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Figure 1. TriDi. We present TriDi, the first joint probabilistic model of human pose (H), object (O) and human-object interaction (I). The

joint model unifies these three modalities, capturing mutual dependencies between them, and allows for sampling in seven conditioning

configurations, covering the use cases treated in isolation by previous works. The colors on the image encode prediction and condition. We

encourage the readers to check the Supplementary Material and Video for more qualitative and quantitative results.

Abstract

Modeling 3D human-object interaction (HOI) is a prob-
lem of great interest for computer vision and a key enabler

for virtual and mixed-reality applications. Existing methods

work in a one-way direction: some recover plausible human

interactions conditioned on a 3D object; others recover the

object pose conditioned on a human pose. Instead, we pro-

vide the first unified model - TriDi which works in any di-

rection. Concretely, we generate Human, Object, and Inter-

action modalities simultaneously with a new three-way dif-

fusion process, allowing to model seven distributions with

one network. We implement TriDi as a transformer attend-

ing to the various modalities’ tokens, thereby discovering

conditional relations between them. The user can control

the interaction either as a text description of HOI or a con-

tact map. We embed these two representations into a shared

latent space, combining the practicality of text descriptions

with the expressiveness of contact maps. Using a single net-

work, TriDi unifies all the special cases of prior work and

extends to new ones, modeling a family of seven distribu-

tions. Remarkably, despite using a single model, TriDi gen-

erated samples surpass one-way specialized baselines on

GRAB and BEHAVE in terms of both qualitative and quanti-

tative metrics, and demonstrating better diversity. We show

the applicability of TriDi to scene population, generating
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objects for human-contact datasets, and generalization to

unseen object geometry. The project page is available at:

https://virtualhumans.mpi-inf.mpg.de/tridi/.

1. Introduction

Humans constantly interact with objects around them – they

lean on tables, carry backpacks, or touch keyboards. Dif-

ferent objects afford different kinds of human poses, and

vice-versa, different poses support only certain types of ob-

jects. Furthermore, given a human and an object, many in-

teractions are possible. For example, we can sit on a chair,

lift it, push it, or carry it, and each interaction will require

different contacts. We argue that a comprehensive model

should capture such interplay of objects, humans, and inter-

actions, regardless of the modality considered as an input

condition. Such a joint model is much more flexible than

one-way models, giving rise to many applications: gener-

ating humans that fit a given object, objects that fit a hu-

man pose, unconditional generation, or even extending the

annotations of existing 3D human-contact datasets with ob-

jects. This versatility is needed in such applications as con-

tent creation, AR/VR, ergonomics, and manufacturing.

However, existing works have modeled human-object in-

teraction as the posteriors of human given the object [42, 43,

69, 79, 98] or object given human [58, 89]. Following this

paradigm requires a tailored model for each conditioning

case and, thus, a specialized design choices, training pro-

cedure, and architecture. Such an approach is impractical

and difficult to scale. Instead of modeling each individual

conditional distribution, we shift this paradigm and design a

single compact architecture that models the joint and condi-

tional distributions of human, object, and interactions. By

design, we can sample from a joint unconditional distribu-

tion of humans, objects, and interactions, as well as from all

possible conditional combinations.

We propose TriDi, a unified 3D human-object interac-

tion model capturing the joint distribution of humans, ob-

jects, and interactions. TriDi produces samples from ev-

ery conditional distribution arising from the combination

of three in addition to the joint distribution, giving rise to

23 � 1 = 7 possible modes of operation, see Fig. 1.

TriDi performs a three-way diffusion building on the

UniDiffuser paradigm [3], implemented through token-wise

attention, enabling to capture fine-grained relations. Since

most interactions imply contact, prior work represents in-

teraction through body contact maps [29, 72]. In contrast to

text prompts, this representation is difficult for users to con-

trol. Hence, we propose to unify textual descriptions and

body contact maps by a joint embedding space. This results

in a novel representation that is useful to guide the model

and intuitive to the user. To double the effective training

data and remove right-handed biases, we augment the HOI

by exploiting the left-right symmetry of the interactions.

We demonstrate the flexibility of TriDi, which nicely

encapsulates uni-directional methods published in different

papers using a single network. Beyond savings in terms of

model size and ease of use, TriDi surpasses uni-directional

baselines tailored to specific conditioning cases. Moreover,

TriDi performs on par or better than the same model trained

on one-way conditional tasks (e.g., generating human and

interactions conditioned on the object), demonstrating the

effectiveness of the joint modeling. TriDi is general and ca-

pable of synthesizing a static 3D HOI starting from differ-

ent inputs, covering all the previous works’ use cases plus

new ones (Fig. 1). We demonstrate how TriDi can populate

scenes with realistic interactions, generalize to novel geom-

etry, and open new applications such as generating objects

that fit observed humans and interactions in images.

In summary, our contributions are:

• We formulate TriDi, the first joint model for P (H;O; I),
modeling it as the three-variable joint distribution and

covering a total of 7 modes of operation, rendering prior

works as special use cases of our model.

• We propose a novel representation of interaction by

jointly embedding body contact maps and textual descrip-

tions, resulting in intuitive control for the user while pro-

viding detailed guidance to the model.

• We will release our code, providing the community with

a tool for scene population, generation from partial obser-

vations, and other tasks that involve 3D HOI.

2. Related Work

From object to human. Modeling 3D HOI from the ob-

jects has been studied from diverse perspectives. At a

macro scale, studying humans in the context of 3D scenes

is prominent [27, 29, 32, 54, 74, 75, 91, 97, 100]. These

works are instrumental for downstream tasks like synthetic

dataset generation [5, 36, 57, 82]. Dynamic motions in

scenes can be conditioned by object’s 3D location [9, 28],

control points [98], milestones [43, 59], physical proper-

ties [63, 64, 99], or text descriptions [44, 67]. Such a

high-level perspective on HOI should be complemented by

modeling interactions on an object level. Hence, [69, 79]

synthesize the motion towards a static object, and [8, 45]

focus on manipulation interactions. These works con-

sider temporal sequences, which are demanding to capture,

thus limiting the scaling beyond the settings seen at train-

ing time. Synthesizing hand-object interactions presents

several challenges [20, 21], which originated specialized

methods [13, 34, 47, 49, 76, 88, 93]. Producing accu-

rate prediction raised the demand for hand-object refine-

ment [52, 70, 102, 103], but those methods are limited by

smaller objects and hand-held interactions. TriDi works

with single frames, models contact beyond the hands, and

thus supports human synthesis involving diverse objects.
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From human to object. Reasoning about objects from

humans is a less explored direction, despite the applicability

in AR/VR, where humans often interact with objects with-

out a physical counterpart. [87, 90] generate scenes sat-

isfying the observed human motion. Object Pop-up [58]

regresses an object position from a 3D human point cloud,

disregarding the uncertainty behind this ill-posed task. An

interesting self-supervised approach regresses the heatmap

for plausible object center location [26], while the follow-up

work [39] studies objects’ affordances. TriDi models a joint

distribution of HOI, naturally allowing for the uncertainty in

predictions while retaining downstream applications.

Contacts modeling. Contact is the physical medium of

many human-object interactions. In practice, contact maps

are a good proxy to promote realism [29, 56, 79]; how-

ever, their capture is often complicated by manual annota-

tion [14, 72] or the need for specialized hardware [6]. Con-

tact is represented in a range of ways, e.g., as distances [17],

proximity [97], or maps on the body [72] and the object

[18, 19]. Contact is often modeled on the hands [6, 7, 24],

with recent works considering the full body [18, 29, 72].

An alternative is to represent the interaction through text

[17, 67, 91]. While more interpretable and controllable, this

representation limits the possibility of spatial reasoning for

the methods. In our work, we combine text and contact

maps in a shared latent space, inheriting the advantage of

both.

Joint modeling. A number of works focus on reconstruct-

ing interactions with single objects external data such as

images [10, 48, 56, 72, 77, 78, 80, 82, 86, 96], videos

[81, 89, 101], and multi-view recording setups [37, 94].

These works are backed by recent HOI data collections

[4, 19, 33, 35, 50, 85]. Modeling hand-object interactions

jointly requires tailored methods [38]. FLEX [71] com-

bines grasp with full-body generation to fit HOI samples

in the scene constraints. IMoS [22] and InterDiff [83] start

from past observations to forecast the continuation of a 3D

HOI sequence. CG-HOI [17] synthesizes human and ob-

ject motion from text, training only on one dataset at a time.

These methods rely on strong conditioning: temporal HOI

sequence, deterministic future, and text. Using single-frame

data, although challenging and ambiguous, is more general

and scalable. Finally, we find it exciting to mention recent

works in nascent fields: compositional shape generation in-

cluding human and object [11, 12, 15, 41], and modeling

multiple human and object interactions [40, 55, 65, 92, 95],

suggesting more complex synergies in HOI. TriDi models

HOI jointly, covering all the use cases of previous works

tailored to the specific conditioning.

3. Background

Probabilistic Diffusion. A Diffusion process [30, 66] is

divided into a forward process that progressively noises the

original data sample z0, and a backward process that recov-

ers the sample z0 from the noise using a learned model.

Formally, the forward process follows a Markov chain

of T steps; it produces a series of time-dependent distribu-

tions q(ztjzt�1): q(z1:T jz0) =
QT
t=1 q(ztjzt�1). At every

timestamp, we inject noise into the distribution until the fi-

nal zT converges to a sample from N (0; I). Let �0 = 0,

and �t 2 (0; 1):

q(ztjzt�1) = N (zt;
p

1 � �tzt�1; �tI): (1)

We follow the formulation of Denoising Diffusion Prob-

abilistic Model (DDPM) [30] to obtain a closed-form ex-

pression for zt (formulation is provided in the Sup. Mat.).

The inference is then performed by reversing the pro-

cess, starting from zT � N (0; I) and recovering sam-

ples from the original distribution. Instead of recovering

the added noise � for each timestep, we follow the for-

mulation of [61] and recover the original sample z0. To

achieve this, we parametrize the reverse process by a de-

noising neural network D that is trained to recover the

original sample z0 from the noised sample zt at timestep t
given the condition c. Defining for brevity Ep � Ez0�pdata ,

Et � Et�Uf0;:::;Tg, and Eq � Ezt�q(ztjz0) we obtain the

training objective (inference formulation is provided in the

Sup. Mat.):

min
 

Ep Et Eq kD (zt; c; t) � z0k): (2)

Multimodal diffusion. While the previous formulation

handles the generation of a single modality, data of-

ten constitutes a composition of multiple modalities, e.g.,

z0 = (x0;y0) � p(x; y). Hence, we are naturally in-

terested in modeling this joint distribution together with

the marginals p(y) and p(x), as well as conditional ones

p(xjy) and p(yjx). UniDiffuser [3] proposes a network

D (xtx ;yty ; tx; ty) dedicated to recovering z0 given a

noisy sample from the joint distribution.

Adapting the definitions from Eq. 2 to two modalities:

Ep � E(x0;y0)�p(x;y), Et � E(tx;ty)�Uf0;:::;Tg2 , and Eq �
Extx �q(xtx jx0);yty �q(yty jy0) we obtain the following train-

ing objective:

min
 

Ep Et Eq kD (xtx ;yty ; tx; ty) � (x0;y0)k: (3)

The benefit of minimizing the objective in Eq. 3 is that

the resulting network captures all the desired distributions.

Namely, setting ty = T allows to model the marginal dis-

tribution p(x), on the other hand, ty = 0 corresponds to

conditional distribution p(xjy). we note that in its original

formulation, UniDiffuser is designed to consider text and

images as two diffusion modalities.

5525







BEHAVE

Method
H; IjO O; IjH

1-NNA (! 50) COV" MMD# 1-NNA (! 50) COV" MMD#

ObjPOP [58] + cVAE - - - 81:36�0:2 35:02�0:1 0:329�0:003

GNet [69] 80:01�0:4 40:71�0:4 1:789�0:036 - - -

s-TriDi-OI (Ours) - - - 65:06�0:5 50:49�0:1 0:167�0:001

s-TriDi-HI (Ours) 69:51�0:2 46:97�0:4 1:358�0:010 - - -

TriDi (Ours) 67:89�0:3 47:81�0:2 1:352�0:005 63:72�0:3 51:71�0:1 0:166�0:001

GRAB

Method
H; IjO O; IjH

1-NNA (! 50) COV" MMD# 1-NNA (! 50) COV" MMD#

ObjPOP [58] + cVAE - - - 82:09�0:3 37:52�0:8 0:483�0:061

GNet [69] 89:64�0:8 39:33�1:2 1:422�0:087 - - -

s-TriDi-OI (Ours) - - - 66:78�0:8 48:27�0:1 0:252�0:012

s-TriDi-HI (Ours) 82:65�0:1 42:87�0:2 0:917�0:004 - - -

TriDi (Ours) 82:71�0:5 42:76�0:3 0:930�0:012 65:02�0:7 48:84�1:2 0:268�0:011

Table 1. Quality of Generated Distribution. TriDi is the only one operating in all the modalities and shows better capability in covering

data distribution, improving up to 47%.

vertex in contact, and we use this information to compose

the labels following one of the predefined templates, e.g.,

"[parts] are in contact with [object]".

Augmentation. The lack of interaction variability in the

datasets has been one of the main challenges for us. Often,

data is statistically biased toward right-handed interactions.

Surprisingly, no previous human-object interaction model-

ing method addressed this problem. Hence, we mirror every

sample through the ZY plane, doubling the training data.

While the lack of perfect symmetry causes small artifacts,

we demonstrate that these are negligible, and the augmen-

tation is highly beneficial for generalization.

Losses. During training, TriDi takes as input the object

class condition CO, three timesteps (tH; tO; tI), and a noisy

version of the tokenized representation of human �t
H

H , �t
H

H
and gt

H

H , object gt
O

O , and interaction zt
I

I , generating the

predictions �̂H; �̂H; ĝH; ĝO; ẑI . The learning is supervised

by the ground truth representations �H; �H;gH;gO; zI and

templates vertex positions VH;VO. We also incorporate

the supervision on distances d, fostering spatial alignment.

We report the loss details in Sup. Mat.

5. Experiments

In this section, we measure the quality of TriDi in terms of

distribution and spatial consistency. In Section 5.1, we com-

pare our method with specialized approaches on different

modalities. This is particularly challenging, as TriDi is de-

signed as a unified framework, not privileging any particular

modality. In Section 5.2, we ablate the components of our

method, providing insights into their specific contribution.

Finally, we demonstrate applications arising from TriDi in

Section 5.3. In the Sup. Mat., we include experiments with

unseen geometries, further qualitative and quantitative eval-

uation of TriDi, runtime analysis, and a user study to vali-

date the generation quality.

Datasets For our comparisons, we train TriDi and base-

lines on the union of BEHAVE [4] and GRAB [68], follow-

ing the train-test split provided by Object Pop-up[58]. We

also explore the scalability of TriDi by extending the train-

ing to InterCap [33] and OMOMO [43]. We provide de-

scriptions of these datasets and their sampling in Sup. Mat.

5.1. Comparison to one­way methods

Metrics. We evaluate the quality of the generated distri-

butions using three metrics and comparing the generated

samples g 2 Sg with the reference ones r 2 Sr coming

from the GT (with jSgj = jSrj), reporting the statistics

across three sampling runs. The Coverage (COV) [1] that

measures the percentage of samples in Sr that are matched

with at least one sample from Sg (100 indicates perfect

overlap). The Minimum Matching Distance (MMD) [1]

measures the average distance of samples in Sr to their

closest neighbors in Sg , quantifying the misalignment of

the distributions. The 1-nearest neighbor accuracy (1-

NNA) [84] measures the leave-one-out accuracy over the

union of Sr [ Sg; the optimal value is 50, and it compre-

hensively assesses the quality of the distribution. To evalu-

ate the Geometrical Consistency of Generation of humans,

we report the Mean Per Joint Position Error (MPJPE) that

measures the error in body joints in cm. We also report its

value after applying Procustes Analysis (MPJPE-PA) [23],

alleviating the effect of rotation and scale. For the object

we employ the vertex-to-vertex (Ev2v) and the object cen-

ter (Ec) errors, together with contact accuracy (Acccont).

For TriDi, we measure the error for the contact predicted

directly by the method and the one calculated from the gen-

erated 3D HOI. We refer to Sup. Mat. for metrics’ rigorous

definitions.
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