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Abstract. Reconstructing physically plausible 3D human-scene inter-
actions (HSI) from a single image currently presents a trade-off: op-
timization based methods offer accurate contact but are slow (~20s),
while feed-forward approaches are fast yet lack explicit interaction rea-
soning, producing floating and interpenetration artifacts. Our key insight
is that geometry-based human—scene fitting can be amortized into fast
feed-forward inference. We present GRAFT (Geometric Refinement
And Fitting Transformer), a learned HSI prior that predicts Interac-
tion Gradients: corrective parameter updates that iteratively refine hu-
man meshes by reasoning about their 3D relationship to the surrounding
scene. GRAFT encodes the interaction state into compact body-anchored
tokens, each grounded in the scene geometry via Geometric Probes that
capture spatial relationships with nearby surfaces. A lightweight trans-
former recurrently updates human meshes and re-probes the scene, en-
suring the final pose aligns with both learned priors and observed ge-
ometry. GRAFT operates either as an end-to-end reconstructor using
image features, or with geometry alone as a transferable plug-and-play
HSI prior that improves feed-forward methods without retraining. Exper-
iments show GRAFT improves interaction quality by up to 122% over
state-of-the-art feed-forward methods and matches optimization-based
interaction quality at ~100x lower runtime, while generalizing seamlessly
to in-the-wild multi-person scenes and being preferred in 64.8% of three-
way user study. Project page: https://pradyumnaym.github.io/graft.

Keywords: Human-Scene Interaction - 3D Reconstruction - 3D Holistic
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1 Introduction

Holistic 3D understanding of humans and their surrounding environments is es-
sential for emerging technologies such as embodied Al, sports analytics, and
augmented reality. Such applications require more than just the correct spatial
localization of subjects; they demand explicit interaction reasoning—the ability
to understand how a human relates to the 3D physical constraints of a scene to
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Fig. 1: Fast, geometry-grounded human—scene reconstruction. Left: From a
single RGB image, GRAFT jointly reconstructs the 3D human and scene with phys-
ically coherent interactions. Right: GRAFT breaks the traditional speed—accuracy
tradeoff, achieving high interaction accuracy at near feed-forward inference speeds,
while existing methods typically gain one at the expense of the other.

reconstruct coherent contact and reason about affordances. While monocular hu-
man mesh recovery (HMR) has seen significant advances, estimating physically
plausible human-scene alignment remains a formidable challenge: depth-scale
ambiguity compounds with incompatible learned biases across separate human
and scene models, so their outputs are rarely metrically or geometrically consis-
tent with one another.

Current state-of-the-art HSI reconstruction methods [14, 15,32] tackle these
challenges using off-the-shelf human-scene initialization, and then optimizing
them against energy functions that encourage realistic HSI. However, this op-
timization is expensive ( 20s per instance [32]), susceptible to local minima
due to its reliance on analytical gradients, and unable to learn generalizable
interaction priors, as geometry enters only as a hard test-time constraint.

To improve inference speed, recent feed-forward methods [2, 10] build on
foundational pose and depth models to jointly regress humans and scenes in
a single pass. However, they perform no explicit interaction reasoning: scene
geometry is never queried during pose decoding, so the model relies entirely on
learned priors—producing meshes that frequently float above or penetrate the
very scene it reconstructed. In practice, a costly test-time optimization such as
PhySIC [32] is still required to obtain accurate HSI reconstructions.

What is missing is a learned HSI prior: a model that understands how humans
physically relate to 3D scenes and can resolve floating and interpenetration in a
single feed-forward pass—without costly test-time optimization. We therefore in-
troduce GRAFT (Geometric Refinement And Fitting Transformer). Our key
insight is to amortize geometry-based optimization into a feed-forward trans-
former: instead of minimizing handcrafted energy functions at test time, GRAFT
directly regresses the corrective trajectory—the Interaction Gradient—from an
implausible human-scene state to a physically grounded configuration. Operating
on explicit 3D inputs, GRAFT supports two complementary modes: conditioned
on image features it serves as a standalone HSI reconstruction system, and on
geometry alone it acts as a universal plug-in prior that improves any existing
method without retraining.
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Concretely, GRAFT encodes the interaction state into a set of HSI To-
kens—one per body joint, one per hand, and one for the full body—each grounded
in the scene via Geometric Probes: nearest-neighbor queries that capture met-
ric distances, directions, and surface normals from the surrounding scene point
cloud. A lightweight transformer refines these tokens via self-attention to model
inter-limb dependencies (e.g., support-contact coupling between feet and torso)
and Geometry-Aware Cross-Attention to fuse geometric cues with image fea-
tures, then decodes corrective parameter updates. Crucially, this is recurrent:
probes are recomputed after each update, giving the network direct physical
feedback that progressively resolves penetrations and establishes contact.

Experimentally, GRAFT improves contact F1 by up to 122% over feed-
forward baselines and matches optimization-based PhySIC at 100 lower run-
time (0.2s vs. 20s). In geometry-only mode it boosts Human3R’s contact F1
by up to 44% without retraining. Our method generalizes to diverse in-the-wild
images, including multi-person scenes and complex interactions, and is preferred
in 64.8% of trials in a three-way user study. Our contributions are as follows:

— GRAFT: a learned HSI prior that amortizes geometry-based optimization
into a feed-forward transformer, predicting corrective Interaction Gradients
through a recurrent refinement loop, explicitly reasoning about 3D HSI.

— HSI Tokenization: Geometric Probes and Geometry-Aware Cross-Attention
anchor body-part queries directly to the scene point cloud and fuse metric
3D cues with image features, encoding the full interaction state in only 24
compact tokens.

— Dual-mode architecture: conditioned on image features, GRAFT serves
as a standalone HSI reconstruction system; on geometry alone, it acts as a
universal plug-in prior that improves any existing method without retraining,
boosting Human3R’s contact F1 by up to 44%.
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with stronger depth/geometry priors. These pipelines preserve explicit interac-
tion reasoning but remain slow and sensitive to initialization. More recently,
feed-forward video methods such as Human3R [2] and UniSH [10] achieve fast
inference, but lack explicit HSI reasoning. As a result, they struggle with complex
interactions (e.g., leaning on a wall, or lying on a couch) where multiple body
parts must respect fine-grained surface constraints simultaneously. GRAFT is
designed to achieve the best of both worlds, combining feed-forward efficiency
with explicit 3D HSI reasoning, faithfully recovering the full range of complex
body—scene contacts while maintaining competitive runtime (Table 1).

2.2 Human-Scene Interaction Prior

Early human-prior models such as Pose-NDF [23], NRDF [6], and VPoser [17]
learn pose distribution/manifolds in isolation, without explicit scene ground-
ing. Explicit HSI-prior methods [5,34] condition on scene geometry, but follow
a two-stage generate-then-optimize paradigm: they first predict plausible con-
tact maps or placement distributions, then run costly test-time optimization to
fit candidate poses to each scene. This decouples scene sensing from pose cor-
rection, making the pipeline slow and fragile—the optimizer must bridge the
gap between a coarse contact prediction and a full-body solution, often falling
into local minima. Moreover, these methods encode the scene with dense body-
centric representations ( 4K-10K parameters [5,19,34]), which risk overfitting
to training-set geometry and scale poorly to partial observations.

GRAFT instead operates as a corrective prior: given an existing (possibly
wrong) human—scene configuration, it directly predicts interaction gradients that
move the mesh toward a plausible state, unifying scene sensing and pose cor-
rection in a single forward pass. Its compact 24-token HSI representation ( 500
geometric parameters) captures the dominant interaction signal with far fewer
dimensions, improving generalization and enabling the model to function as a
geometry-only plug-in prior on top of other methods (Sec. 4).

2.3 lterative Refinement

Iterative residual refinement has seen widespread adoption in diverse vision sys-
tems [21,22,31]. This paradigm has naturally been adopted in human-centric
tasks. ReFit [27] refines SMPL estimation in a recurrent loop by reprojecting
3D keypoints onto 2D image features. WiLoR [18] iteratively projects an ini-
tial mesh onto multi-scale image features to regress pose and shape residuals.
Learned Vertex Descent (LVD) [3] predicts 3D per-vertex displacements from
localized feature projections, effectively amortizing an optimization descent.
GRAFT is the first work exploring the iterative refinement for 3D human—
scene relationship: geometric probes are recomputed from the updated mesh
at every step, so as the body moves, distances, normals, and contact patterns
shift—giving the network a direct physical gradient toward plausible interaction.
Because this feedback is purely geometric, GRAFT can also operate without any
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visual features and still serve as a plug-in HSI prior atop any method (Table 2) a
capability no prior iterative method possesses.

3 Method

Given a single RGB image I, 2 R"W 3  of humans in a scene, our goal is to co-
herently reconstruct both the 3D scene geometry R 2 R"W 3 and the human
body meshes M, = SMPLX( ), with i indexing the person instances. Each
per-human parameter vector is = f;t; g, with pose 2 R 65 translation

t 2 R3, and shape 2 R, In contrast to one-shot methods, GRAFT itera-
tively predicts interaction gradients learned corrective parameter updates by
repeatedly probing the local scene geometry and attending to image tokens,
progressively driving each mesh toward a geometry-grounded solution.

Our framework has two core components (Fig. 2). We start from a coarse
metric initialization of the human and scene using separate foundation models
(Sec. 3.1), where the two predictions are typically still incoherent. We then apply
GRAFT (Sec. 3.2), an iterative re nement transformer that leverages compact
HSI tokens and geometric probes capturing human scene point cloud relations,
with optional Geometry-Aware Cross-Attention grounded in image evidence.
Training objectives are described in Sec. 3.3.

3.1 HSI Initialization

To initialize iterative re nement, we use two foundation models: MapAnything [8]
for scene geometry and features, and NLF [20] for initial human meshes M .
To recover occluded scene geometry behind humans, we rst remove them from
I, using OmniEraser [29], similar to [32], producing . We then apply MapA-
nything to | s and I jointly, yielding coherent scene pointmaps R and Py, in a
shared camera frame; these features are reused in later stages. We recover metric
scale using a monocular depth estimator [25], following [12, 13].

For coarse alignment, we project each mesh's head joint to 2D, retrieve the
corresponding 3D scene point from R, and compute a per-human depth-ratio
scale $ = pene=’® to bring the mesh into the metric frame of Ps, yielding

fM ?g{ig . This provides only a coarse initialization; GRAFT then independently
renes each ; using local geometric evidence and learned interaction priors,
naturally supporting multi-person scenes with shared weights.

3.2 lterative Interaction Transformer

Our model takes as input the current interaction state de ned by the scene
pointmap P¢ and human parameters =f;t; g and predicts the interaction
gradient: a corrective =f ; t; g with an additional uniform scale s

to compensate residual metric-scale mismatch from initialization. We predict s
explicitly since scale ambiguity dominates the mismatch; decoupling it from
and t simpli es the correction (Suppl.). We propose parameter- and data-e cient
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Fig. 2: Overview of GRAFT. Left: Foundation models initialize human meshes
(NLF [20]) and scene geometry (MapAnything [8]), often yielding misalignments. Cen-
ter: Geometric probes (nearest-neighbor scene points for body joints and body vertices)
encode local contact cues (such as position and surface normals) into compact HSI to-
kens. GRAFT uses these tokens to predict iterative updates °= + , correcting
penetration and oating artifacts. Right: GRAFT alternates geometric self- and visual
cross-attention for HSI-prior-guided re nement, optionally fusing image features.

architecture design by leveraging (a) a compact HSI token representation that
captures localized 3D cues and (b) an e cient Geometry-Aware Cross-Attention
mechanism that grounds these cues in visual evidence. In each recurrent step,
the model closes the loop by re-sampling metric spatial evidence from the scene,
enabling precise contact resolution that single-pass methods fail to achieve.

HSI Tokenization with Geometric Probing Transformers are well suited

for HSI re nement because they jointly model long-range body-part dependen-
cies and can fuse geometry with image evidence through self-/cross-attention.
We encode the current interaction state (Ps; ) as a compact set of HSI tokens
and keep this representation low-dimensional for both generalization and e -
ciency: it discourages over tting to high-dimensional noise, encourages learning
the underlying interaction manifold, and reduces quadratic attention cost. Our
tokenization aggregates local geometric cues around the body into a xed, small
number of tokens (instead of raw points or dense maps), using 500 parameters
versus 4K for BPS (basis-point-set distance) representations [19,34] and 10K
for POSA (dense body-surface contact) representations [5].

Each token is built from one or more geometric probes that capture the
local 3D human scene relationship at a speci ¢ body location. Each probe is a
spatial query anchored at a 3D point p (e.g., a joint or surface vertex). Since
signed distance elds are ill-de ned for partial observations such as pointmaps,
for each p, we retrieve the closest scene point pand compute the relative o set
Vs =p p together with the corresponding scene normal n . We also express
p in body-relative coordinates. Fused with visual features via cross-attention,
these signals enable reasoning about local contact, penetration, and support. All
geometric vectors fvg;n ;pg are encoded using learnable Fourier features [11].
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We de ne 24 xed HSI tokens for each human: 21 body joint tokens (non-
root joints), 2 hand tokens (left/right), and 1 full-body token. This layout mirrors
SMPL-X's output groups, so each token gathers the geometric and visual context
relevant to the parameters it predicts. Each token concatenates (i) geometric
probe features and (ii) token-speci ¢ SMPL-X parameter context, then projects
them to a shared embedding space via an MLP. In compact form,

Zo= « lgopl 0 Z'=fz gl
where d, are geometric probe encodings and jpare token-speci ¢ SMPL-X pa-
rameter features. Each body joint token carries one probe at its joint together
with the joint's 6D rotation; each hand token aggregates ve distal-joint probes
and the corresponding nger rotations; and the full-body token aggregates 27
surface probes at xed vertices uniformly sampled from the SMPL-X template

mesh, together with global orientation, translation, and shape parameters. Tok-
enization details and the MLP architecture are provided in the supplementary.

Visual Anchors and Geometry-Aware Attention To ground each token
in image evidence, we use two MapAnything feature streams: a scene stream
from the human-removed image k and an interaction stream from the original
image |y,. For each token, we de ne one or more visual anchors: 3D body points
a 2 R?3 projected to both images by u = (a). Around each u, we sample
multi-scale MapAnything features from both streams and concatenate them as
the token context. Body tokens use one anchor per body joint, hand tokens use
one anchor per hand (mean of distal joints), and the full-body token uses 27
surface anchors. We sample 3 3 MapAnything token neighborhoods around
each body/hand anchor and 1 1 (single-token) features for the 27 full-body
anchors to preserve e ciency.

We use a 5-layer transformer with standard multi-head attention, alternating:
(i) self-attention among HSI tokens and (ii) constrained cross-attention to sam-
pled visual features. In self-attention, geometry-aware tokens exchange global in-
teraction context (e.g., support-contact dependencies between limbs and torso).
In cross-attention, token k attends only to features sampled at its own anchors,
yielding a sparse connectivity pattern that tightly couples geometric probes with
local visual evidence. Let V' = fv [ g24, denote anchor features sampled from
both streams. One attention block can be written as follows, with 2t denoting
the geometry-grounded interaction state:

2t =Self-Attn(z '); B! =Cross-Attn( 2%;VY);

Iterative Interaction Re nement At iteration t, we decode step-wise up-
dates directly from the geometry-grounded state!. We decode 6D rotations for
the 21 body joints from the body tokens, 6D rotations for the 15 joints in each
hand from the hand tokens, and global orientation from the full-body token,
together with shape and translation updates. In compact form,

( t;st): ( Et); 1l — oty t.
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Lightweight MLP heads implement , predicting ' (body, hand joint, and
global rotations), t !, and ', while a separate head on the full-body token
predicts a uniform scale $ applied to the vertices. We maintain the rotation
representation in 6D for stable updates, then convert to axis-angle for the SMPL-
X forward pass to produce the re ned mesh M.

This updated state is fed back into the next iteration: we recompute geo-
metric probes, resample visual anchors, and re-run the transformer with shared
weights across timesteps. Over T iterations, the meshes progressively reduce in-
terpenetration and improve contact and alignment with the scene geometry. We
describe the supervision used to train this iterative trajectory in Sec. 3.3.

Fast Di erentiable Scale Update In addition to pose, translation, and shape
updates, GRAFT predicts a per-step uniform scale § applied to mesh vertices.
During training, naively re- tting SMPL-X shape coe cients at every step to
match scaled vertices is prohibitively expensive. We therefore use a closed-form
linear approximation: because shape blendshapes act linearly on vertices, a uni-
form scaling can be absorbed into shape parameters as

s=s (+¢) ¢

where c is the least-squares projection of the mean body template into -space,
computed once o ine and xed for a given body model (SMPL-X). Translation
scales directly and rotations are unchanged, replacing complex per-step tting
with simple vector arithmetic. This yields an e cient, fully di erentiable update

for multi-step rollout supervision. Full derivation is provided in the Suppl..

3.3 Training Objectives

We train GRAFT on paired human scene data with ground-truth SMPL-X an-
notations, supervising the full iterative trajectory by applying losses at every
re nement step t rather than only at the nal output. This per-step supervi-
sion exposes the network to a richer set of o -manifold states and encourages
monotonic improvement across iterations.

Training queries. At each iteration we sample a mixture of NLF-initialized
queries (realistic misalignments) and ground-truth parameters with random per-
turbations. This teaches the model to both (i) correct large initialization errors
and (ii) remain stable near the optimum by predicting near-zero updates when
the input is already well aligned.

Per-step losses. At each step t, we combine three complementary terms:
X
L= pk ! K2+ kvt V KB+ k¥ 9K
t=1

where ' denotes the predicted 6D joint rotations, V! are camera-relative vertices
(capturing the joint e ect of t and scale s), and ¥' are mean-normalized vertices
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Fig. 3: GRAFT as a learned HSI prior. Starting from an initial state (green mesh),

we apply a translation and pose perturbations(red); after each perturbation, GRAFT
operating with no visual features projects the state back to a geometrically valid
human scene interaction (green). Our geometric probes encode contact and penetration
cues that drive each correction step. We refer readers to the supplementary video for
a comprehensive visualization.

that isolate shape supervision from global placement. The rotation loss directly
penalizes articulation errors in the continuous 6D space, while the two vertex
losses decouple global positioning from body proportions. Notably, we do not
employ explicit contact or interpenetration losses. Our geometric probes already
encode local human scene distances and normals at every step, providing dense
spatial evidence from which contact and non-penetration constraints emerge
implicitly through regression to ground-truth poses. Moreover, such geometric
losses are ill-de ned for the partial, single-view point clouds we operate on,
where occluded surfaces introduce spurious nearest-neighbor correspondences.
We nd that rich per-step geometric input combined with trajectory supervision

is su cient to learn plausible interactions without auxiliary HSI losses (Sec. 4).

Training strategy. We stabilize iterative training with two techniques: cur-
riculum rollout, which gradually increases the number of supervised re nement
steps from zero to T, and visual-anchor dropout, which randomly drops per-token
visual neighborhoods from both scene and interaction streams to prevent over-
reliance on appearance. All hyperparameters (loss weights,; v; n, mixture
ratios, and training schedules) are provided in Sec. 4.

4 Experiments
4.1 Implementation Details

Datasets. We train GRAFT on a pseudo-labeled HSI dataset InHabitants [9],
comprising 75k images and 97k human instances. Other datasets do not o er
both realistic RGB and accurate interaction annotations: RICH [7] o ers accu-
rate motion captures and 3D scene scans, but is limited to <15 indoor/outdoor
scenes, PROX-D [4] is captured on 12 indoor scenes and uses optimization
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pseudo-labels with unnatural and inaccurate poses, BEDLAM [1] lacks real-
istic interactions (humans oat above furniture), and HUMANISE [28] provides
no photorealistic RGB. GRAFT is inherently bounded by pseudo-label quality;
scaling to richer data is a promising future direction.

Optimization. We train with Adam for 215k iterations on a single H100 GPU.
The peak learning rate is 1 10 4 , with linear warmup followed by cosine decay.

Training queries and perturbations. Following Sec. 3.3, each training step
uses a mixture of NLF-initialized queries and GT-based queries. For GT-based
queries, we keep clean GT states with probability 0:2, and with probability 0:8
we add Gaussian perturbations to improve robustness around the interaction
manifold: translation noise with standard deviation 0:1 m, SMPL-X shape ()
noise with standard deviation 0:03, pose rotation noise with standard deviation
7 , and global orientation noise with standard deviation 3 .

Rollout training and scaling. We supervise all re nement steps and train

with curriculum rollout, increasing from single-step supervision to full T=3-step
supervision. Full rollout supervision starts after the rst 10k training iterations.
As in Sec. 3.2, re nement weights are shared across iterations. we set T=3 for
both training and inference, as additional iterations yield only marginal gains
(Fig. 6). During training, we also apply random global scale augmentation by
sampling a factor from [0:85;1:15] and use our fast di erentiable scale update
(Sec. 3.2) to keep this operation e cient. We apply visual-anchor dropout with
probability 0:35 per token.

4.2 Evaluation Protocol

Baselines. We train our method from scratch and compare against both opti-
mization based and feed-forward baselines. Speci cally, we evaluate PROX and
PhySIC (test-time optimization) as well as Human3R and UniSH (feed-forward
methods trained on synthetic/large-scale video data). Human3R and UniSH are
video-based models and, in the absence of dedicated single-image HSI recon-
struction baselines, they are the closest feed-forward baselines for comparison.
For fair comparison, and because interaction evaluation requires complete scene
geometry, we pass the inpainted scene imageslthrough the depth backbones
used by the baselines (CUT3R [24] and Pi3 [26]) and robustly align scene points
to their incomplete predictions, so all methods are evaluated under the same
complete-geometry protocol.

Metrics. In addition to standard contact precision/recall/F1, we introduce two
geometric interaction metrics that provide a continuous measure of human scene
relative positioning. Contact precision/recall/F1 remains our hard-constraint
evaluation, while the new metrics quantify geometric consistency continuously.
Using the PROX contact-vertex set [4], for each contact vertex we compute the
vector from the human vertex to its nearest scene point in both prediction and
ground truth. We then report (i) V2S (Vector-to-Scene): the weighted mean
Euclidean error between predicted and ground-truth vectors (reported in mm),
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Fig. 4: In-the-wild qualitative comparison. We compare GRAFT against feed-
forward methods, UniSH [10] and Human3R [2] on unconstrained internet images.
While prior approaches localize humans in the scene, they lack explicit human scene
interaction modeling, often resulting in weak support, hovering or penetration. In con-
trast, GRAFT recovers physically coherent interactions with scene-consistent contact.
We refer readers to the supplementary for more results.

and (ii) D2S (Direction-to-Scene): the weighted mean angular error between
these vectors (reported in degrees). Per-vertex weights are density-aware, so
high-vertex-density regions (e.g., hands) do not dominate the error term.

Following the evaluation protocol of PhySIC, we report quantitative results
on RICH-100 and PROX-test, both of which provide ground-truth human and
scene scans. In addition, we present qualitative results on PiGraphs and demon-
strate strong generalization on curated in-the-wild internet images.

4.3 Qualitative Evaluation

Compared with UniSH and Human3R, GRAFT produces more realistic human
scene interactions, especially at support and contact regions (e.g., feet oor and
body furniture interfaces). While these baselines often localize the human rea-
sonably in the scene, they frequently fail to capture ne interaction structure,
leading to weak support, hover artifacts, or penetration near local geometry. In
contrast, our iterative re nement predicts interaction gradients from geometry-
grounded local probes and updates parameters incrementally rather than regress-
ing the full pose from scratch, enabling reliable reconstruction even for challeng-
ing articulated poses. Because re hement is applied per human on shared scene
geometry with shared weights, GRAFT naturally handles multi-person scenes
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