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Figure 1: InterGPT generates reaction conditioned on action in an autoregressive way.

Abstract

Human reaction generation can be understood as a dynamic process
where one person acts and the other reacts, inherently requiring the
generation of the current reaction based on information from past
time steps. However, existing approaches tend to overlook the ex-
ploration of reaction history as well as spatial dependence of body
parts, during motion generation. In this paper, we propose InterGPT,
a novel two-stage framework for generating human reactions with
high realism and faithful adherence to real-world dynamics. In the
first stage, we employ a Vector Quantized Variational Autoencoder
(VQ-VAE) to discretize and reconstruct motions, thereby obtaining
spatio-temporal latent representations of motions. In VQ-VAE, a
graph-based encoder is designed to capture the skeletal dependence,
which adopts hierarchical skeleton pooling, adaptive graph con-
volution and spatio-temporal modeling together to learn compact
latent vectors. These latent vectors are temporally compressed and
quantized to facilitate efficient autoregressive modeling. In the sec-
ond stage, we adopt a spatio-temporal autoregressive architecture
to generate reactions, conditioned on both action sequence up to
the current time step and previously generated reaction sequence.
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A spatio-temporal block is further designed to model body-part
dependence within each time step while preserving temporal causal-
ity, enabling structured online generation. Extensive experimental
results on multiple datasets demonstrate that InterGPT achieves
substantial improvements over previous methods.
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1 Introduction

Human reaction generation plays a vital role in animation, virtual
reality, and robotics, emerging as a significant research direction in
computer vision. The core characteristic of human reaction genera-
tion lies in the action-reaction causality between agents. In contrast
to single-person motion generation, achieving high-fidelity reac-
tion generation is significantly more challenging. The increased
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Methods FID | Diversity > MMDist| AITS| Training Time of Model | Causal Online
ReGenNet 11.445 7.137 3.860 0.43 55.2 hours X
InterGPT 2.039 7.781 3.845 0.27 45 hours v

Table 1: A comparative analysis is conducted between our model and the state-of-the-art model, ReGenNet [55], on the human
interaction dataset, InterHuman [25]. Causal Online indicates that the generation of reactions is determined jointly by the

action sequence up to the current time step and previously generated reactions. Red indicates the best result.

difficulty stems from the need to simultaneously model the action
and the reaction, along with the intricate interactions between
them. Furthermore, reaction generation requires capturing both
global temporal dynamics and the fine-grained spatial dependence
of body parts. Therefore, a key challenge lies in learning a motion
representation that is both compact and structured while preserving
temporal dynamics and spatial dependence.

Recent work in this field mostly employs deep generative models
to generate the reaction, achieving promising progress. For instance,
the Role-Aware model [43] employs a cross-attention module to
bridge two Transformers [48] for interaction modeling. ReGen-
Net [55] fuses action and reaction via a linear layer before feeding
into a diffusion network to predict the reaction. MARRS [50] uses
a compact MLP as noise predictor to estimate the probability distri-
bution over motion tokens. Despite these successes, there are still
notable limitations. On one hand, most existing reaction genera-
tion approaches [4, 55] neglect the causal nature of human-human
interaction. Specifically, they condition reactions solely on past ac-
tion information while ignoring the previously generated reaction
sequence. On the other hand, many approaches [25, 38] directly
model motion as temporal sequences of joints, without explicitly
modeling the spatial structure of the human body. Models such as
InterFormer [4] introduce separate temporal and spatial attention
mechanisms. However, they operate on dense continuous features
and lack an explicit structured abstraction, which is essential for
efficient spatio-temporal interaction modeling.

In this paper, we present InterGPT, a novel two-stage frame-
work built upon autoregressive token prediction in a discrete spatio-
temporal space. In the first stage, we employ Vector Quantized
Variational Autoencoder (VQ-VAE) [47] to transform continuous
motions to compact spatio-temporal representations. For spatial
compression, unlike InterMask [18] which relies on direct spatial
downsampling, our encoder leverages an adaptive graph-based
architecture to explicitly capture skeletal dependence. The archi-
tecture adopts a learnable body-part pooling module to aggregate
joints into a set of structural tokens. These features are then com-
pressed along the temporal dimension, leading to a compact and
structured representation for subsequent autoregressive generation.
In the second stage, we leverage an Autoregressive Spatio-Temporal
Transformer (AST-Transformer) to generate the spatio-temporal
token sequence of reaction, conditioned on the action token se-
quence. Our AST-Transformer is an encoder-decoder architecture,
which consists of an action encoder and a reaction decoder. The
action encoder encodes the action sequence up to the current time
step into a conditional representation. The reaction decoder then
causally generates the reaction sequence conditioned on this rep-
resentation. In AST-Transformer, we introduce a spatio-temporal

block to model body-part dependence within each time step while
preserving temporal causality. The spatio-temporal block adopts
both spatial attention and temporal attention. The spatial attention
models spatial dependence while the temporal attention captures
temporal causality. As shown in Table 1, InterGPT achieves supe-
rior performance over the current state-of-the-art method, ReGen-
Net [55]. The evaluation metrics include Frechet Inception Distance
(FID), Diversity, Multimodal Distance (MM Dist), Average Inference
Time per Sentence (AITS) in seconds, and Training Time in hours.
Notably, the causal online setting indicates that reaction genera-
tion is determined jointly by the action sequence up to the current
time step and previously generated reactions. This alignment with
real-world interaction scenarios demonstrates that our method is
better suited for reaction generation tasks. Our main contributions
are summarized as follows:

e We propose a spatio-temporal motion VQ-VAE framework
with structured body-part tokenization. Spatially, it captures
skeletal dependence by modeling body-part relationships.
Temporally, it performs downsampling along the time di-
mension, ultimately constructing compact structural tokens.

e We introduce InterGPT, a novel autoregressive reaction gen-
eration framework. It dynamically generates the reaction
at the current time step by conditioning on both the action
sequence up to the current time step and the previously
generated reaction sequence.

e Extensive experiments on InterHuman [25] and InterX [53]
benchmarks demonstrate the effectiveness of our approach
for reaction generation.

2 Related Work

2.1 Human Motion Generation

Human motion generation aims to generate human-like motion
conditioned on diverse modalities, including text [5, 12, 13, 17, 24,
32, 33, 40, 45, 58, 60, 63, 65, 66, 68], audio [1-3, 9, 27-30, 35, 36,
41, 52, 56, 57, 62, 67, 69], or music [11, 34, 59, 64]. Among these
modalities, text has been widely explored due to its flexibility and
expressiveness. Models such as CLIP [37] are utilized to extract
semantic features from textual descriptions. Early work such as
Action2Motion [14] employs variational autoencoder (VAE) [6]
to generate human motions conditioned on action category la-
bels. However, such discrete labels are limited in expressiveness
and fail to capture diverse motion patterns. Benefiting from ad-
vances in motion capture technology [46, 61], large-scale motion
datasets can now be efficiently collected, enabling effective learning
of motion generation models. T2M [13] introduces the large-scale
text-motion dataset HumanML3D and trains a network to predict
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motion length from text. Recently, many methods based on dif-
fusion models [5, 22, 40, 45, 66] have demonstrated great quality.
T2M-GPT [65] adopts VQ-VAE with 1D downsampling to generate
motion tokens sequentially. While effective, its reliance on unidi-
rectional context limits global dependence modeling. Subsequently,
MoMask [12] and MMM [33] introduce conditional masked model-
ing, enabling bidirectional context learning and improving infer-
ence efficiency while supporting motion editing. Building upon
this paradigm, BAMM [32] and BAD [17] further enhance model-
ing with hybrid masking strategies, addressing the limitation of
fixed-length generation in conventional masked approaches.

2.2 Human-Human Interaction Generation

Unlike single human motion generation, which primarily models
an agent’s internal state, human-human interaction (HHI) criti-
cally depends on the mutual status. ComMDM [39] generates each
agent’s motion independently via separate MDM [45] branches,
then uses a communication module to impose inter-agent coupling.
Subsequently, InterGen [25] introduces the InterHuman dataset, a
human interaction dataset rich in both text and motion modalities,
and proposes a diffusion-based approach for realistic two-person
motion generation. Furthermore, in2IN [38] enhances the dataset
by employing a Large Language Model (LLM) to extend the Inter-
Human dataset with detailed individual descriptions. In order to
extend HHI to multi-person scenarios, methods like ActFormer [54]
and FreeMotion [7] adopt the autoregressive approach to model in-
teractions involving more than two individuals. DyadicMamba [44]
and InterMamba [51] leverage the efficient Mamba architecture as
their backbone, achieving superior performance in arbitrary length.
Recently, HITMM [21] utilizes RVQ-VAE to encode two-person in-
teractive motions into multi-layer discrete tokens. Two dedicated
Transformers are then designed to hierarchically model base and
residual tokens on a unified shared timeline. InterMask [18] em-
ploys VQ-VAE to encode motion sequences into 2D discrete motion
token maps, and then utilizes a generative masked modeling frame-
work to synthesize tokens of both individuals simultaneously. How-
ever, its spatial downsampling operates directly without explicitly
capturing the dependence between different body parts.

2.3 Reactive Motion Generation

While HHI has gained substantial attention, reaction generation
remains comparatively under-explored. InterFormer [4] is the first
work to tackle reaction generation, using separate temporal and
spatial attention modules to model temporal cues and spatial de-
pendence. Inspired by [23], [43] introduces two learnable param-
eters to enable the network to automatically distinguish between
the active and passive roles in an interaction. Each participant is
modeled using a Transformer architecture, and their interactions
are captured through a cross-attention module. Subsequently, Re-
GenNet [55] introduces a diffusion-based model equipped with a
distance-based interaction loss to generate reactions in an online
manner, where the actor’s future motion is unavailable to the re-
actor. ARFlow [20] further extends ReGenNet [55] by leveraging
a Flow Matching [26] architecture to construct direct transport
paths between the action and reaction distributions, thereby re-
ducing reliance on handcrafted conditional mechanisms. Beyond
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motion-only conditioning, E-React [70] explores emotion-driven
reaction generation by incorporating an emotion prior to learn
implicit affective cues from motion sequences with limited emotion
labels. Meanwhile, Human-X [19] introduces an autoregressive
interaction diffusion planner and an actor-aware reinforcement
learning tracking policy to achieve real-time interactive motion
synthesis. Furthermore, [42] employs an LLM-based model to infer
action intentions and guide motion prediction. Recently, ReMoS [10]
and MARRS [50] incorporate hand-level modeling to capture fine-
grained contact interactions in close-proximity scenarios.

3 Method

The objective of our work is to generate a reaction m, conditioned
on an action my,. Both motion sequences are represented as tensors
in RV*J*D corresponding to N poses, J joints, and D-dimensional
joint features. Our methodology consists of two stages. In the first
stage, we introduce a Structured Motion VQ-VAE to encode motion
sequences into compact discrete spatio-temporal tokens that cap-
ture skeletal dependence and body-part’s temporal dynamics, as
detailed in section 3.1. In the second stage, we introduce an encoder-
decoder Transformer architecture that autoregressively generates
reactions conditioned on the action sequence, which is described
in section 3.2. The inference process is described in section 3.3.

3.1 Structured Motion VQ-VAE

In order to model temporal dynamics and spatial dependence, we
introduce Structured Motion VQ-VAE, which encodes skeleton se-
quences into compact discrete spatio-temporal tokens. The overall
architecture is shown in Figure 2(a). The encoder alternates adap-
tive graph convolution (AGC) and hierarchical skeleton pooling for
spatial encoding, followed by a spatio-temporal modeling module
and two temporal downsampling blocks to obtain compact latent
features for vector quantization. The decoder mirrors the encoder
by performing temporal upsampling followed by hierarchical graph
reconstruction with AGC and skeleton unpooling.

Hierarchical Skeleton Pooling. Inspired by SALAD [16] and
InterMoE [49], we adopt a pooling strategy to progressively aggre-
gate skeletal information. We first aggregate original joints into
intermediate body parts, and then further compress these represen-
tations into final body parts, leading to three levels of representa-
tions. Each pooling operation is implemented as a fixed weighted
mapping derived from the kinematic tree, preserving the coarse
anatomical topology while reducing spatial redundancy. This hi-
erarchical abstraction produces compact and structured body-part
representations, progressively processing skeletal representations
from the original joint level to intermediate and final body-part
representations for efficient multi-scale modeling of human motion,
as illustrated in Figure 2(b).

Adaptive Graph Convolution. The hierarchical representa-
tion naturally forms graph structures at multiple levels, including
the original joint graph as well as the intermediate and final body-
part graphs. To model spatial dependence across these hierarchical
graph representations, we employ graph convolution. Notably, rely-
ing solely on a fixed skeletal graph may limit the model’s ability to
capture spatial dependence. To address this limitation, we adopt an
adaptive graph convolution layer, which augments the predefined
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Figure 2: The architecture of Structured Motion VQ-VAE.

skeleton adjacency with learnable connections. Given an initial ad-
jacency matrix Ay, we introduce a learnable matrix B to adaptively
refine the graph structure:

1

A B
A = Softmax (O+—a) ,

T

where « is a learnable scaling factor and 7 controls the temperature
of the normalization. The resulting normalized adjacency matrix is
then used for message passing among different joints/body-parts:

U’ =c(AUW), (2)

where U denotes joint/body-part features, o(-) denotes a non-linear
activation function, and W is a learnable projection matrix. This
adaptive formulation preserves the previous skeletal topology while
enabling the model to autonomously learn spatial dependence.

Spatio-Temporal Modeling. With the final body-part graph
(processed by AGC), we further introduce a spatio-temporal mod-
eling module to jointly model temporal dynamics and spatial co-
ordination. As illustrated in Figure 2(c), the temporal operation
processes each body-part sequence using a unidirectional LSTM [8],
capturing the progression of motion while respecting causal tem-
poral order. The spatial operation instead employs a multi-head
attention (MHA) layer to enable coordination among different body
parts. By integrating these two complementary operations, the
module produces rich spatio-temporal representations that are both
compact and expressive.

Tokenization and Sequence Organization. Given the en-
coded representation zy,z, € R™ %4 where n and Jj denote the

temporal length and number of body parts after downsampling
from the original motion my, m, € RN*/*D_{ is the dimension
of the latent feature vectors. Each n X j vector in zy, z, is then
quantized by replacing it with the closest entry from a learnable
codebook C = {cx }le, yielding a discrete index map s € Z™/,
where each entry s;, € {1, ..., K} corresponds to a codebook index.
The corresponding embeddings are retrieved from the codebook
for reconstruction via the decoder. Before feeding the tokens into
the second stage, we organize them in a temporal-first manner
to facilitate autoregressive modeling while preserving the spatial
structure. Specifically, we rearrange the index map: s = {s;, |
t=1,...,n, p= 1,.. ,]} = {31’1,31’2, e Sty Sn,158m,25 - ~5sn,j}'
This ordering ensures that tokens at time step ¢ are generated be-
fore those at t + 1, while maintaining the spatial structure of body
parts within each time step.

Optimization Goal. To learn a representative codebook, we
train VQ-VAE by reconstructing motion sequences m (including
both m, and m,). The standard VQ-VAE objective consists of a
reconstruction loss and a commitment loss:

Log = |lm —1af|, + Bliz — sgzq]II3, ®)

where m is the input motion, 1 is its reconstruction, z is the en-
coder output, and z, is the quantized latent representation. § is a
hyperparameter controlling the commitment loss, and sg(-) denotes
the stop-gradient operator.

Following InterMask [18], we further incorporate geometric
constraints to enhance motion fidelity, including velocity loss, bone
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length loss, and foot contact loss. These losses are computed as:

Lye = ﬁ lJZ:: (M1 — my) = (P — )|l 4
;X

L= s Z; | (rier = 1) - fill, ©)
L X

Ly = N_1 Z 1B(mi) — B(ru)ll - (6)

I

I
—_

Here, m; and ri1; denote the ground-truth pose and its reconstruction
at time step i, respectively, and N is the total number of frames
in the sequence. f; € {0, 1} indicates the foot contact state, and B
computes the bone lengths defined by the kinematic tree of the
human body.

The overall training objective for VQ-VAE is formulated as:

-quvae = qu + AvelLvel + Afc-£fc + AblLbl: (7)

where Ayel, Afe, and Apj are hyperparameters balancing the contri-
bution of each geometric loss.

3.2 AST-Transformer

For human reaction generation, we argue that reactions are influ-
enced not only by the action sequence up to the current time step
but also by the sequence of previously generated reactions. There-
fore, we propose a novel reaction generation module conditioned
on both action and generated reaction. Given an action sequence
represented as discrete tokens y € Z™J, our goal is to generate the
corresponding reaction sequence x € Z™ in an online manner.
Each token y;  /x;,, represents the codebook index of the p-th body
part at time step ¢t. We formulate this task as a conditional autore-
gressive sequence modeling problem, where the reaction sequence
is generated token by token under strict temporal causality:

peely) =] [ pOxes |yt x<t,)- ®
t=1

After obtaining x, we project it into the continuous embedding
space via the codebook C, then input it into the decoder for the
final reconstruction. This formulation ensures the prediction at step
t depends solely on past reactions and observed actions to ¢, pre-
venting future leakage. For efficiency, body-part tokens within each
time step are generated in parallel. As illustrated in Figure 3(a), we
adopt an encoder-decoder Transformer, where the action encoder
processes the action sequence and the reaction decoder autoregres-
sively generates the reaction.

Spatio-Temporal Block. To capture both intra-frame spatial co-
ordination and inter-frame temporal dynamics, we design a spatio-
temporal block that decouples spatial and temporal attention while
preserving the structured (n, j) layout. The discrete reaction and
action tokens are first projected into continuous latent embeddings
h € R™*4 via an embedding layer. Specifically, each discrete in-
dex s;,, is mapped to a d-dimensional vector, where d denotes the
hidden dimension. As shown in Figure 3(b), each block processes
these representations through two specialized MHA modules. First,
we apply spatial attention independently for each time step to
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allow body parts to interact within the same time step:
h? =h,, + MHA(Q = h,, K =h,,,V =h,,), ©)

where h, € R/ xd denotes the latent features at time step t €
{1, -+, n}. Next, we model the temporal dynamics independently
for each body part p € {1,-- -, j} along the time dimension:

h5™ =h,, + CausalMHA(Q = h, K =h,,V =h,,),  (10)

where h., € R™ denotes the sequence of features for the p-th

body part across all n time steps. The causal attention mechanism

is defined as:

QK"
k

where dj. denotes the feature dimension of each attention head, and
M € R™" is the causal mask matrix defined as:

0, ij,
Mij = { / (12)

CausalMHA(Q, K, V) = Softmax ( + M) v, (11)

—o0, i<j

This mask ensures the temporal causality. Each attention module is
preceded by LayerNorm and followed by a feed-forward network
(FFN) with residual connections. By decoupling spatial and temporal
attention, the spatio-temporal block effectively captures both spatial
dependence and temporal dynamics.

Conditional Autoregressive Generation. To enable condi-
tional generation, we incorporate a cross-attention mechanism into
the decoder, where reaction tokens serve as queries and action
tokens provide keys and values. Given the decoder hidden states

h, € R™J/*4 and the encoded action features h, € R™J%d the
cross-attention operation is defined as:

CrossAttn(hy, h,) = MHA(Q =h,,K =h,,V =h,). (13)

As shown in Figure 3(c), to preserve temporal causality for online
generation, we further impose the causal mask matrix M in Eq.(12)
on the cross attention, as described previously. This mask ensures
that each reaction at time step ¢ can only attend to action tokens
up to time ¢, preventing any future information leakage. With this
design, the model generates reaction tokens in a fully autoregressive
manner while dynamically conditioning on the observed action
sequence, strictly adhering to temporal causality.

Parallel Token Prediction. Benefiting from the structured
spatio-temporal modeling capability of the spatio-temporal block,
we adopt a parallel token prediction strategy within each time step.
Rather than generating tokens sequentially across body parts, the
model predicts all j body-part tokens at time step ¢ simultaneously
(x; = {xs1,...,%}, where x;;, denotes the discrete index for
the p-th body part). This design leverages the spatial coordination
already captured by the spatio-temporal block, enabling consistent
motion generation across body parts while substantially improving
inference efficiency. The model thus maintains structured coherence
without sacrificing the parallelism required for real-time generation.

Training Strategy. We employ classifier-free guidance (CFG) [15]
during training. Rather than completely disabling the action condi-
tion (i.e., using an empty condition), we randomly drop out several
tokens from the action sequence [52]. To mitigate the exposure bias
in autoregressive generation, we adopt a scheduled sampling strat-
egy during training. Specifically, at each time step, ground-truth
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Dataset Model FID | Diversity —» MM Dist | Online Causal Online
Ground Truth ~ 0.273%997 7,948 £:064 3 755 +.008 - -
InterGen [25]  22.243%31°  7.310 +033 3.946%-002 X X
InterHuman InterMask [18] 18.745%%51 7258043 3944 +.002 X X
MDM [45] 21.998+208  7121%:026 3.907+-901 X X
ReGenNet [55] 11.445%13  7.137%021  3.860*000 v X
InterGPT 2.039%:043 7.781%:030 3 845+:001 v /
Ground Truth  0.002 *%%0 8,669 05 4.005%013 ] i
InterMask [18]  0.696%013 840407  57181%016 X X
InterX MDM [45] 0.543%014 g 2g70% 4 gp5+0l4 X X
ReGenNet [55]  0.165%:0%3 8.718+054 4.986+000 v/ X
InterGPT 0.288+00  8.409%08  5051*013 v v

Table 2: Comparison of online methods on InterHuman and InterX datasets. Red and Blue indicate the best and the second best

results.
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tokens x; , are partially replaced with model predictions X; , with
a probability, which increases gradually. This strategy bridges the
gap between training and inference, improving the robustness of
the model during long-term generation.

3.3 Inference

The inference process begins by obtaining the action tokens y €
{1,---,K}™J, which serve as the conditioning context. We ini-
tialize the reaction with a <BOS> token for each body part: x; =
[BOS, .., BOS] € {1,---,K}/, where j denotes the number of body
parts. This design is consistent with our parallel body-part tokeniza-
tion. Conditioned on the encoded action sequence, the Reaction-
Decoder generates reaction tokens autoregressively over time. At
each time step ¢, the model takes the previously generated tokens
X1, ..., Xt—1 along with the action tokens y<; to the current time
step, to predict all j body parts simultaneously. This process con-
tinues until the maximum sequence length n is reached. The causal
masking in both temporal attention and cross attention mecha-
nisms prevents access to future reaction and future action, ensuring
consistency with the online setting.

Finally, the initial <BOS> tokens are removed, and the generated
index map x € {1,---,K}™/ is fed into the VQ-VAE decoder to
reconstruct the reaction motion m, € RN*/*D,

4 Experiments

4.1 Experimental Settings

Datasets. We evaluate InterGPT on two datasets for reaction gen-
eration: InterHuman [25] and InterX [53]. The InterHuman dataset
consists of 7779 motions derived from various categories of human
actions. InterX contains 11388 interaction sequences, which has
causal interaction order annotations. InterHuman adopts a non-
canonical representation m = [jg, Jg " /], where j‘g7 € R¥ repre-
sents global joint positions, jg € R%/ represents velocities in the
world frame, j” € R% denotes 6D representation of local rotations
in the root frame, and ¢/ € R* is the binary foot-ground contact
label. Following SMPL-X [31], the InterX dataset instead adopts a
skeleton representation with 55 joints, including body, hand and
face joints. The global position p, € R? and global velocity v, € R?
are further included, leading to the final m € RN*%66,
Implementation Details. For hierarchical skeleton pooling,
we construct three levels of representations. Specifically, InterHu-
man contains 22 joints, which are progressively pooled into 12
intermediate body parts and 7 final body parts. For InterX, each
motion sequence contains 55 joints and an additional global root
translation. We model the global translation as a separate token
rather than a joint to avoid mixing global trajectory with local joint
rotations during spatial modeling. The 55 joints are hierarchically
pooled into 14 intermediate and 7 final body parts, combined with
the original root translation token. The latent representation in
VQ-VAE has a dimension d = 512, and the codebook size |C| = 1024.
For AST-Transformer, we use L = 6 spatio-temporal blocks, each
with 6 attention heads. The transformer embedding dimension is

d =384.
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Dataset Method Reconstruction FID |
1D Token Sequence 3.127
2D Token Map [18] 0.976
InterHuman w/o Spatio-Temporal Modeling 0.888
w/o AGC 0.870
InterGPT 0.837

Table 3: Ablation study results on InterHuman to verify
key components of the proposed Structured Motion VQ-VAE.
Bold indicates the best result.

4.2 Quantitative Results

Table 2 shows the comparison between existing methods and our
InterGPT. All evaluations are run 20 times, and we report the aver-
aged results along with a 95% confidence interval. Online refers to
the generation setting where only the action up to the current time
step can be accessed. Causal Online indicates that the generation
of reactions is determined jointly by the action sequence up to the
current time step and previously generated reactions. For Inter-
Mask [18] and InterGen [25], we adopt official pretrained weights
without text conditioning to suit the online setting. ReGenNet [55]
is retrained on InterHuman and InterX following its default config-
uration. As MDM [45] is originally designed for single-person sce-
narios, we apply minor architectural adjustments and retrain it on
both datasets. On the InterHuman dataset, our method achieves the
best performance across all metrics. Although InterMask [18] and
InterGen [25] achieve strong performance in general HHI motion
generation, their performance degrades in the reaction generation
setting. This may be caused by the lack of explicit causal modeling
and their reliance on text conditions, which are absent in our task
formulation. On the InterX dataset, our method achieves the second-
best performance, while ReGenNet [55] achieves the top results. We
attribute this gap primarily to differences in motion representation
and dataset characteristics. InterX contains fine-grained motions
with 55 joints, where diffusion-based ReGenNet preserves well
the detailed joint-level information. In contrast, our VQ-VAE com-
presses the skeleton into a small set of body-part tokens, which may
lead to a loss of fine-grained details despite achieving strong overall
reconstruction quality. Moreover, InterX sequences are relatively
short, reducing the difficulty of long-term temporal modeling and
favoring methods with strong local modeling capability. Neverthe-
less, our method achieves competitive performance while offering
significantly higher efficiency for online generation.

4.3 Qualitative Comparison

We further compare our method with ReGenNet [55] and Inter-
Mask [18] through qualitative visualizations in Figure 4, where
both methods are evaluated under the online generation setting
on the InterHuman dataset. The results show that our approach
produces more coherent interactions and more plausible reaction.

4.4 Ablation Study

Structured Motion VQ-VAE. Table 3 presents an ablation study
to evaluate key components of our proposed Structured Motion
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Figure 4: Qualitative comparison with InterMask and ReGenNet on InterHuman. Red circles highlight problematic interactions
(e.g., wrong direction, incorrect reaction motions), while Green circles emphasize our model’s plausibility. Text serves only as

semantic reference, not as a generative condition.

Method FID | Diversity - MM Dist |
Ground Truth 0.273 7.948 3.755
Decoder-Only 3.359 7.787 3.882
w/o Spatio-Temporal Block ~ 7.242 7.558 3.913
w/o Scheduled Sampling 2.463 7.752 3.860
w/o Reaction History 2.176 7.766 3.838
InterGPT 2.039 7.781 3.845

Table 4: Ablation study results on the InterHuman test set
to verify key components of the proposed AST-Transformer,
and alternative designs. Bold indicates the best result.

VQ-VAE. The results show that the 1D token representation yields
the worst reconstruction performance in terms of FID. Using a 2D
token map, where joints are randomly grouped into five body parts
as in InterMask [18], leads to noticeable improvement. Building
upon this, incorporating the proposed AGC and spatio-temporal
modeling module further reduces FID to 0.837, achieving the best
performance. These results demonstrate that both the structured
spatial modeling and the joint spatio-temporal modeling are critical
for high-quality motion reconstruction.

AST-Transformer. Table 4 presents an ablation study of AST-
Transformer, including key components, alternative designs such
as using a decoder-only architecture with flattened token sequence,
as well as the impact of reaction history. The results show that the
proposed spatio-temporal block and encoder—decoder architecture
consistently improve the performance. While decoder-only models
are common in autoregressive generation, the performance is in-
ferior to our method. Moreover, removing reaction history causes
performance degradation, confirming that modeling past reactions
contributes to generation quality.

5 Discussion and Conclusion

In this paper, we present InterGPT for human reaction genera-
tion via autoregressive modeling in a discrete space, adhering to
real-world scenarios. First, a structured VQ-VAE was designed to
encode motions into compact spatio-temporal 2D tokens. Next,
AST-Transformer was introduced to generate the reaction token
sequence conditioned on both action tokens and previously gener-
ated reaction tokens. Extensive experimental results demonstrate
that our method achieves impressive results. However, discrete
tokenization may lose fine-grained motion details (e.g., in InterX),
and the model lacks explicit long-term intention modeling for com-
plex interactions. Future efforts will be devoted to more expressive
motion representation learning, intention-aware modeling, and
multi-person interaction generation.
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