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Figure 1. OneHOI unifies Human-Object Interaction (HOI) generation and editing in a single, versatile model. It excels at challenging
HOI editing, from text-guided changes to novel layout-guided control and novel multi-HOI edits. For generation, OneHOI synthesises
scenes from text, layouts, arbitrary shapes, or mixed conditions, offering unprecedented control over relational understanding in images.

Abstract

Human-Object Interaction (HOI) modelling captures how
humans act upon and relate to objects, typically expressed
as (person, action, object) triplets. Existing approaches
split into two disjoint families: HOI generation synthe-
sises scenes from structured triplets and layout, but fails
to integrate mixed conditions like HOI and object-only en-
tities; and HOI editing modifies interactions via text, yet
struggles to decouple pose from physical contact and scale
to multiple interactions. We introduce OneHOI, a uni-
fied diffusion transformer framework that consolidates HOI
generation and editing into a single conditional denoising
process driven by shared structured interaction represen-
tations. At its core, the Relational Diffusion Transformer
(R-DiT) models verb-mediated relations through role- and
instance-aware HOI tokens, layout-based spatial Action
Grounding, a Structured HOI Attention to enforce inter-
action topology, and HOI RoPE to disentangle multi-HOI
scenes. Trained jointly with modality dropout on our HOI-
Edit-44K, along with HOI and object-centric datasets, One-
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HOI supports layout-guided, layout-free, arbitrary-mask,
and mixed-condition control, achieving state-of-the-art re-
sults across both HOI generation and editing.

1. Introduction

Human-Object Interaction (HOI) lies at the forefront of vi-
sual understanding, focusing not just on what appears in an
image but also on how entities relate. It represents the world
through structured triplets (person, action, object), captur-
ing the grammar of interaction. Mastering HOI is crucial for
next-generation Al, from building dynamic AR/VR worlds
to enabling content creation that understands why and how
things connect, not merely what they are.

Existing studies follow two main directions. Recog-
nition and detection approaches [3, 6, 26] aim to iden-
tify and localize HOI, improving perceptual understanding
but offering no generative capability. Generative methods
[4, 13, 14, 43] in contrast, have evolved into two disjoint
families: HOI generation, which synthesises scenes from
triplets conditioned on spatial layouts for controllability, but
struggles with flexible control, such as mixing HOI triplets
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Figure 2. Unified HOI generation and editing. OneHOI en-
ables a single-model multi-step workflow. It begins with (i)
Mixed-Condition Generation, synthesising a complex scene
from layout-guided HOIs with arbitrary shape. Then, it per-
forms (ii) Layout-free HOI Editing, (e.g., change him to plant
the flag), followed by (iii) Layout-guided HOI Editing (e.g., add
another astronaut and driving a rover) and (iv) Attribute Editing
(e.g., change to Mars). More examples in Fig. 14 of the Appendix.

with object-only entities or accepting arbitrary shape lay-
outs; and HOI editing, which modifies images via text,
cannot reliably decouple and recompose pose and physical
contact. Besides, it fails to scale beyond a single interac-
tion, lacks fine spatial control, and relies on implicit priors
rather than explicit structural modelling.

This paper asks a simple but fundamental question: Can
HOI generation and editing be unified within a single
Jramework? We posit that joint training creates a substan-
tial synergy, as the broad interaction semantics (e.g., poses,
contact points) learned during generation can provide the
deep structural HOI knowledge that editing-only models
lack, enabling more plausible and physically-aware edits.

Achieving this unification requires a high-fidelity back-
bone with a flexible architecture for multi-modal condition-
ing. Diffusion Transformers (DiTs) [30] are a promising
candidate. They combine diffusion’s fidelity with trans-
formers’ global reasoning to produce high-quality images
[9, 21, 38] and enable fine-grained spatial control [45]. Yet,
they have a critical flaw: DiTs treat scenes as collections of
independent objects and lack explicit interaction modelling,
yielding visually detailed but relationally shallow results.

To address this, we introduce OneHOI, a unified frame-
work for HOI generation and editing. Our key insight is that
both tasks are two views of a single conditional denoising
process. Besides layouts and captions, our model also con-
ditions on structured interaction representations, reframing
diffusion from arranging pixels to realising relationships.

At the core of OneHOI lies a new Relational DiT (R-
DiT) with three tightly coupled modules: (i) HOI Encoder
to inject role- and instance-aware cues into HOI token;
(i1) Structured HOI Attention to enforce a verb-mediated
topology among HOI tokens and (iii) HOI RoPE to assign
distinct positional identities to disentangle interactions in
multi-HOI scenes. Together, these form a unified grammar
that enables reasoning over interactions, not just regions.
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Trained jointly for generation and editing on our
new HOI-Edit-44K dataset with modality-dropout, sup-
plemented by established HOI and object-level datasets,
OneHOI is a unified pipeline that supports layout-guided,
layout-free, arbitrary-mask, and mixed-condition controls,
handling single and multiple interactions, see Figs. | and 2.

Our main contributions are:

OneHOIL, a unified DiT-based framework for HOI gen-
eration and editing, scaling to multi-HOI scenes and, for
the first time, enabling multi-HOI editing.
A novel R-DiT that embeds explicit interaction represen-
tations via three modules (i.e. HOI Encoder, Structured
HOI Attention, and HOI RoPE), enabling precise yet flex-
ible control under diverse conditions, including layout-
guided, layout-free, arbitrary masks, and mixed inputs.
A new large-scale paired dataset, HOI-Edit-44K, ad-
dressing the scarcity of paired data, with 44K identity-
preserving examples, for training of robust HOI editing.
State-of-the-art performance across benchmarks for con-
trollable HOI generation, layout-free editing, and novel
layout-guided single- and multi-HOI editing tasks.

2. Related Works

Controllable Generation and Human-Object Interac-
tion. Research on fine-grained control [23] and spatial
conditioning (e.g., GLIGEN [22], MIGC [47] and EliGen
[45]) has enabled object placement via layouts or attention
manipulation. However, they focus on individual entities,
specifying where objects are, but not how they relate. Gen-
erative HOI research addresses this gap, diverging into:
Layout-Conditioned Generation. Methods like Inter-
actDiffusion [13] synthesise images from triplets condi-
tioned on spatial layouts for controllability, but strug-
gle with flexible control (e.g., mixing HOI triplets with
object-only entities or accepting arbitrary shape layouts)
and fail when layout guidance is partial or absent.
Text-Guided Editing. Methods like HOIEdit [43] and
InteractEdit [14] modify interactions in existing images.
They cannot reliably decouple and recompose the pose
and physical contact, fail to scale beyond a single inter-
action, lack precise spatial control, and rely on implicit
model priors rather than explicit interaction modelling.
This fragmented development leaves a clear gap: no unified
framework bridges these modalities and the multi-HOI edit-
ing is largely unaddressed. OneHOI addresses these lim-
itations directly, introducing the first framework to unify
generation and editing, enabling precise yet flexible control
under diverse conditions (e.g., layout-guided, layout-free,
arbitrary masks, and mixed inputs) within one model.
Diffusion Transformers (DiTs) for Image Synthesis. The
landscape of image synthesis has been reshaped by diffu-
sion models [12, 35], which have rapidly surpassed GANs
in generating high-fidelity images. Latent Diffusion Models
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Figure 3. (a) OneHOI unifies HOI editing and generation tasks on a DiT backbone. The pipeline features an HOI Encoder to inject role
and instance cues, and Structured HOI Attention to enforce verb-mediated topology and spatial grounding. (b, ¢) To separate instances, in
contrast to the Original RoPE (b), HOI RoPE (c) provides unique positional indices for each interaction.

[33] democratised this by operating in a compressed latent
space, significantly reducing computational costs. While
early models used U-Nets [34], DiTs [30] marked a piv-
otal shift. Replacing convolutions with a pure transformer
architecture yielded superior scaling properties, establish-
ing DiTs as the new standard. State-of-the-art systems like
Flux.1 [21] and Qwen-Image [38] leverage Multi-Modal
DiT (MM-DiT) [9] variants with flow-matching objectives
[24], achieving unprecedented quality and controllability,
yet they lack explicit interaction modelling.

3. Methodology

Figure 3a overviews our unified pipeline for HOI generation
and editing. Given a global text prompt P and either a set
of structured interaction {(s, 0, a),, }_; or independent ob-
jects {(0)n }N_; with optional layout B = {b5,b%} or B =
{b%}, our pipeline produces an image that realises all spec-
ified targets. We denote the sets of TS [3 1]-encoded tokens
corresponding to these triplets as 7 = J~_, {S,, An, O},
where S,,, O,,, A,, represent subject, object, and action to-
kens, respectively for instance n. For generation, we sam-
ple noise Z; in the latent space and run the conditional de-
noiser. For editing, we encode the source image into latents
I, concatenate them with the noise Z;, and run the same
denoiser conditioned on the new interaction targets.

Our core idea is the introduction of Relational DiT (R-
DiT), a modified backbone that explicitly models interac-
tion structure. We build the R-DiT by introducing four
key components to a standard layout-conditioned DiT base-
line, Eligen [45], as validated in our ablation (Sec. 4.7).
These components inject increasingly sophisticated rela-
tional understanding: (i) Action Grounding, which intro-
duces action-specific semantic and spatial cues; (ii) HOI
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Figure 4. Action-token—image attention heatmaps from the base-
line. The “Between” region proposed in InteractDiffusion [13]
misses where the action actually attends, while our “Union” re-
gion (subject U object) better matches the attention footprint.

Encoder, adding fine-grained role and instance identity;
(iii) Structured HOI Attention, enforcing a verb-mediated
attention topology and layout constraints; and (iv) HOI
RoPE, ensuring interaction instances separation in complex
scenes. More details in Appendix A.

3.1. Action Grounding

Standard layout-conditioned models only ground objects.
To model interactions, however, the model must also have
basic awareness of the action itself, both semantically and
spatially. We introduce Action Grounding (AG) to provide
this foundational capability. It builds upon a baseline that
grounds subject S,, and object O,, tokens to regions R; and
R¢ by introducing two action-specific cues: (i) Semantic
Action Token A,, (T5 [31]-encoded) for each action label
(e.g. "feed”) in the HOI triplet and (ii) Spatial Action Re-
gion R associated with this action.

Previous work [13] defines the action region with a “be-
tween” operator, which uses the intersection of the subject
and object boxes when they overlap, else a rectangle span-
ning them when they disjoint. While adequate as a condi-
tioning cue, this band often fails to match where the action
token actually attends (too narrow or misplaced; see Fig. 4).

We define it instead as the union of the subject and object
regions. By rasterising the subject and object shapes/boxes



by, b, we form regions R} and R?, and set Ry = R; URS.
This choice (i) aligns better with the natural attention pat-
terns of DiT, (ii) is robust for both overlapping and disjoint
pairs, and (iii) provides a stable target for grounding the ac-
tion (via Sec. 3.3). This establishes the foundational under-
standing of interaction that is missing in object-only mod-

els, upon which our subsequent modules are built.
3.2. HOI Encoder

Models risk role confusion or blending wrong interactions
in multi-HOI scenes. For example, given (personl, chase,
dog) and (person2, hold, cat), a model might incorrectly
render ‘personl’ holding the ‘cat’ (blending wrong in-
teractions) or a dog chasing ‘personl’ (role confusion).
Hence, simply providing S,,, O, A, tokens is insufficient.
The model must explicitly know which token plays which
role (subject/object/action) and which interaction instance
it belongs to. HOI Encoder tackles this by injecting com-
pact, explicit identity cues into the HOI token streams H.
Formulation. Let d as T5 output dimension (d¢=4096). For
an interaction instance n and role r € {s, 0, a}, letz!, € R?
be the T5-embedding. We build three side signals:

erole(r) € R647 einst(n) S R647 ebox(b;) S ]R2563
where ee(r) is a learnable role embeddings, ejn(n) is
a fixed sinusoidal embedding of the instance index, and
ebox (b7, ) is Fourier embedding [27] of the role’s box.

We then normalize the HOI token h; with Layer Nor-
malization, concatenate it with the side signals and project
the result with a small MLP, and apply a gated residual:

;L:l = MLP([LN(hy,); ebox(by,); €role(7); €inse(12)]),
A" = R +tanh()\) - AT,

(1
2

where A € R is a learnable gate that smoothly ramps in the
conditioning to stabilise training. The augmented tokens
B; are then fed into the DiT backbone. This provides the
fine-grained identity information necessary for multi-HOIs
relational modelling.

3.3. Structured HOI Attention

Standard layout conditioning often treats subjects and ob-
jects as independent entities. This means it can place them
correctly but fails to capture the interaction structure, as
it ignores the specific semantic and geometric relationship
dictated by the action. This independence leads to plausible
but incorrect outputs, such as failing to render the ’hold-
ing’ interaction in Fig. 10-(2) or generating other awkward
poses. We introduce Structured HOI Attention to explicitly
embed this relational structure via a verb-mediated attention
topology. It governs attention patterns via masking, control-
ling both how HOI tokens H interact amongst themselves
and how they ground to the image 7.

HOI«+~HOI Topology. Our key insight is that action is cen-
tral to defining the interaction structure. For each instance
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Figure 5. (a) HOI attention mask. Colours match Fig. 3a leg-
end, grey hatched indicates blocked attention. Direct S, <>O,, is
blocked to enforce verb-mediated topology. Sy, Oy, A, attend to
image 77 only within R}, R;,, Ry, respectively, as shown in (b).

n, we prevent the direct links between subject«>object and
enforce a verb-mediated pathway (cf. top-left of Fig. 5):

Sy & Ay, O, < A, block Sy, <+ O,
All cross-instance HOI links (n#m) are also disabled. This
forces relational information to flow through the action to-
kens A, directly reflecting the interaction’s structure.
HOI+Image Grounding. When layout is provided, we
constrain HOI—image attention between HOI query ¢ €

{Sn, An, O, } and image key k € 7 as:

0, g€ Spandk € R,
0, q€ Opand k € RS,
M k) = " 3
wz(g: k) 0, g€ A, and k € R%, )
—o00, otherwise.

This rule applies symmetrically for image—HOI attention.
When layout is absent, these constraints are removed (all
connections allowed). This component compels the model
to learn the semantic and spatial structure of the interaction.
Final Attention. The attention mask M (Fig. 5) aggregates
(1) the HOI+HOI topology, (ii) the HOI+>image ground-
ing constraints M 4,7, and (iii) the standard connections for
prompt«>image and image<+image. The prompt<+HOI to-
kens are blocked. The final attention is:

Attn(Q, K, V, M) = softmax < QZ

with M, = 0 for allowed pairs and a large negative value
(implementing —oo) otherwise.

3.4. HOI RoPE (HRoPE)

Processing multi-HOIs simultaneously risks “cross-talk”,
where feature from one instance leaks and influences an-
other, causing blended interactions or attributes swap. For
instance, given (personl, chase, dog) and (person2, hold,
cat), cross-talk might cause the model to generate “personl

T

+M) v, @



holding the cat”, incorrectly blending the two instances.
HOI RoPE is a specialized positional indexing scheme to
separate interaction instances. It is applied to the query )
and key K for all HOI tokens H in the attention (Eq. (4)).
The image stream uses 3D RoPE [36] over a spatial grid of
size H x W following [21]. We assign all HOI tokens # be-
longing to the same instance n a single, distinct positional
index from the image grid and other instances:

znor(n) = (0, T4+n,T+n), where T = max(H,W).

This assigns each interaction a unique “slot” in the RoPE
space (cf. Fig. 3c). Applied across all layers, HRoPE re-
duces inter-instance interference in multi-HOI scenes.

4. Experiments

We implement OneHOI by adapting the MM-DiT back-
bone from Flux.1 Kontext [21]. We train using LoRA [15]
for 10K steps with a batch size of 16 using the AdamW [17]
optimizer (8-bit). More details are provided in Appendix A,
see Appendix C.2 for human preference study.

4.1. Unified Training Strategy

To enable a single model for both generation and editing un-
der diverse conditions, we employ a joint training strategy
with modality dropout. Batches alternate between genera-
tion and editing and we optimize with the standard diffu-
sion flow-matching objective [24]. During training, we ran-
domly drop input modalities: layout (bounding boxes b;,)
with probability piayeu = 0.25, HOI labels ((s, 0, a),, re-
placed by object-only) with ppei = 0.25, and the global text
prompt P with py = 0.30, ensuring at least one modality
remains. The attention masking (Sec. 3.3) is applied con-
sistently, defaulting to unconstrained attention for dropped
layouts. This ensures the model operates robustly across
various tasks and input combinations.

4.2. Datasets

HOI-Edit-44K (ours). To address the lack of paired data
for HOI editing, we constructed a large-scale dataset, HOI-
Edit-44K, which we will release publicly. We collect source
images with verified HOIs from two streams: (i) Flux.1
generations that realise a verified source interaction, and
(i) HICO-DET images. For each source image, we syn-
thesise potential single-HOI edits using Flux.1 Kontext [21]
and InteractEdit [14]. A (source, edited) image pair is re-
tained only upon passing two rigorous automated checks:
¢ HOI correctness. We run PViC [44] HOI detector on the
edited image and require the predicted HOI to match the
target HOI. The detected layout are recorded for the pair.
 Identity preservation. We extract DINOv2 features [29]
from subject and object crops in both source and edited
images and keep the pair only if both cosine similarities
exceed a threshold of 0.75.
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This stringent filtering process discarded approximately
90% of initial candidates, primarily due to incorrect interac-
tions or identity drift. The final dataset comprises 44K high-
quality HOI editing pairs, each including the source images,
target interaction triplet, edited image, and corresponding
layout. This provides diverse, identity-preserving interac-
tion edits at scale, crucial for training our unified model.
See Appendix B.3 for more details and generalization.
SA-1B [18]. We sample 35K images and derive layouts
from object masks [23], providing object-only layout su-
pervision (no HOI) that strengthens spatial layout control.
HICO-DET [5]. We use 37K training images to learn HOI
generation priors. The test set is used only for evaluation.

4.3. Metrics

Image Quality. We report standard human-preference
aligned perceptual metrics: PickScore[19], HPSv2 [40]
(Human Preference Score), and ImageReward[42]. Higher
scores indicate better quality and prompt alignment.

HOI Editing. As to [14], we report HOI Editability (suc-
cess of the target verb—object being realised, as detected)
and Editability—Identity (a composite that balances HOI
success with ID preservation). See Appen. C.1 for details.
Spatial Score. For layout-guided tasks, we run PViC [44]
to detect subject and object instances for each target triplet.
We compute the mean IoU between the target boxes (b°, b°)
and the best-matching detected boxes (lA)S7 130), defined as
mloU = 1 (IoU(b*, b*) + ToU(b°, ZA)O)) Results are aver-
aged over all targets, higher means better spatial alignment.
HOI Accuracy. Using PViC, a success is recorded when
the target HOI is detected within their specified regions. We
report the mean success rate across targets (higher is better).

4.4. Tasks and Evaluations

We evaluate three HOI tasks differ by available controls:
Layout-free HOI editing. Modifying interactions in an
image using only HOI triplets (no layout), while preserv-
ing identity and image quality. We generate 1000 sam-
ples for 100 target edits in IEBench [14] and report Ed-
itability—Identity, HOI Editability, and image quality met-
rics (PickScore, HPS, ImageReward).

Layout-guided HOI editing. Modifying interactions in an
image using HOI triplets and target layouts. With layout
guidance, it enable editing multiple HOIs at once, which
was challenging due to limited expressibility in natural lan-
guage. For single-HOI edits, we use IEBench with synthe-
sised target layouts, detailed in Appendix B.l. For Multi-
HOI edits, we propose a new MultiHOIEdit benchmark (de-
tailed in Appendix B.2), comprises of 200 target edits span-
ning 2-3 interactions per image, where we generates total
1000 samples for evaluation. In addition to the layout-free
metrics, we also report Spatial Score.

HOI generation. Synthesising images from HOI triplets



Table 1. Quantitative comparison for layout-free HOI editing on IEBench benchmark. Our method significantly outperforms others across
all metrics for editing and image quality. Best results are in bold, second best are underlined. Final row shows the closed-source baseline.

Method HOI Editing Image Quality
Editability-Identity HOI Editability PickScore =~ HPS ImageReward

Null-Text Inversion [10, 28] 0.443 0.390 20.81 0.2483 —0.3329
MasaCitrl [2] 0.371 0.260 20.14 0.2212 —0.7136
HOIEdit [43] 0.349 0.240 19.51 0.2129 —1.0289
InstructPix2Pix [1] 0.380 0.269 20.28 0.2178 —0.7717
TurboEdit [8] 0.434 0.326 20.36 0.2437 —0.3821
EditFriendlyDDPM [16] 0.438 0.320 20.48 0.2470 —0.3875
OmniGen [41] 0.354 0.231 19.74 0.2120 —1.0055
FireFlow [7] 0.451 0.350 20.76 0.2530 —0.4385
Flux.1 Kontext [21] 0.471 0.328 20.45 0.2427 —0.5137
OmniGen?2 [39] 0.496 0.437 20.90 0.2595 —0.0869
Qwen Image Edit [38] 0.580 0.460 20.81 0.2585 0.0748
InteractEdit [14] 0.573 0.514 21.08 0.2640 0.1630
Ours 0.638 0.596 21.26 0.2805 0.4713
Improvements 10.0% 16.0% 0.85% 6.25% 189%
Nano Banana 0.623 0.530 20.97 0.2544 0.1810

Table 2. Quantitative results for our novel layout-guided HOI editing tasks. We report strong performance for both single- and multi-HOI
editing, establishing the first baseline for these new capabilities.

Task Method Layout-guided HOI Editing Image Quality
Editability-Identity HOI Editability =~ Spatial PickScore ~ HPS  ImageReward
Sinele HOI Editin InteractEdit + InteractDiffusion 0.559 0.520 0.749 20.53 0.2418 —0.3072
£ J Ours 0.638 0.570 0.822 21.04 0.2678 0.2897
Multi HOI Editing Ours* 0.435 0.329 0.675 21.22 0.2742 0.1954

" There is no other baseline that performs layout-guided multi-HOI editing task, thus we report only ours.

Table 3. Quantitative comparison for HOI generation task. Our Layout-guided HOI editing. Table 2 reports single- and

method outperforms leading layout-conditioned and HOI-aware multi-HOI edits with layout guidance. For single-HOI

models on both controllability and image quality metrics. we establish a baseline by adapting InteractEdit[14] and

Method Cm?m’”ab“ity : [mage Quality InteractDiffusion [13] (see Appendix A.3). Our method
Spatial HOI _ PickScore HPS ImageReward achieves a high Spatial score (0.822), strong HOI Editabil-

GLIGEN [22] 05150 03344 2046 02322 —0.4103 : :

InstanceDiffusion [37]  0.5228 03476 20.06 02312 —0.2532 ity (9'570)’ and good perceptual quality. For m,uCh harQer

MIGC++[46, 47] 05331 03616  20.16 02208  —0.6492 multi-HOI (2-3 HOISs across 1-3 persons), Spatial remains

flig@n [éﬁf]f on [13] 8-‘;%; g-igg; % % 0(-)3?12;4 strong (0.675) and quality scores are maintained.

nteractDiffusion [ 12 .S . . . —0.¢ . .

Ours 06104 04328 214l oze17 05224 HOI generation. Table 3 reports controllability and per-

Improvements 58%  0.5% 0.6% 4.8% 33.2% ceptual quality. Our method slightly surpasses [13] on Spa-

tial and HOI accuracy, while also achieving the best percep-

and layouts. We evaluate on 2000 HICO-DET test targets 5] scores, PickScore 21.41 (+0.7%), HPS 0.2617 (+4.8%)

and report HOI accuracy, Spatial score, and image quality. and ImageReward 0.5524 (+33.2%) over the strongest prior.

4.5. Quantitative Results Thus, unifying editing and generation does not compromise
HOI generation; instead, it improves it.

Layout-free HOI editing. Table | compares our method

with recent editing baselines. We achieve the best Editabil- o

ity_Identity (0.638) and HOI Editability (0.596). improving 0+ Qualitative Results

over the strongest priors by +10.0% and +16.0%, respec- Fig. 6 compares layout-free HOI editing. HOIEdit [43]
tively, while also attaining the best HPS, ImageReward and often corrupts the image. For hold—ride skateboard, Qwen
PickScore. These results indicate that, even without layout leaves the pose essentially unchanged and [14] drifts in
input, our unified formulation reliably edits the interaction identity; others have an incorrect riding stance. Contrary,
while maintaining subject identity intact. OneHOI renders the intended interaction while preserv-
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Figure 6. Qualitative comparison for layout-free HOI editing. Our method successfully renders the new interaction while preserving
identity. In contrast, baseline methods often produce artifacts, fail to change the pose, or lose the subject’s identity.

Object-level methods

HOI-level methods

HOI Layout GLIGEN MIGC

bivir}

InstanceDiff

Two persons are assembling a kite together

Eligen InteractDiff

Figure 7. Qualitative comparison for HOI generation. While object-level methods correctly place entities, they fail to synthesise specified
interactions. Ours renders semantically and geometrically consistent interactions, demonstrating a deeper relational understanding.

ing identity. This stems from two separate factors: (i)
HOI semantics learned during generation (contact patterns,
verb—object geometry) transfer to editing, and (ii) structured
HOI attention steers the edit to the correct roles/regions.
Baselines without such HOI knowledge tend to keep poses
unchanged or misrender contact.

Fig. 7 compares HOI generation. Object-level meth-
ods (GLIGEN, MIGC, InstanceDiff, Eligen) correctly place
entities but rarely realise the relations: not texting on the
phone. For HOI-level, [13] improves relation plausibil-
ity but often produces less convincing, semantically off in-
teractions. Our model, OneHOI yields superior seman-
tic faithfulness, e.g., hands grasp the phone for ‘hold-
ing/reading/texting,”. We attribute these gains to: (i) HOI
tokens that encode the interaction semantics, (ii) struc-
tured HOI attention that constrains HOI tokens to their
regions while models the relation, and (iii) HOI RoPE that
separates instances to avoid mix-ups. This yields spatially
compliant and semantically faithful multi-HOI scenes.
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Fig. 8 shows layout-guided HOI edits. For single-HOI
scene: the edits are confined to the layout. The ball is
firmly grasped, and the person shifts into a riding pose on
the skateboard, while their identity and background remain
intact. For multi-HOI scene, natural language alone is too
ambiguous to specify multiple edits; layout resolves this.
Our model simultaneously executes drink with—carry bot-
tle and sit on—lie on bench, updating each person only
within their regions. One holding the bottle and the other
reclining on the bench, without spillover or mix-ups. This
stems from joint training with multi-HOI generation, which
teaches to compose and disentangle interactions. Combined
with HOI attention and HOI RoPE, this enables reliable
multi-HOI edits even without multi-HOI edit training pairs.

Figure 9 showcases arbitrary-shape masks and mixed-
modality control. Irregular masks (strokes/polygons) pro-
vide fine-grained shape control for subject/object regions.
We combine layout-guided HOIs and object-only enti-
ties, e.g., adding background props with object-only masks



hold—hug ct

drmk w1th%carry bottle
hold—text on phone

sit on—lie on bench
Figure 8. Layout-guided editing examples. Our model supports
single-HOI (top) and multi-HOI edits (bottom), limiting changes
to target layouts while preserving scene consistency.

(person spinni

(person pouring teapot) (person walking dog)
{cup} ( sitting on bench)
{lamp post};{leash}
Figure 9. Versatile control in HOI generation. Our model supports
conditioning on both arbitrary-shape masks (top) and a mix of HOI
and object-only inputs within a single scene (bottom), demonstrat-
ing its compositional capabilities.

while generating foreground interactions. These behaviours
stem from modality-dropout training and our layout-aware
HOI attention. Overall, the unified interface supports flexi-
ble modality combinations in a single generation.

4.7. Ablation Studies

We conduct a comprehensive ablation study to validate the
contribution of each component, summarized in Tab. 4 and
visualised in Fig. 10. We perform an additive analysis, start-
ing from a strong baseline (BL), which is the Eligen [45].
Introducing Action Grounding (AG) establishes a foun-
dational understanding of interactions that the object-level
model lacks. This is evident in the large gains across both
generation and editing tasks. Layering on the HOI Encoder
(Enc) further improves performance, particularly boosting
the perceptual quality (IR) by providing the model with ex-
plicit role and instance cues. The subsequent addition of
Structured HOI Attention (Attn) yields another major im-
provement in correctness metrics (HOI Acc. and EI), con-
firming its critical role in enforcing the relational structure
of the interaction and adhering to layouts. Finally, incor-
porating HOI RoPE (HRoPE) provides the last refinement
step by helping to disentangle instance identities, signifi-
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Layout (1 ) 3)

A person is holdmg and petting b1rd

Figure 10. Progressively adding components improves the inter-
action’s plausibility, only the full model (4) successfully rendering
the complex, two-handed action of both “holding” and “petting.”

(@) @

Table 4. Ablation study on core components. AG: Action Ground-
ing, Enc: HOI Encoder, Attn: HOI Attention, HRoPE: HOI RoPE,
EI: Editability-Identity, IR: ImageReward.

Components HOI Generation Multi-HOI Edit
AG Enc Attn HRoPE HOI Acc. IR EI IR
BL 0.3061 0.3921 - -
1l v 04138 03156 0423 0.1118
2 Vv v 0.4254  0.4602 0.422 0.1306
3 Vv v v 0.4504  0.4861 0.433 0.1944
@4 Vv v v v 0.4528  0.5224 0.435 0.2046

cantly enhancing perceptual quality (IR).

This progressive improvement is visualised in Figure 10
on the multi-action prompt “A person is holding and pet-
ting bird.” (i) With only Action Grounding (AG), the model
renders only a simple ‘pet’ action. (ii) Adding HOI En-
coder provides explicit role cues, yielding a more plausi-
ble ‘petting’ pose. (iii) Introducing HOI Attention enables
the ‘holding’ pose but ‘petting’ remains entangled with the
‘holding’ gesture. (iv) Adding HRoPE separates the two
action concepts and correctly depicts both ‘hold’ and ‘pet’.
This confirms all components are complementary in One-
HOI for a deep relational understanding.

Appendix E shows our unified model outperforms task-
specific ones via a “synergy effect”, where generative priors
enhance editing robustness and vice-versa.

5. Conclusion

We introduced OneHOI, a single DiT-based framework
that unifies Human-Object Interaction (HOI) generation
and editing by explicitly modelling interaction structure.
This is realised through three core components: a ded-
icated HOI Encoder providing fine-grained role and in-
stance identity, Structured HOI Attention enforcing a
verb-mediated relational topology constrained by layout,
and HOI RoPE ensuring clear instance separation. Our ap-
proach bridges the gap between layout-guided generation
and layout-free editing, supports flexible control, and en-
ables, for the first time, the challenging multi-HOI editing
task. OneHOI achieves state-of-the-art controllability and
perceptual quality, delivering physically plausible interac-
tions across both editing and generation benchmarks. By ef-
fectively integrating relational structure into DiTs, our work
pushes generative models beyond simple entity placement
toward synthesising semantically coherent HOI scenes.
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