantitatively measure the physical plausibility
of foot contacts, we include the physical foot contact (PFC)
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Table C. Ablation study on the text encoder used to encode textual conditions in Interact2Ar. We compare CLIP and Qwen3-VL-

Embedding-2B using the original Inter-X evaluation metrics. The best

and second best results are highlighted.
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Table D. Evaluation with additional dyadic-specific metrics. Contact Frequency calculates the ratio of frames where interactants are
in contact, FIDcp computes the FID using features derived from pairwise joint distances, Interaction Volume Penetration measures the
average penetration volume per sequence, and PFC evaluates the physical plausibility of foot contacts. The best and second best results

are highlighted.

score [12] in Tab. D. The results demonstrate that our ap-
proach yields the most realistic foot movements.

C. Qualitative Evaluation

In addition to the qualitative examples shown in Fig. 5 and
Fig. 6, we introduce a new set of examples and compar-
isons in the Supplementary Video. Due to the 4D nature of
the representation that we generate, static images present
a significant information loss. In the video, the quality
of the motion and the side-by-side comparisons will facili-
tate understanding and highlight the qualitative differences
between Interact2Ar and the previous SOTA, InterMask.
However, to complement these dynamic results, Fig. B pro-
vides additional close-up static visualizations that further
demonstrate the capability of Interact2Ar to generate realis-
tic hand interactions involving complex body and hand con-
tacts.

Interact2Ar (ours) InterMask

Grab

Handshake

i

Figure B. Close-up visualizations. Zoomed-in views of hands
during challenging interactions involving body and hand contacts.

D. Code and Data Availability

All the code and checkpoints related to this paper will be
publicly released upon the acceptance of this paper. The

code will contain all the codebase used to declare, train,
and evaluate Interact2Ar and the new set of evaluators. The
checkpoints will include the Interact2Ar checkpoints along-
side the checkpoints of the evaluators for providing a more
robust and reliable evaluation of future works using Inter-
X.
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