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Fig. 1: We present LEXIS-Flow, a framework for 3D Human-Object Interaction (HOI)
reconstruction from single images. We go beyond sparse, binary contact by learning
LEXIS, a latent manifold of dense, continuous interaction signatures. LEXIS-guided
sampling enables recovering physically-plausible HOI without post-hoc optimization.

Abstract. Reconstructing 3D Human—Object Interaction from an RGB
image is essential for perceptive systems. Yet, this remains challeng-
ing as it requires capturing the subtle physical coupling between the
body and objects. While current methods rely on sparse, binary con-
tact cues, these fail to model the continuous proximity and dense spa-
tial relationships that characterize natural interactions. We address this
limitation via InterFields, a representation that encodes dense, continu-
ous proximity across the entire body and object surfaces. However, in-
ferring these fields from single images is inherently ill-posed. To tackle
this, our intuition is that interaction patterns are characteristically struc-
tured by the action and object geometry. We capture this structure in
LEXIS, a novel discrete manifold of interaction signatures learned via
a VQ-VAE. We then develop LEXIS-Flow, a diffusion framework that
leverages LEXIS signatures to estimate human and object meshes along-
side their InterFields. Notably, these InterFields help in a guided refine-
ment that ensures physically-plausible, proximity-aware reconstructions
without requiring post-hoc optimization. Evaluation on Open3DHOI and
BEHAVE shows that LEXIS-Flow significantly outperforms existing SotA
baselines in reconstruction, contact, and proximity quality. Our approach
not only improves generalization but also yields reconstructions perceived
as more realistic, moving us closer to holistic 3D scene understanding.
Code & models will be public at https://anticdimi.github.io/lexisl
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1 Introduction

Our actions are inherently defined and
physically constrained bythe objects
around us. Accurately recovering 3D hu-
man-object interaction (HOI) from a
single RGB image is essential for vir-
tual and robotic assistants, mixed re-

a.lity, animation, and analyzing interac- gy g. 2: Toy e;cém‘ple. Contact between
tions from internet-scale images. Tech- 1o body and bench, and between hands
nically, this task involves estimating not and dumbbells, remains fixed. Instead,
only the 3D pose and shape of the hu- distances from each body point to the
man and the object, but also their rela- objects, v.v., form a rich, geometry- and
tive 3D spatial configuration and subtle proximity-aware interaction signature.
physical coupling.

This is challenging due to depth/scale ambiguities, self-occlusions, and the
mutual occlusions between bodies and objects in RGB images. These ambiguities
pose significant hurdles for computational methods. Yet, humans navigate these
challenges effortlessly via prior experience. Capturing this human-like capability
requires two components: a prior model that captures the interaction “geometry,”
and a mechanism to integrate this prior into the reconstruction process.

Despite their importance, both components involve open problems because
we currently lack a representation that can bridge the gap between sparse 2D
image cues and dense 3D physical interaction. To tackle this, past work exploits
contact [6[16,/47,/67,/69,/88]; body and object surface points are classified as in
contact or not. Contact points act as anchors that align body—object geometry,
accounting for the occlusions and depth ambiguities of images.

However, contact has fundamental limitations. First, it is only a sparse signal;
non-contacting points are ignored. Second, it is only binary; it encodes areas of
zero mesh distance, ignoring non-zero ones. Think of a person working out (see
Fig. [2); contact between the body and objects stays fixed across time, failing to
encode the interaction’s progression.

To tackle the above limitations, we need a richer representation. Our key
observation is that distances between body points and object points change as
the interaction progresses. This yields a dense, continuous signal of surface-to-
surface proximity, namely a 3D Interaction Field, or InterField for short (see
Fig. . Note that contact is only a sparse subset (zero level set) of the broader
interaction field; that is, the InterField does not “replace” contact but instead
“extends” it. Intuitively, the InterField representation captures geometry- and
proximity-aware interaction signatures that help 3D reconstruction.

Yet, this potential remains underexplored. Existing work estimates hand-
only InterFields from an image, without using them in any task. Other work
exploits hand-only InterFields to synthesize grasps, but only “implicitly”
for training losses. No existing method uses InterFields to guide neural in-model
refinement at inference time. We fill this gap by inferring both body and object
InterFields from an image, and exploiting these for 3D reconstruction.




However, inferring 3D fields, i.e., distances for all points across two 3D sur-
faces from just a 2D image is inherently ill-posed. Moreover, the space of possible
interactions is vast and highly non-convex. To tackle these challenges, we empiri-
cally observe that InterFields contain interaction- and object-specific patterns, or
“interaction signatures.” Thus, we learn a novel lezicon of these patterns called
LEXIS (LatEnt proXimal Interaction Signatures), namely a discrete manifold
of interaction signatures, encoding prior knowledge about these. Specifically, to
learn LEXIS we train a VQ-VAE [18]22] that takes as input 3D human and
object geometry in interaction, encodes this into a latent code, and decodes
this into body and object InterFields. As training data we use MoCap-based,
synthetically-augmented 3D geometry of interactions.

We exploit LEXIS to estimate 3D interactions from a single RGB image.
Existing methods mostly follow a two-stage pipeline: they first estimate coarse
human and object shape/pose (often missing contacts), and then refine them in
post-hoc optimization with contact-based losses to improve interaction plausibil-
ity. This is suboptimal for two reasons; first, contact provides only sparse, binary
cues; second, these are considered only “too late,” i.e., post-hoc. Instead, we lever-
age dense, continuous InterFields and consider them “early on” in our model.
More specifically, we develop LEXIS-Flow, a Flow-Matching model that jointly
estimates posed 3D human and object meshes, along with their InterFields.
Crucially, the predicted InterFields help in a guided refinement of meshes, elim-
inating the need for post-hoc optimization in a separate stage.

We evaluate primarily on the Open3DHOI [78] dataset (unless otherwise
specified) due to its focus on in-the-wild images and generalizability. Evalua-
tion shows that dense, continuous InterFields are more helpful than sparse, bi-
nary contacts for formulating 3D reconstruction constraints; we test this both in
LEXIS-Flow’s guided refinement and in a fitting framework [16]. Benchmarking
shows that LEXIS-Flow clearly outperforms SotA methods on 3D reconstruc-
tion in the wild and its estimates are perceived as significantly more realistic.
In-distribution evaluation on the BEHAVE [4] dataset echoes the above. Ablation
studies support our key design choices. Last, evaluation shows that LEXIS-Flow
can be initialized with 3D estimates provided by SotA tools, and LEXIS-Flow’s
guided refinement clearly improves these.

In summary, here we make the following contributions:

1. We go beyond sparse, binary contact by inferring dense, continuous InterFields
that encode proximity cues across entire body and object surfaces.

2. We learn the novel LEXIS dictionary that encodes action- and object-aware
latent interaction signatures, which are learned from 3D interaction datasets.

3. We develop LEXIS-Flow, a model that exploits LEXIS to estimate a 3D
human, object, and their InterFields, from an image. Notably, LEXIS-based
InterFields guide the Flow-Matching generative sampling to refine estimates
and improve the 3D HOI plausibility, without post-hoc optimization.

Code and models will be available at https://anticdimi.github.io/lexis.
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2 Related Work

2.1 HOI Representations

Binary Contact: Contact is a binary cue (points are in contact or not) that
is used to taxonomize grasps [3,/21,/36], to synthesize hand [34,47,69,92] or body
[151130,138,[59] interaction, and reconstruct hand [26}27,[86] or body [52,82,(90]
interaction from pixels. For the latter, existing work: (i) detects contact pixels [§],
(ii) thresholds distances to compute 3D contact [31,/69], (iii) exploits manual 3D
contact labels [13}[90], (iv) infers 3D contact [16}/52[72] or (v) pressure [25}73].

Spatial Probability: Recent work uses text-to-image diffusion to generate
3D training data [28138]. CHORUS |28] learns a 3D object occupancy field w.r.t.
the body. ComA 38| extends this by learning an object-to-human 3D distance
field with orientation cues. These works learn separate models per object/action
class, and need heavy sampling/filtering, but their zero-shot nature is promising.

Interaction Fields (InterFields): Going beyond sparse, binary contact,
InterFields encode dense, continuous surface-to-surface distances. CHORE [82]
thresholds learned Distance Fields (DF) to extract binary contacts. Other work
uses DFs to synthesize body |15 or hand interaction [68l70L851/891/92] or to recon-
struct grasps [20L60186], but mostly implicitly in features or losses. LEXIS-Flow
differs from these in two ways: (1) Usage: LEXIS-Flow is the first method to
use full-body InterFields explicitly in inference. (2) Task: LEXIS-Flow does the
above for reconstruction (with InterField-guided refinement), while CG-HOI [15]
for synthesis. Uniquely, LEXIS-Flow exploits a novel dictionary of InterFields.

2.2 3D HOI Reconstruction from a Single Image

Human-only Reconstruction: Optimization methods fit a parametric 3D
body model [35//49,83] to image cues [5}35]. Regression-based methods estimate
parameters of such models [17}371/40//56,87] or a non-parametric mesh [12}/42)/65].

Object-only Reconstruction: Pose is estimated via regression [23}80] or
by fitting a template [24}/48}/74| or implicit SDF [1| with optimization. Shape is
encoded as voxels [9./11], point clouds [19,19], superquadrics [55], meshes [23,[75],
or neural fields [10,/54,94]. Recent work uses diffusion [451/46,/62] or database re-
trieval [33]/44]. Recently SAM3D |[71] estimates robust object shape, but its pose
estimation lacks interaction awareness w.r.t. humans; we initialize LEXIS-Flow
with SAM3D object estimates, and refine pose by adding interaction awareness.

HOI Datasets: Images paired with 3D GT are scarce. Most datasets are
captured in constrained in-lab [20,91], indoor |4}[29L32,|66] or outdoor [31] set-
tings. Sometimes these [4.32] are synthetically augmented [81]. To recover bet-
ter 3D pseudo-GT, the BEHAVE [4] and InterCap [32] datasets are built using
multi-view RGB-D cameras, while other datasets are built with multi-view RGB
cameras [31,/91,93] along with IMU sensors [93]. Recently 3D contact labels are
crowd-sourced [13}72,/78,/88] to help 3D reconstruction for in-the-wild images.

Template-free HOI methods: HDM [81] infers human and object point
clouds via a hierarchical diffusion framework; this first predicts rough a point
cloud for each, and then refines these separately via cross-attentive diffusion.



Template-based HOI methods: Object shape is often assumed known.
Optimization [78}[82,/90] fits 3D human/object poses to images while satisfying
contact constraints. PHOSA [90] assumes known 3D contacts. HOI-Gaussian |78|
derives contacts from Gaussian splat opacities. CHORE [82] infers distance fields
around the human/object and extracts from these binary contacts. Instead of
optimizing, CONTHO |[52] directly infers a human mesh and object orientation.

Most methods work for in-distribution images, captured in constrained envi-
ronments with pre-scanned objects, so they struggle generalizing. To tackle this,
recent work annotates in-the-wild images with 3D contact labels (at a part- 78]
or vertex-level |13}/72] granularity), used to constrain optimization [13}78]. For
unlabeled images, PICO [13] first infers (noisy) body-only 3D contact from pix-
els |72], and uses this as query to retrieve clean contact labels from its PICO-DB
database. InteractVLM [16] learns contact from scarce 3D labels via vision-
language models. PICO and InteractVLM retrieve shape from a large 3D object
database [14] via a joint image-geometry latent space [44], but databases have
finite sizes. Instead, we estimate shape via the SAM3D |71] foundational model.
Most work [13}|16},/52,(77.82}/90] follows a two-stage approach; it first estimates
rough meshes, and then refines these via sparse, binary contact in post-hoc op-
timization [82,/90] or in a transformer [52|. Instead, we follow a one-stage ap-
proach; we use diffusion to jointly infer a 3D body, object, and respective dense,
continuous InterFields, which guide sampling to refine estimates.

3 Methodology

Overview: Given an RGB image depicting a human—object interaction
(HOI), T € RH*XWx3 and a 3D object shape estimation by an off-the-shelf
model, the goal is to estimate the HOI in 3D, namely to estimate a 3D human
mesh (SMPL+HE| body [64]) and object mesh, shaped and posed such that they
interact realistically and match image cues. Technically, this estimates two states:
(1) Object state O = {R°, ¢°} in a human-root-relative frame, where R° €
RS is the global rotation (in 6D form [95]), and t° € R? the global translation;
(2) Body state B = {R’ t*, 3, Z} in the camera frame, where R* € RS is
the global rotation (in 6D form [95]), t* € R? is the global translation, 3 € R®
are SMPL+H shape parameters, and Z € R?'*P are tokens of a novel lexicon,
called LEXIS (see Sec. , encoding both pose and “interaction signatures.”

Representation (InterField): To encode interaction relationships, most
work uses sparse, binary contact; points are either in contact or not. Recent
work uses InterFields, IF(p) € Rx>g, which, for everyﬂ 3D body/object point, p,
encodes the distance to the nearest point on the interacting counterpart. This is a
dense, continuous signal, that models both contact and prozimity. Our approach
builds on this richer representation. However, estimating 3D InterFields from a
2D image is a highly ill-posed, high-dimensional problem. We tackle this below.

! Our method works directly for SMPL+H |64] & SMPL [49].
2 InterFields are high-dimensional; to store a distance per SMPL+H vertex: R,
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Fig. 3: LEXIS (Sec. . To estimate 3D HOI from images we need a prior model
of interactions. We train LEXIS-Net, a VQ-VAE that learns a compact dictionary of
proximal interaction signatures, termed LEXIS. The encoder £, maps 3D body pose to
continuous latents Z , quantized via a learned codebook C into discrete tokens Z, and
decoded via Dy, into 3D body pose and body/object InterFields (shown color-coded).

LEXIS Codebook

Approach: We develop a framework that learns compact “interaction sig-
natures” and explicitly exploits these for 3D HOI reconstruction from an image:
Interaction Signatures (Sec. : We employ a VQ-VAE and learn LEXIS,
a novel lexicon of compact interaction signatures that encode interaction- and
object-specific patterns observed in InterFields. Note that LEXIS codes can be
decoded into full 3D InterFields to form constraints for downstream applications.
Neural Reconstruction (Secs. and[3.3)): We build LEXIS-Flow (Sec.[3.2),
a dual-stream Flow-Matching transformer, that takes an image (and object shape
estimation) and estimates a 3D human and object in interaction, along with a
LEXIS code describing this. This LEXIS code is decoded into InterFields to
guide sampling to refine (Sec. body and object pose, along with updated
InterFields, in a form of neural analysis-by-synthesis. This makes LEXIS-Flow
a one-stage end-to-end model, which does not require post-hoc optimization.

3.1 LEXIS: Learned Interaction Signatures

InterFields store a distance value for every point across a 3D surface (to the
closest point on the interacting counterpart). Thus, they are high-dimensional
(RO for SMPL+H), so they are challenging to infer. Moreover, estimating 3D
InterFields from only a single 2D image is highly ill-posed. Our key observation is
that InterFields encode action- and object-specific patterns, i.e., compact “inter-
action signatures”. Thus, these can be used to infer low-dimensional interaction
signatures, which can be decoded into full InterFields to form geometric losses.

To this end, we employ a VQ-VAE, called LEXIS-Net, to learn a novel com-
pact lexicon of interaction signatures, called LEXIS; see Fig. [3| for an overview.
LEXIS-Net builds on the pose tokenization of TokenHMR and extends it
so that, conditioned on object shape in canonical pose (denoted as point cloud
P° € RV*3), a decoder reconstructs both 3D body pose and 3D (body and
object) InterFields. Thus, the learned tokens encode not only the body configu-
ration, but, crucially, also the proximal human-object relationships and physical
coupling that describes the interaction computationally.



In detail, an encoder &, (with network weights ¢) maps body pose, 8 € R?1%3
(axis-angle rotations for 21 joints up to the wrist), to a discrete token sequence
(one token per joint), Z € R**P via a learned codebook, C = {c,}X |, ¢, €
R21XD " called LEXIS (for LatEnt proXimal Interaction Signatures):

Z = argming, ec | 2 — cil2, Z = Ey4(0), (1)

where Z is a sequence of continuous latents, and Z of discrete latents, the quan-
tization operator (argmin) maps continuous latents (Z) to their nearest discrete
codebook entry (ck), and D is the token length and K the codebook size; for
the values of the latter two, see “Implementation Details” in Sec. [3.4]

The decoder Dy, (with network weights ) maps latents Z to full InterFields.
Naively doing so for a specific mesh is straightforward, but ties the decoder, D,
to a specific topology; note that different body models have a different number
of vertices, and objects vary widely. To tackle this, Dy, projects quantized tokens
Z into two TriPlane |7| feature volumes:

TP, T° = Dy(Z, £°), (2)

where 7°,7° € R3XTrxTrxTe gre Tri-
Plane feature volumes for the body and
object respectively, and f° is an object
shape embedding extracted by a pre-
trained frozen PointNeXt encoder
applied on the object point cloud, P°.
To query the (?ecoded InterField at any 3D surface point p (see yellow point
3D surface point, p € R?, LEXIS-Net on human/object surface) is orthogo-
projects p onto the three axis-aligned pally projected onto the three feature
planes of the respective TriPlane (see planes (see red, blue, and green points)
Fig. , bilinearly samples and sums the to sample features, which are aggre-
features, and infers an InterField value gated and passed to a small MLP to in-
through a lightweight MLP. fer the InterField value for point p.
The LEXIS-Net training objective is:

['LexisNet = ﬁrecon + >\IF »C[F + )\ C]F + >\VQ »CVQ + >\c0mm1t »Ccommlta (3)

where Liecon IS a reconstruction loss defined as Liecon = H./\/l ,8)—M(6, ,@)‘ o
M(:,-) denotes the SMPL-+H [64] body mesh produced for given pose and shape
parameters, 6 and 6 are the estimated and GT body poses, respectively, 3 is

GT SMPL-+H shape parameters, and L;g is a loss that penalizes the discrep-
ancy between estimated and GT InterFields, IF(p) and IF(p), respectively, as
Lip= ﬁ EpES \IF(p) —IF(p)|, where p are 1024 points uniformly sampled on a

Fig. 4: TriPlane-based InterFields.

surface S; we compute L separately for the body (£%) and object (£9). The
codebook losses Lyq and Leommit follow standard VQ-VAE training . The
steering weights A\ are set empirically; see “Implementation Details” in Sec. [3

In Secs. [3.2] and [.3] we refer to the codebook C as “LEXIS”, and to the
continuous Z as “LEXIS Code” as diffusion operates on codes Z. In practice,
estimated IF—Dw (Z,£°) is mapped via exp(—w-IF) to emphasize close proximity.
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Fig.5: LEXIS-Flow (Sec. . We develop a dual-stream Flow-Matching model
that takes as input a single image, and estimates 3D body and object meshes in in-
teraction along with LEXIS-based InterField proximal relationships (Sec. shown
with heatmap color-coding on the 3D meshes). Guiding sampling via LEXIS-based
InterFields refines estimates to improves the physical plausibility of 3D interaction.

3.2 LEXIS-Flow

After pretraining a LEXIS codebook of interaction signatures (Sec. ,
we exploit this to reconstruct 3D HOI from an image. To this end, we build
LEXIS-Flow (see Fig. [5|for an overview), a model that captures the conditional
distribution P(B,0 | ) via Flow Matching [43]. The generative process is for-
mulated as an Ordinary Differential Equation (ODE) that transports samples
from a Gaussian prior N (0,I) at t=0 to the target HOI distribution at t=1.

Let x = [B; O] denote the HOI state. Then, the flow interpolates between
Gaussian noise € ~ N(0,I) at =0 and a ground-truth sample x; at t=1 via
x; = (1 —t) e+t xy. To approximate the vector field that generates this flow, we
train a neural network, v, (xy, ¢, Z); then the target flow velocity is dx:/ar = x1 —e€.

The vector field, v,, is parameterized by a multi-stream transformer backbone
inspired by DiT and Mixture of Transformers . The body stream (for
state B), and object stream (for state O), operate with decoupled noise schedules,
conditioned on independent timesteps ¢; and to, respectively, as in TriDi [59].
Cross-attention between the two streams conditions each modality on the other
one, with sinusoidal timestep embeddings informing the network of each stream’s
noise level. During training, ¢t; and to are sampled independently . This lets the
network model both the joint distribution P(B,O | Z) and the conditional ones,
P(B | O,7) and P(O | B,T), preventing modality collapse (where one stream
might get ignored) by requiring each stream to be informative at all noise levels.

The LEXIS-Flow training objective is:

LLex1S-Flow = LFM + Atr L1F + Avay Lvav + A2p Lap + Aobs Lobs, (4)
where Lgy is the conditional flow-matching loss:

2
Linm = By, 1501(0,1), e~n'(0,D) || U7 (X1 12)5 115 b2, T) = Wtarget |55 (5)

where x4, ¢, is the noised state with body components interpolated at ¢; and ob-
ject components at t2, and Ugarge is the conditional vector field target; note that
the expectation is approximated by mini-batch averaging. The rest of the loss



terms provide explicit geometric and visual supervision; L;r penalizes the L,
discrepancy between the estimated (Dy(Z, £°)) and GT InterFields, Lyay is a Lo
vertex-to-vertex loss between estimated (M(B)) and GT (M(B)) body meshes,
Lop is a 2D keypoint re-projection loss encouraging alignment with image cues,
and Lops is a loss penalizing deviation between “observed” and GT InterFields,
encouraging consistency between the estimated poses and InterFields. To this
end, it first poses the object relative to the body using the estimated transfor-
mations {RO, tA"}, computes the “observed” InterFields between the posed body
and object meshes, and penalizes their deviation from the GT InterField. The
steering weights A are set empirically; see “Implementation Details” in Sec. [3-4]

3.3 InterField-Guided Refinement within LEXIS-Flow

Our LEXIS-Flow (Sec. is a flow-based generative model, so it imposes
a prior that pulls estimations towards the training-data distribution. However,
for rare/unseen images and interactions it can naturally make errors. Typically,
optimization performs corrections via contact constraints [82], but is slow, prone
to local minima, and takes place post-hoc, i.e., in a separate stage after inference.

We tackle this limitation with a guided refinement; LEXIS-Flow itself per-
forms the refinement in inference time (without additional stages) by adding
gradient-based guidance steps in the ODE sampling loop. Specifically, at inter-
mediate timesteps t, the ODE solver pauses, and the current state x; is updated
via a guidance gradient before the next iteration step.

To this end, we add a guidance loss with the terms discussed in the following;:

Eguidc = ﬁpostrIF + )\maskﬁmaslo (6)

InterField Guidance (£;r): The LEXIS-Net decoder, Dy, maps the run-
ning estimations of latent tokens, Z, to a predicted InterField, IF = Dw(é, ),
which encodes the proximal relationships between interacting surfaces. More-
over, an “observed” InterField is computed based on the running estimations for
the body and object meshes. Then, the novel loss term L,osci1r penalizes the
discrepancy between the “observed” and estimated InterFields:

EposeHF = ||IAF - IFtHZv (7)

where IF; denotes the computed InterField by posing body (decoded from run-
ning Z) and object with running estimates {R?, '}, {R?, ¢}, respectively. This
acts as a field that pulls the object and body into a 3D configuration informed
by the LEXIS interaction tokens and their corresponding InterFields, in a form
of LEXIS-/InterField-based analysis-by-synthesis.

Mask-pixel Guidance (Lmask): To align 3D estimations with image cues, a
common way is to use mask-based losses. Doing this for the human is challenging,
as people have hair, accessories, and loose clothing that “contaminate” masks and
cannot be explained by parametric body models such as SMPL+H. However,
doing this for the object is reliable, because the recent SAM [39] model estimates
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robust 2D masks, and SAM3D |[71] provides good 3D shape estimates (though
pose estimates are noisy). Thus, we add a mask-based loss for the object.

Object vertices V°, transformed by running state estimate (R°,t°), are pro-
jected onto the image plane using a differentiable renderer [63]. Vertices falling
outside the observed 2D object mask [39], M°, are penalized by:

‘cmask = ZVEVO ”1 - MO(TF(R?V + t?))||27 (8>

providing a gradient signal that aligns the 3D shape with the 2D image cues.
Guided Flow Trajectory: The state x; is updated by a gradient step:

Xt & X — n- vxt (»CposeJrIF + )\maskﬁmask ) (9)

Correcting x; during sampling leads to a guided flow trajectory, dynamically bal-
ancing interaction awareness (LEXIS-based InterFields) and image cues (mask).
This update performs guided refinement, without additional, separate stages.

Importantly, this formulation also lets LEXIS-Flow exploit off-the-shelf SotA
3D body-only and object-only estimators that are not interaction-aware, so that
it has a better initialization for adding the missing interaction awareness. That
is, given rough initial 3D body and object estimations from a baseline model,
LEXIS-Flow encodes these into a unified latent state Xinit = {Binit, Oinit }- Then,
rather than generating a 3D HOI estimation from pure noise, a controlled amount
of noise is injected to transport this estimate to an intermediate flow timestep
tstart € (0,1): X¢,.., = (1 — tstart) € + Estart Xinit, as in SDEdit [51]. A partial
ODE integration then proceeds from tst.r to t=1 with the guided sampling. In
the “Experiments”section (Sec. , this variant is denoted as LEXIS-Flow™.

3.4 Implementation Details

LEXIS: We initialize LEXIS-Net VQ-VAE with TokenHMR [18] tokenizer
and further train it to InterFields (evaluated at 1024 uniform surface points).
We use w=>5 for exponential mapping of InterFields. The LEXIS codebook con-
tains K=2048 entries (D=128). A frozen PointNeXt [61] (pretrained on Model-
Net40 [79]) encodes object geometry into a 1024-D global descriptor. This con-
ditions the 7% and 7° TriPlanes (7,=64 resolution, T.=64 channels), which feed
a 2-layer MLP ([128,64] hidden units). We optimize Eq. (A=10, A%=10,
AVQ=Acommit=0.5) for 60,000 iterations using AdamW [50] (Ir=10"*, batch size
1024). Training takes ~5 hours on a single RTX-6000Ada.

LEXIS-Flow: LEXIS-Flow uses a 18-layer multi-stream transformer back-
bone [71] (512 hidden units). As image encoder we use frozen DINOv2 (ViT/L-14)
[53]. Optimizing the training loss of Eq. (Ap=10, Ay2y=>5, Aap=1, Aops=0.5)
runs for 100k steps via AdamW |[50] (batch size 1024). We use a warmup co-
sine plateau scheduler (learning rate 1075 to 5x10~%) and a 0.3 dropout rate
for classifier-free guidance, with guidance-scale 1.5. Training takes ~48 hours on
4 RTX-6000Ada GPUs. We use Euler ODE solver (25 steps) for sampling and
perform guidance/refinement (Eq. @D) starting at tsrqre=15, Amask=0.5.
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4 Experiments

4.1 Experimental Setup

Training Data: We train LEXIS-Net on geometry-only HOI datasets, com-
bining the synthetic ProciGen [81] with InterAct-refined [84] MoCap datasets:
NeuralDome [91], OMOMO [41], and IMHD [93]. We train LEXIS-Flow on
ProciGen 3D-paired images for image-conditioned generation, and include 3D-
only InterAct-refined data for classifier-free guidance.

Benchmarks: We use the in-the-wild Open3DHOI |78| (Sec. and the
in-lab BEHAVE [4] dataset (Sec.[4.4)). For the former we have 2 tasks; see below,
where our generative model (sampling from noise) is denoted as LEXIS-Flow and
arefinement variant (initialized by SotA models via SDEdit [51]) as LEXIS-Flow™.

Generative Reconstruction (Open3DHOI): LEXIS-Flow estimates 3D
directly from noise, conditioned on image features, without any external initial-
ization for body or object pose. For fair comparison, we train LEXIS-Flow only
on ProciGen, as the HDM [81] baseline. For object shape, we provide the SAM3D
shape estimate as input to LEXIS-Flow. For HDM, we use its object-specific ver-
sion for classes it was trained on, and its general version for all others.

Guided Refinement (Open3DHOI): LEXIS-Flow™ starts from off-the-
shelf estimates rather than noise; it uses CameraHMR [56] for the body and
SAMS3D |71] for the object, aligned to a MoGe [76] depth estimate; see align-
ment details in Sec. This initialization is encoded into the latent state
and transported to an intermediate timestep fsart=15 (out of total 25) via
SDEdit [51], after which InterField-guided ODE integration refines estimates
(Sec. [3.3)). LEXIS-Flow* trains on a combination of the ProciGen and InterAct-
refined datasets. We compare against the optimization-based Interact VLM |[16]
and HOI-Gaussian [78] methods, initialized with CameraHMR + SAMS3D +
MoGe as our method for fair comparison. We refer to this version of Interact VLM
as “Interact VLM+-+.” Originally, InteractVLM uses ICP-based initialization of
object pose, which struggles in difficult scenarios; for completeness, we also re-
port this original setting, denoted as “Interact VLM.”

In-lab Evaluation (BEHAVE): For fair comparison to baselines that train
on BEHAVE, we train dataset-specific variants of LEXIS-Net and LEXIS-Flow
on this dataset, using the official train/test split [82]. We evaluate under the
generative setting only; for this, LEXIS-Flow generates the HOI state from noise
without any external expert initialization. We compare against CHORE |[82],
CONTHO [52|, HOI-TG [77], and HDM [81], all trained on BEHAVE.

Evaluation Metrics: We apply Procrustes alignment to the predicted body
meshes and apply the same transformation to the object as in [52,/77], be-
fore computing all metrics. To tackle the different topology of SMPL-X [57]
(Open3DHOI) and SMPL+H [64] (ours), we align their common vertices and
evaluate on uniformly-sampled surface points. We report Chamfer Distances
(CDhum, CDgpj; cm, lower is better) for geometry, Collision (% of penetrating
vertices |78]; lower is better) for physical plausibility, and Contact F1 (@5cm [52];
higher is better) for interaction fidelity. For metric formulas, see Sec.
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Method CDhum 4 CDobj 4 Collision | Contact 1
A. HDM (w. scale align.) [81] 13.50 (34.4%)  49.38 (29.1%)  0.089 (32.6%)  0.141 (19.6%)
B. LEXIS-Flow (Ours) 8.85 35.01 0.060 0.211

C. InteractVLM |[16] 7.20 (2.1%) 38.20 (39.9%)  0.054 (24.1%)  0.372 (21.2%)
D. CameraHMR [56| + SAM3D |71] 7.20 (2.1%) 37.30 (38.4%)  0.051 (19.6%)  0.182 (147%)
E. HOI-Gaussian |78| 32.02 (28.3%) 0.151 (198%)
F. Interact VLM++ |16] 30.11 (23.7%) 0.394 (14.5%)

G. LEXIS-Flow* (Ours) 7.05  22.96 0.041  0.451

Table 1: 3D HOI in the wild (Sec.]4.3)). We evaluate our LEXIS-Flow against SotA
refinement-based methods on the Open3DHOI [78| benchmark. Rows A-B estimate
from scratch; row C initializes with CameraHMR, and rows E—G initialize with D.

4.2 Interaction Representation

To evaluate the effect of Task Representation CDgp; | Contact 1
the interaction representation, we

Fitting Binary Contact  35.4 17.8

compare the dense, continuous Fitting  InterField (ours) 34.6 19.8
InterFields with ) sparse, binary Generative Binary Contact  49.11 0.152
contacts; for fairness, contacts Generative InterField (ours) 41.01  0.290

are extracted by thresholding
InterFields to compute a level set.
We evaluate on two tasks: (1)
The render-and-compare fitting of
Interact VLM [16]. (2) The guided
generative sampling of LEXIS-Flow.
The evaluation results are shown in Tab. 2] For both tasks, the dense, con-
tinuous InterFields outperform the sparse, binary contacts. Specifically, for the
“fitting” task, CDop; improves by 2.26% and Contact by 12.24%; for “generative”
task the improvement is 16.49% and 90.79% respectively. This shows that the
dense, continuous InterField representation encodes richer spatial signal than
sparse, binary contacts, helping 3D reconstruction and human-object alignment.

Table 2: Representation effect (Sec. .
Contacts and InterFields are compared on
Open3DHOI [78] on two tasks: render-and-
compare fitting and generative reconstruction.

4.3 In-the-wild 3D HOI Reconstruction

We evaluate 3D HOI estimation on the in-the-wild images of Open3DHOI |78|;
we evaluate two LEXIS-Flow versions, for “generative reconstruction,” and for
“guided refinement.” The results are shown in Tab. [I] and Fig. [6]

Generative Reconstruction (Tab. [1)): LEXIS-Flow (row B) outperforms
HDM [81] (row A) on CDpnym (8.8 vs 13.5cm), CDgp; (35.0 vs 49.3 cm) and Con-
tact F1 (0.21 vs 0.14); note in Fig. @that HDM produces geometric artifacts and
intersecting meshes on real-world images. Notably, LEXIS-Flow (row B), with its
direct generative estimation, already achieves lower CD,,; and higher Contact
F1 than a baseline that combines off-the-shelf CameraHMR + SAM3D (row D)
estimations (aligned using MoGe [76] depth). This suggests that jointly estimat-
ing humans and objects by exploiting interaction signatures (InterFields) (row B)
produces better spatial configurations than independently combining per-entity
experts (row D). When we initialize our method with these off-the-shelf esti-
mates (row D), denoted as LEXIS-Flow™* (row G), it improves further; see below.
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Input LEXIS-Flow* (ours) HOI-Gaussian Interact VLM HDM ([81]

FRF o
G Yh 24 8
4

i

b ¥l

Flg 6 LEXIS Flow vs SotA. Existing methods often fail to capture tight physi-
cal coupling, yielding floating objects (HOI-Gaussian, InteractVLM) or penetrations
(HDM). LEXIS-Flow tackles this via dense InterFields for proximity-aware estimation.

Guided Refinement (Tab. [I): With identical initialization (row D-G)
LEXIS-Flow™ (row G) achieves the best results across all four metrics, outper-
forming both InteractVLM (row C) and HOI-Gaussian (row E). LEXIS-Flow*
also outperforms InteractVLM++ (row F) (initialized with CameraHMR +
SAM3D + MoGe; see Sec. . This shows that the gains are not solely due
to better initialization; even when Interact VLM benefits from the same starting
point, the InterField-guided refinement of LEXIS-Flow* yields stronger spatial
alignment. The key difference is that the optimization baselines refine in output
space with sparse contact losses, while LEXIS-Flow™ corrects intermediate latent
states during generation using dense InterField signals from the learned LEXIS.

Qualitative comparison: Figure [f] compares our LEXIS-Flow* method
against SotA methods in the wild; for more results see Sec. [S.2.1} Optimization-
based methods often produce floating objects or penetration, because sparse con-
tacts lack the spatial awareness to correct these errors. LEXIS-Flow* recovers
physically-plausible interactions via InterField-guided refinement. Additional re-
sults in Fig. [7]show our in-the-wild generalization; for more results see Sec.

Perceptual study: We conduct a perceptual study on 60 Open3DHOI im-
ages with 62 participants (protocol in Sec. . This shows that LEXIS-Flow*
estimations are perceived as more realistic 75.8% of times over HOI-Gaussian.

: . BEHAVE

4.4 In-lab 3D HOI Reconstruction D | CDos; 4

We evaluate in-lab HOI reconstruction 12,17 (s.0%)  26.62 (71.5%)
11.61 (66.4%) 11.35 ¢

on the BEHAVE benchmark (Tab. [3).
LEXIS-Flow resets the SotA perfor-
mance on the BEHAVE benchmark by a
significant margin of 15.0% and 5.0% on
CDpum and CDobj respectively relative to  Table 3: In-lab 3D HOI: Evaluation
the closest competitor, HOI-TG [77]. on the in-lab BEHAVE [4] dataset.

5.58 (30.1%) 10.66 (28.7%)
4.99 (21.8%) 8.42 (9.7%)
4.59 (15.0%) 8.00 (5.0%)

LEXIS-Flow  3.90 7.60




Fig. 7: Qualitative results. LEXIS-Flow™ recovers physically-plausible interactions
from diverse in-the-wild images. By leveraging dense InterField signals, our model pro-
duces accurate spatial configurations and realistic articulations even under occlusion.

4.5 Ablation Study ‘ Variants |CD o & CDopy |

13.45 57.25
N/A 65.05
9.68 48.01

GaussFlow Baseline
FlowObject Baseline
LEXIS-Flow Baseline

Table [ evaluates our design choices  Architect.
on the Open3DHOI dataset. (Unguided)

Architecture (unguided): When
replacing the discrete LEXIS code-  Guidence
book with a continuous VAE latent
(GaussFlow) degrades CDpum by 39% Table 4: Ablations: We evaluate design
and CDgp; by 19%. This shows that choices for our architecture (unguided) and
discrete tokenization preserves pose for guided refinement on Open3DHOI .
expressivity and interaction structure.

After removing LEXIS, we keep the human fixed (initialized with the SotA
CameraHMR method) and denoise object pose (FlowObject). This worsens per-
formance, showing that jointly denoising the body and object with LEXIS is
essential; note that CDyy,y is not reported as body parameters are fixed.

Guidance signal (Sec. [3.3)): Adding mask guidance (Lmask) reduces CDgp;
to 43.51. InterField guidance (Lpose+1r) achieves CDgp; of 41.01. Combining both
yields the best CDgp; (35.01), a 27% reduction over unguided sampling. This
shows that 2D masks and 3D InterField proximity are complementary signals.

Unguided
Limask
LposetIF
Limask + LposetIF

9.68 48.01
9.46 43.51
9.05 41.01
8.85 35.01

5 Conclusion

We go beyond sparse, binary contact by leveraging dense, continuous InterFields
for reconstructing 3D Human-Object Interaction from single images. To make
InterField inference tractable from a single image, we learn LEXIS, a latent mani-
fold of interaction signatures, encoding interaction- and object-specific proximity
patterns. Then, we develop LEXIS-Flow, a dual-stream Flow-Matching model
that jointly estimates 3D human and object meshes alongside their InterFields,
and exploits these for guided refinement, eliminating post-hoc optimization. Ex-
periments show that continuous InterFields outperform binary contacts in both
fitting and generative settings. On the Open3DHOI benchmark, LEXIS-Flow™*
achieves the lowest CD,p,; (22.96) and highest Contact F1 (0.451), outperforming
all baselines. This moves us closer to holistic 3D scene understanding.
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Supplementary Material

LEXIS: LatEnt proXimal Interaction Signatures for 3D HOI from
an Image

S.1 Implementation Details

S.1.1 MoGe-Based Object Initialization

For each method (D-G) in Tab. 1 (in main), we apply the same initialization,
as follows. We initialize the object pose R°,t° from SAM3D [71]. The rota-
tion estimate is empirically accurate, so we keep it unchanged. However, the
translation and scale are noisy. We refine these via MoGe-estimated [76] met-
ric depth. Let the median MoGe depths under body and object masks [39] be
zb, z°, respectively. Their ratio p = 2°/2z° is scale-invariant. Anchoring to the
metric body depth 2° from CameraHMR [56] gives the depth-correction factor
§ = p2"/t9, where 2 is the z-component of t°. We resolve the scale ambigu-
ity by anchoring the object’s metric size to the body dimensions, obtaining
Omoge = OTsmpl L’ /L", where Osmpl is the height of the template SMPL mesh,
L°,L" are bounding-box heights of the object and body, respectively, as ex-
tracted from MoGe depth map. Then, we blend omoge With SAM3D-estimated

. — 0.8 0.2
scale Osam3d: 0 = (5 Usade) . Umoge'

S.1.2 Evaluation Metrics

For the human body, as in [52, 77|, we apply Procrustes alignment on the
estimated SMPL+H mesh (to align it to the GT SMPL-X mesh), via a similarity
transform {s,R,t} computed on vertices that are common between SMPL+H
and SMPL-X. For the object, we apply only the rigid transform {R,t} (from
above) to preserve and evaluate the estimated scale, s. After the above, we com-
pute all metrics on 10,000 points uniformly sampled across the aligned surfaces.

Chamfer Distance (CD): A bidirectional surface-to-surface distance (cm):

PN 1 . N 1 . N
CD(V.V) = ;% v -+ % gljgs v =, (S.1)
capturing the 3D geometric error between an estimated and GT mesh with vertex
sets V and V| respectively. Lower is better (]).

Contact F1: This captures the agreement between the estimated (M ) and
ground-truth (M) binary contact masks, M € {0,1}¥. For a human body surface
point p® € R?, binary contact is defined as I(minyeco ||p®—p°|| < 5em) by finding
the closest point p® on the object surface, O, and thresholding the respective
distance. Moreover, I(+) is the indicator function, with I(a < b) = 1 iff @ < b. Let
TP = |M N M| be the number of true positive contact points. We compute:

]3:'TP/‘]\Z|7 R:TP/\M\, F1:2PR/P+R, (82)
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where P is Precision and R is Recall. Higher is better (1).
Collision Score: This quantifies the fraction of body vertices that penetrate
into the object mesh:

1
Collision(V?, V°) = VI y I(vP in Vo), (S.3)
vbeveb

where V®, V are the set of body and object vertices, respectively, I(v® in V?)
is a binary indicator of whether a body vertex, v®, is inside the object volume
Ve, computed via ray-parity testing [34]. Lower is better ({).

S.2  Qualitative Evaluation (Extending Sec. 4.3 of Main)

S.2.1 Additional Results

Comparisons to SotA: The new extensive comparisons in Figs.[S.2]and [S.3|
(which extend Fig. 6 of the main) demonstrate the robustness of LEXIS-Flow*
across diverse, complex interactions shown in images taken in the wild. For more
results shown with a rotating viewpoint, see our website video.

Failure Cases: As with all methods, performance can degrade when poor
off-the-shelf initialization exceeds the recovery capacity of the Flow, or for highly
atypical interactions underrepresented in existing datasets [41, 81, 91, 93]. In
such Out-Of-Distribution (OOD) cases, the LEXIS manifold (and the decoded
InterFields) may misguide LEXIS-Flow, causing floating or penetrating artifacts.

S.2.2 Perceptual Study

To evaluate perceived realism, we conduct a perceptual study. We randomly sam-
ple 60 images from Open3DHOI [78] and reconstruct each using our LEXIS-Flow*

.1: Failure cases. Errors arise from inaccurate Body pose and depth estimation.
This can lead to misplaced human—object configurations, e.g., hovering over a bench
or skateboard instead of contacting it.
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Input LEXIS-Flow* (ours) HOI-Gaussian [78] InteractVLM [16] HDM [81]
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Fig.S.2: LEXIS-Flow vs SotA methods. Across many in-the-wild images [78]
and for a wide variety of objects, our LEXIS-Flow method estimates more physically-
plausible 3D HOI estimates than existing SotA approaches, capturing better cphysical
coupling while reducing floating artifacts and interpenetrations. For more results shown
with a rotating viewpoint, see our website video. Here: Q Zoom in to see 3D details.
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SotA methods. Across many in-the-wild images [78]
and for a wide variety of objects, our LEXIS-Flow method estimates more physically-
plausible 3D HOI estimates than existing SotA approaches, capturing better cphysical
coupling while reducing floating artifacts and interpenetrations. For more results shown
with a rotating viewpoint, see our website video. Here: Q Zoom in to see 3D details.
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Introduction: We compare two methods that reconstruct 3D human-object interactions from a single image. Each method takes a single
RGB image as input and reconstructs a 3D human body (shown in blue) and the object of interaction (shown in brown).

Criteria: The 3D body should have a natural pose, and the 3D object should have a plausible shape. Moreover, the interaction between
these entities should resemble the interaction depicted in the target image.

Your task: The study comprises 60 examples. For each example, you will see two rotating videos side by side, and you will have to choose
between Option 1and Option 2 by answering the following question:

Which reconstruction (Option 1 or Option 2) better matches the target image and is more physically plausible?

You may pause the videos to observe details more carefully.

Your participation is completely anonymous. The study should take about 10 minutes to complete.
Fig. S.4: Perceptual study protocol — Instructions to participants. We ask 62
participants to view 60 images and respective 3D reconstructions by our LEXIS-Flow™
method and the SotA HOI-Gaussian 78] method. Then, for each image they select the
reconstruction that better matches the image and appears more physically plausible.

and the SotA HOI-Gaussian [78] method. We randomize both the presentation
order and left/right placement. Each image is shown to 62 participants, who
select the reconstruction that better matches the input image and appears more
physically plausible. We present 60 samples, of which 4 are catch trials to as-
sess participant reliability (e.g., to detect participants that do not understand
the task); this filters out 1 participant, leaving out a total of 61 valid partici-
pants. LEXIS-Flow* is preferred in 75.8% of comparisons over HOI-Gaussian.
For participant instructions, see Fig. [S.4]
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