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Figure 1: Overview of Affordance2Action (A2A). A2A is a benchmark-centered learning framework that
constructs A2A-Bench with A2A-AffordGen, producing task-conditioned functional-region annotations in
natural multi-object scenes. The middle panel visualizes a representative subset of the generated annotations for
clarity. A2A-Bench provides supervision for A2A-GroundingModel and supports A2A-Policy by converting
grounded functional regions into policy-useful spatial priors.

Abstract: Task-conditioned manipulation requires grounding instructions to task-
relevant functional parts rather than object categories. This setting is scene-
dependent and often one-to-many in cluttered scenes: the same object may afford
different interactions across tasks, while a single task may correspond to either one
functional region or multiple valid functional regions, depending on the scene lay-
out. Existing affordance datasets and benchmarks remain misaligned with this set-
ting, as they typically focus on grasping or object-level affordances, rely on syn-
thetic scenes, or assume a single instruction-region correspondence. We present
Affordance2Action (A2A), a benchmark-centered learning framework for scene-
level, task-conditioned part affordance grounding. At its core is A2A-Bench, a
manipulation-oriented benchmark that covers both single-region and multi-region
instruction correspondences in everyday scenes, with the latter highlighting the
ambiguity and diversity of affordance grounding in realistic multi-object envi-
ronments. To construct it at scale, we build A2A-AffordGen, an agent-assisted
annotation pipeline that combines language-model filtering, interactive part seg-
mentation, instance-level mask-out refinement, task-reasoning instruction gener-
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ation, and human verification. A2A-Bench’s supervision further supports diverse
downstream applications, with real-time affordance grounding and affordance-
conditioned manipulation policies as two representative examples. Experiments
show that A2A exposes substantial gaps in generic segmentation, VLM-based
grounding, and affordance distillation baselines, while improving task-level lo-
calization and providing useful spatial priors for downstream manipulation.

Keywords: Task-Conditioned Affordance Grounding, Interactive Segmentation,
Part-Level Robot Manipulation

1 Introduction
Language-guided manipulation requires grounding instructions to task-relevant functional re-
gions [1]. Unlike general segmentation, specific functional parts must be identified to provide spatial
priors for downstream action prediction. For instance, “open a drawer” and “move the nightstand”
target different parts of the same object. This grounding is inherently task-conditioned: an object
supports varying interactions per instruction, and one instruction can map to multiple valid regions
based on scene layout and execution strategy.

Existing affordance research partially addresses the challenge. Broad benchmarks like RAGNet [2]
are grasp-centric and miss diverse functional parts. Part-level datasets, such as InstructPart [3],
link language to specific parts but lack object diversity, scene complexity, and scale. Distillation
methods (e.g., UAD [4]) extract affordances from foundation models to reduce annotation costs, but
their reliance on simplified synthetic objects severely limits robustness in real, cluttered scenes.

Most affordance formulations assume a strict one-to-one correspondence between an instruction
and a target region – a critical limitation. In realistic open-world manipulation, a single instruc-
tion frequently admits multiple feasible contact regions. Capturing this one-to-many structure is
important for evaluating scene-level task understanding, since a model should identify all plausi-
ble task-relevant functional regions rather than only the most salient one. A manipulation-oriented
affordance benchmark should therefore represent the set of valid functional regions under a task
instruction in realistic multi-object scenes.

Vision foundation models [5, 6, 7] enable open-vocabulary segmentation. However, generic prompt-
able segmenters struggle with robotic manipulation tasks. They localize explicitly described visual
concepts, whereas affordance grounding requires inferring implicit functional regions from task in-
tent. Furthermore, Vision-Language-Action (VLA) policies implicitly learn task-relevant regions,
reducing interpretability and adaptability. Therefore, affordances should be modeled as a structured
intermediate representation linking language grounding and action prediction.

To bridge the aforementioned gaps, we propose Affordance2Action (A2A), a framework for real-
time, task-conditioned grounding of part affordances. At the data level, we build A2A-Bench, a
scene-level task-conditioned benchmark covering both single-region and multi-region instruction
correspondences, with a particular focus on the one-to-many structure common in cluttered multi-
object scenes. Using large-scale natural images [8], we apply language-model filtering to isolate
manipulation-relevant affordances, and further use interactive segmentation [9] with iterative mask-
out refinement to annotate valid functional regions under task instructions. Consistent with affor-
dance as an interaction opportunity rather than an embodiment-specific execution guarantee, these
annotations capture task-relevant affordance semantics and serve as grounding targets and policy-
useful spatial priors.

At the model level, we adapt SAM3 [6] into A2A-GroundingModel, predicting affordance masks
directly from image-instruction pairs without requiring inference-time spatial prompts. To link ex-
plicit part descriptions with implicit task semantics, we use staged instruction adaptation and text-
conditioned visual prompt injection. At the policy level, we integrate the predicted masks into a
manipulation policy [10] as structured spatial priors, enabling us to study whether task-conditioned
functional-region grounding benefits downstream action prediction. Our primary contributions are:
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Figure 2: A2A-AffordGen pipeline. SAG (left) casts part segmentation as an iterative point-prompting loop:
the policy ingests an ORPS prompt and the current mask, emits a {+,−} point prompt, and a frozen SAM3
applies it. MAG (right) extends SAG to scene-level multi-instance and multi-part annotation by triaging SAM3
text-prompted masks, refining low-confidence instances with SAG, and reassembling the resulting masks into
the scene-level A2A–TRPS dataset.

• We introduce A2A-Bench, a scene-level, task-conditioned benchmark for functional-region
grounding, associating manipulation intents with multiple functional regions in real-world scenes.

• We build A2A-AffordGen, an agent-assisted pipeline scaling multi-object affordance annota-
tion via language-model filtering, interactive part segmentation, mask-out refinement, instruction
generation, and human verification, substantially reducing scene-level labeling costs.

• We instantiate A2A-GroundingModel and A2A-Policy to study how A2A-Bench supervision
can be converted into policy-useful spatial priors: A2A-GroundingModel adapts SAM3 for real-
time task-conditioned part grounding, and A2A-Policy uses the predicted masks as structured
visual priors.

2 Related Work

Affordance Learning. Affordance learning bridges perception, semantic understanding, and
physical manipulation. Existing methods formulate affordances as 2D masks [4, 11, 12],
heatmaps [13, 14], or 3D surface priors from point clouds [15, 16, 17]. Beyond static percep-
tion, HOI-based approaches exploit temporal cues such as pre-contact motion, contact regions, and
post-contact dynamics [18, 19, 20]. More recently, foundation models and MLLMs have advanced
language-conditioned affordance grounding by using semantic reasoning to infer functional regions
from multimodal inputs [21, 22, 23, 24], with Affordance-R1 [25] further exploring deep affordance
reasoning. However, most prior work remains object-centric or assumes one-to-one instruction-
region correspondence, overlooking the scene-level, one-to-many nature of real-world manipula-
tion. To address this gap, we introduce A2A-Bench, a scene-level, task-conditioned benchmark
for functional-region grounding that evaluates whether models can identify task-relevant regions in
real-world multi-object scenes, including both single-region and multi-region cases.

Affordance for Robot Policies. One line of work uses large language or vision-language mod-
els to produce affordance-aware intermediate reasoning for action prediction. For example, CoA-
VLA [1] decomposes manipulation into object, grasp, spatial, and movement affordances to guide
VLA policies. However, affordance is often used as an external reasoning step rather than learned
within the perception-action representation. RAGNet [2] uses predicted affordance regions to guide
grasping, but its downstream use remains primarily grasp-centric. Most related to our work, UAD [4]
distills affordance knowledge from foundation models and uses affordance heatmaps as observations
for imitation learning. In contrast, our model does not rely on an external heatmap interface. In
contrast, we study how task-conditioned affordance grounding can be converted into policy-useful
priors, using explicit mask highlighting or feature-level injection to condition action prediction.
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3 Methods

3.1 A2A-Bench: Scene-Level Task-Conditioned Affordance Construction

Scene-level one-to-many affordance annotation is challenging because a single image may contain
multiple interactable objects, each exposing different task-relevant functional parts. Although open-
vocabulary segmenters such as SAM3 [6] provide strong scene-level grounding, they often struggle
with visually subtle functional parts, especially when the target region occupies only a small por-
tion of the image. To address this, we introduce A2A-AffordGen, a dual-regime annotation pipeline
for constructing A2A-Bench (Fig. 2), supporting both single-instance and multi-instance affordance
generation. Specifically, Single-Instance Affordance Generation (SAG) refines part masks for iso-
lated objects through iterative point prompting, while Multi-Instance Affordance Generation (MAG)
extends this process to cluttered scenes with multiple interactable objects. Both regimes follow the
ORPS protocol [3], enabling part-level segmentation from general referring prompts. We further use
a VLM to author diverse TRPS instructions [3] from the resulting masks, yielding task-conditioned
data for downstream affordance model training (Sec. 3.2).

Single-Instance Affordance Generation (SAG). Inspired by SegAgent [9], SAG casts single-
object part segmentation as a Markov decision process (MDP) over point prompts (clicks) against
a frozen SAM3. Given a single-instance crop I and an ORPS prompt P , the state st is the current
overlap image with mask Mt, the action at ∈{+,−} × Ω is a polarity and pixel location pair. The
deterministic transition is Mt+1=SAM3(I, P,Mt, at). The point-prompting policy πθ(at |st), in-
stantiated as a LoRA-fine-tuned [26] Qwen3.5-9B VLM [27], is trained by behavior cloning against
SimpleClick’s distance-maximizing oracle [28], which drops a new prompt at the chamfer-center of
the residual error [29] between Mt and the target mask. Because the MDP is defined over residual
error rather than object geometry, the policy generalizes well to visually small or subtle parts. At
inference, the rollout terminates when (i) the policy’s predicted next-mask IoU exceeds a threshold
τiou, (ii) the predicted incremental gain falls below a threshold ∆min (the policy itself signals that
further prompting no longer helps), or (iii) a per-instance step cap Tmax is reached. Because segmen-
tation is an autoregressive process over a small action vocabulary on a single crop, the multi-instance
setting below reduces to an inference-time wrapper rather than a new training objective.

Multi-instance Affordance Generation (MAG). Given a multi-instance scene I and an ORPS
prompt P , MAG first runs SAM3’s text-prompt grounding to obtain a candidate mask with confi-
dence score s, then routes each instance through one of three branches: (i) Direct accept (s ≥ τ ):
SAM3 is confident, the mask is taken as-is. (ii) SAG-refine (s<τ ): SAM3’s low-confidence mask
is used as the seed of a SAG rollout, and a tight Grounding DINO box [30] crops the object so
the point-prompting policy operates in its native single-instance regime. (iii) SAG-from-scratch
(SAM3 fails entirely): Grounding DINO provides object boxes for cropping, and SAG performs
rollouts initialized from M0= ∅. To focus each rollout on a single object, we apply iterative mask-
out on every crop: the SAM3 instance mask mi is morphologically dilated [31] by K to retain a
tight object-context band, and pixels outside mi ⊕ K are filled with neutral gray. This suppresses
neighboring clutter and enables SAG to operate in its native single-instance regime. The refined
masks are mapped back to the original image by the inverse crop operator C−1

i and unioned as
MP (I) =

⊔
i C

−1
i (Mi), yielding the scene-level annotation. Details are given in Appendix A.

We then use Qwen3-VL-32B-Instruct [32] to generate diverse TRPS instructions for downstream
task-conditioned affordance learning.

A2A-Bench composition and scale. A2A-Bench is built from large-scale in-the-wild images in
three stages. (i) Point-prompting policy training corpus. We curate ∼40K single-object part masks
from seven sources, including RAGNet, HANDAL, and InstructPart [2, 33, 34, 35, 36, 37, 38],
and normalize them into a consistent ORPS format. (ii) Human-verified scene core. From Ob-
jects365 [8], we first use VLM-based filtering to discard unsuitable images, such as pure scenes,
crowds, or environment-structure images, and retain object-centric daily interactable items. We then
manually annotate 5,000 multi-object multi-part scenes spanning diverse tabletop and household
categories, including ∼18K single-part masks. The masks from (i) and the cropped masks from

4
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Figure 3: A2A-GroundingModel and A2A-Policy. A2A adapts a frozen SAM3 backbone with lightweight
adapters and text-conditioned visual prompt injection for task-conditioned affordance grounding, and transfers
the resulting affordance prior to manipulation through explicit mask highlighting or implicit feature injection.

(ii) are expanded via the SimpleClick distance-maximizing oracle [28] into ∼150K click-trajectory
samples used to fine-tune A2A-AffordGen. (iii) Automatic scene-level scaling. The trained A2A-
AffordGen runs MAG over the unseen Objects365 dataset to auto-generate scene-level annotations.
We release an initial batch of 5,000 generated multi-instance scenes after manual quality verification,
reducing full manual mask annotation to lightweight human review. A2A-Bench therefore couples
a human-verified core with a quality-checked generated corpus, providing both rigorous evaluation
and scalable supervision for downstream affordance grounding.

3.2 A2A-GroundingModel: Real-time Task-Conditioned Grounding

A2A-GroundingModel converts the scene-level task-conditioned supervision in A2A-Bench into a
real-time functional-region grounding model. Given an image I and a task instruction q, the model
predicts a functional-part mask M̂ that indicates where task-relevant interaction is likely to occur
under the given instruction. Unlike category recognition or generic referring segmentation, task-
conditioned affordance grounding must infer the functional part implied by manipulation intent.
For example, “open the microwave oven” should be grounded to the handle rather than the entire
microwave oven, requiring both task-level intent understanding and fine-grained part localization.

Following the SAM3-I [5] adapter-based staged instruction-tuning paradigm, we adopt an ORPS-to-
TRPS adaptation mechanism to bridge explicit part descriptions and task-level instructions. ORPS
queries explicitly specify the target functional part, such as “handle of the microwave oven,” while
TRPS queries describe the manipulation intent, such as “open the microwave oven,” and require the
model to infer the corresponding functional region. We therefore first train the model with ORPS
supervision to learn stable part-level localization, and then adapt it with TRPS supervision for task-
level affordance grounding.

Second, we propose text-conditioned visual prompt injection to make the visual encoding process
itself task-aware. Specifically, the model generates hierarchical visual prompts from the image and
task instruction, and injects them into later visual encoder blocks. Unlike task conditioning only
on the language side or at the decoder stage, this mechanism introduces manipulation intent during
visual feature formation, actively biasing the visual representation toward task-relevant fine-grained
functional parts. This is particularly important for affordance regions that are small, weakly textured,
or easily overwhelmed by whole-object semantics in cluttered scenes.

We train A2A-GroundingModel with a three-stage ORPS-to-TRPS curriculum: ORPS grounding,
TRPS affordance adaptation, and joint ORPS–TRPS alignment. Only the newly introduced adapta-
tion modules are optimized, while the SAM3 backbone remains frozen. In the final stage, a consis-
tency regularization aligns the spatial predictions from ORPS and TRPS instructions. Full adapter
formulations, visual prompt generation, and loss definitions are provided in Appendix B.
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3.3 A2A-Policy: Policy Learning with Affordance Grounding

We instantiate A2A-GroundingModel (Sec. 3.2) inside a downstream manipulation policy in two
complementary variants. Both variants share the same action-chunking diffusion head [10, 39] and
differ only in how the affordance prior is used. All parameters of A2A-GroundingModel are frozen.

Explicit augmentation via highlighting affordance region. In the explicit variant (Fig. 3, Left),
inspired by UAD [4], A2A-GroundingModel grounds task-relevant functional regions on the raw
RGB observation. For policy conditioning, we use the highest-confidence grounded region as a
colored alpha overlay before feeding the observation to the action head. Although A2A-Bench
represents one-to-many affordance supervision, this top-ranked region provides a simple and policy-
compatible interface for injecting task-conditioned spatial priors. The rest of the policy is kept
identical to a vanilla diffusion-policy baseline, allowing us to isolate the effect of explicit affordance
highlighting on downstream action prediction.

Implicit augmentation via feature-level injection. In the implicit variant (Fig. 3, Right), the A2A-
GroundingModel itself acts as the visual-text encoder of the policy. Each frame is processed by the
model’s image encoder under text-conditioned visual prompt injection (Sec. 3.2), and the resulting
multi-scale FPN features [40], together with the full instruction-token sequence from the adapted
text encoder, are fed to a shared multimodal transformer that aggregates them into a single condi-
tioning vector for the diffusion head. The affordance is never rendered as a visible overlay; instead,
the prior shapes the visual representation entirely through the same γℓ-gated prompt mechanism the
A2A-GroundingModel uses for grounding.

4 Experiment

4.1 Setup

Datasets and Benchmarks. We evaluate across three complementary domains. (1) ORPS Segmen-
tation and TRPS Affordance grounding: we use A2A-Bench validation with both single-instance
(N=200) and multi-instance scene-level (N=64) protocols; zero-shot task transfer to standard re-
ferring segmentation is reported on RefCOCO/+/g [41, 42, 43] in Tab. 4. The same A2A-Bench
validation protocol drives the A2A-GroundingModel evaluation, augmented by inference-latency
measurements at policy resolution. (2) Simulated manipulation: we adopt the standard LIBERO-
object [44] 10-task suite; each policy is trained with 100 expert demonstrations per task and evalu-
ated on the 10 tasks using average success rate as the primary metric. (3) Real-world manipulation:
we evaluate on 4 real-world manipulation tasks on a Piper arm with wrist- and head-mounted RGB
cameras, we collected 100 expert demonstrations for each task and evaluated 10 trials.

Implementation and Compute. All training and evaluation are conducted on NVIDIA RTX PRO
6000 Blackwell. A2A-AffordGen is fine-tuned from Qwen3.5-9B via LoRA adapters and rollouts an
iterative click loop of up to 8 clicks per instance at inference. A2A-GroundingModel adapts SAM3
via the staged instruction adapters and text-conditioned visual prompt injection of Sec. 3.2; only the
inserted modules are trained while the SAM3 backbone is kept frozen. A2A-Policy variants share
an action-chunking diffusion head over normalized 16-step action chunks [10, 39]. The explicit
variant feeds an affordance-highlighted RGB (3-channel alpha overlay, no concatenation) through a
frozen DINOv2 [45] encoder; the implicit variant uses the frozen A2A-GroundingModel itself as the
visual–linguistic encoder. Optimization uses AdamW with linear warmup and cosine decay; only a
lightweight multimodal transformer and the diffusion head are trained.

4.2 A2A-AffordGen Evaluation

Baseline. We compare against six strong baselines: SAM3+text [6], GroundingDINO+SAM3 [6,
30], Qwen3.5-VL+SAM3 (9B), Qwen3-VL+SAM3 (32B), SegAgent [46], and LISA-7B [47]. We
evaluate on the A2A-Bench validation split under two protocols: a single-instance setting (N=200)
and a multi-instance scene-level setting (N=64, see Appendix A.1 for all the definitions of met-
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Table 1: ORPS grounding results on A2A-Bench evaluation protocols.
Method Grounding source Single-instance (%) Multi-instance (%)

gIoU cIoU P@50 P@50-95 sIoU gIoU cIoU P@50 P@50-95
SAM3+text [6] Text only 44.58 46.07 48.02 38.71 46.82 56.76 66.33 60.32 46.03
GroundingDINO+SAM3 [6, 30] Open-vocab. box 41.87 30.27 41.09 29.65 28.23 36.13 25.06 28.57 17.94
Qwen3.5-9B+SAM3 [27] VLM box 57.04 71.97 61.88 46.83 18.55 22.38 29.34 19.05 7.14
Qwen3-VL-32B-Instruct+SAM3 [32] VLM box 59.25 63.33 66.83 50.74 29.45 35.99 57.78 38.10 21.75
Segagent (Qwen-VL-7B+SAM) [9, 48, 49] Iterative points 21.62 19.51 17.82 10.10 18.51 26.23 21.84 15.87 8.41
LISA-7B [47] MLLM mask 25.83 31.27 24.75 13.51 20.05 29.37 28.73 23.81 15.24
LISA-7B [47] (finetune) MLLM mask 68.25 76.44 74.75 56.04 40.26 56.38 64.23 58.93 37.14
A2A-AffordGen (Ours) Iterative points 81.91 80.55 90.58 75.00 60.44 72.05 70.56 80.17 57.63

rics). Tab. 1 summarizes the evaluation results against the baselines; zero-shot transfer to standard
referring segmentation (RefCOCO/+/g) is deferred to Tab. 4.

Discussion. A2A-AffordGen attains the best score on every metric of both protocols, surpassing
the strongest baseline by +13.7 gIoU in the single-instance setting (vs. finetuned LISA-7B) and
by +13.6 sIoU / +19.8 P@50 in the scene-level multi-instance setting (vs. SAM3+text). Three
patterns emerge. (i) VLM-box pipelines (Qwen3.5-VL, Qwen3-VL-32B + SAM3) are competitive
in the single-instance regime but degrade sharply on multi-instance, since a single-turn VLM re-
sponse cannot enumerate all valid functional regions in cluttered scenes. (ii) SAM3+text remains
the strongest training-free baseline on multi-instance because SAM3 natively returns multiple pro-
posals, yet it still trails A2A-AffordGen by a large margin on instruction-conditioned metrics (cIoU,
P@50-95), indicating that text-only prompting under-binds the affordance semantics. (iii) Mask-
decoding MLLMs (LISA-7B) close most of the single-instance gap only after task-specific fine-
tuning, but their one-mask-per-query output is structurally mismatched to one-to-many supervision,
leaving multi-instance performance well below ours. The iterative click-and-mask-out strategy of
A2A-AffordGen explicitly addresses both limitations, yielding consistent gains across protocols.

4.3 A2A-GroundingModel Evaluation

Unlike the offline A2A-AffordGen annotation pipeline, A2A-GroundingModel maps an image-
instruction pair directly to an affordance mask, allowing it to be queried inside the policy loop.
We evaluate both grounding accuracy and inference efficiency.

Baselines. All methods are trained on the A2A-Bench training split with TRPS instructions. We
compare against UAD [4] and two SAM3-based adaptation baselines, SAM3-I [5] and SAM3-
LoRA [50]. For UAD, which predicts continuous affordance heatmaps, we merge all positive masks
for each image-query pair into a single target heatmap and report the best binarized setting after
threshold sweeping, with training and threshold details provided in Appendix B.4 and Appendix B.5.

Discussion. Tab. 2 reports grounding accuracy and streaming inference cost on A2A-Bench. A2A-
GroundingModel outperforms SAM3-LoRA across all grounding metrics, indicating that parameter-
efficient tuning alone is insufficient for task-conditioned affordance grounding. Since SAM3-I al-
ready uses adapter-based staged instruction adaptation, the improvement over SAM3-I mainly re-
flects the benefits of text-conditioned visual prompt injection. These results suggest that making the
visual feature formation task-aware provides benefits beyond adapter-only instruction tuning.

Qualitatively, UAD can localize coarse affordance regions in some multi-object scenes, but its task-
level binding is less reliable: for instance, given “sit on the chair,” it may attend to a keyboard or
a table-like surface. In contrast, A2A-GroundingModel produces more compact and instruction-
consistent masks, making it a more suitable affordance representation for downstream policy condi-
tioning. UAD is faster due to its lightweight heatmap interface, but A2A-GroundingModel still runs
at 9.7 FPS on 640×480 streaming inputs. Its latency is close to SAM3-I and SAM3-LoRA, suggest-
ing that the proposed adapters and prompt injection add little overhead to the SAM3 backbone.
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Table 2: TRPS affordance grounding results on A2A-Bench and streaming inference cost at 640×480 resolu-
tion. All methods are trained or fine-tuned on A2A-Bench.

Method gIoU (%) cIoU (%) P@50 (%) P@50-95 (%) Latency (ms) ↓ FPS ↑
UAD [4] 28.45 36.39 28.22 10.03 62 16.1
SAM3-I [5] 50.99 47.03 50.99 35.10 101 9.9
SAM3-LoRA [50] 52.98 46.26 53.66 36.97 105 9.52
A2A-GroundingModel (Ours) 55.41 49.52 56.79 39.55 103 9.7

Table 3: Policy evaluation results in simulation and real-world settings. Simulation results are reported as
success rate (%), while real-world results are reported as successful trials over 10 rollouts per task. Detailed
results are provided in Appendix C and Appendix D.
Task / Suite DP-RGB UAD-DP A2A-Explicit (Ours) A2A-Implicit (Ours)
Simulation Evaluation
LIBERO-object 87.8 74.4 94.4 75.8
Real-world Evaluation
Open the microwave oven 8/10 7/10 9/10 8/10
Stack the blue cube on the wooden cube 6/10 4/10 8/10 6/10
Place the cup on the mat 6/10 4/10 7/10 5/10
Place the phone on the phone stand 2/10 1/10 2/10 2/10
Real-world Average 22/40 16/40 26/40 21/40

4.4 A2A-Policy Evaluation

Baseline. To investigate the benefits of A2A-GroundingModel for robotic manipulation, all meth-
ods share the same Diffusion Policy (DP) [10] action head and differ only in their visual condition-
ing: (i) DP-RGB, our reproduction of DP on raw RGB observations, serves as the no-affordance
reference; (ii) UAD-DP, an explicit-affordance policy conditioned on a fine-tuned UAD [51] af-
fordance heatmap; (iii) A2A-Explicit, an explicit-affordance policy conditioned on the A2A-
GroundingModel mask rendered as an RGB highlight; and (iv) A2A-Implicit, an implicit-affordance
policy that consumes intermediate features from A2A-GroundingModel.

Evaluation. We evaluate on the standard LIBERO-object [44] 10-task suite and report average
success rate in Tab. 3, with per-task results in Appendix C. We also test on 4 real-world Piper-
arm tasks with wrist- and head-mounted RGB cameras, using 100 expert demonstrations and 10
evaluation rollouts per task. Details are provided in Appendix D.

Discussion. Tab. 3 shows that A2A-Explicit achieves the strongest overall performance. On
LIBERO-object, explicit affordance highlighting improves the average success rate from 87.8%
to 94.4% over DP-RGB and substantially outperforms UAD-DP. In real-world experiments, it also
improves the overall result from 22/40 with DP-RGB and 16/40 with UAD-DP to 26/40. These re-
sults indicate that task-conditioned affordance masks provide a useful and policy-compatible spatial
prior when injected as an explicit visual highlight.

A persistent failure mode of UAD-DP is that its dense heatmaps can become unstable under real-
world distribution shifts, producing incorrect functional parts or weak responses. Since the heatmap
is directly fed into the visual observation, such noise may actively degrade the policy rather than be-
ing merely uninformative. By contrast, A2A-GroundingModel produces more instruction-consistent
masks on unseen real-world configurations, keeping the explicit affordance signal better aligned with
the intended functional part.

The implicit variant provides a more nuanced result: although A2A-Implicit uses intermediate fea-
tures from A2A-GroundingModel, it does not consistently outperform DP-RGB and remains weaker
than A2A-Explicit. This suggests that grounding features useful for affordance localization are not
automatically optimal for action prediction without additional policy-aware alignment. Thus, our
results support explicit affordance-mask highlighting as the more stable interface for downstream
manipulation, while feature-level injection requires more careful alignment.
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5 Conclusion

We presented Affordance2Action (A2A), a benchmark-centered framework that connects task-
conditioned scene-level affordance grounding with downstream manipulation. At the data level,
A2A-Bench provides a scene-level functional-region benchmark covering both single-region and
multi-region instruction correspondences, constructed through the agent-assisted A2A-AffordGen
pipeline. At the model level, A2A-GroundingModel adapts SAM3 with staged instruction adapters
and text-conditioned visual prompt injection, achieving real-time TRPS grounding and consistent
gains over SAM3-based adaptation baselines. At the policy level, A2A-Policy uses grounded func-
tional regions as explicit or implicit spatial priors for diffusion-policy learning. Together, these
components show that task-conditioned functional-region grounding can be learned at scale and
used as a practical spatial prior for downstream manipulation.

6 Limitation

Despite the gains reported in Sec. 4, several limitations remain. First, our policy evaluation, both
in simulation and on the real Piper arm, is restricted to tabletop manipulation. Although A2A’s
task-conditioned affordance maps may naturally extend to mobile manipulation and whole-body
control, we have not yet evaluated whether they can reliably inform navigation, base placement,
and arm execution in larger scenes. Second, affordance prediction may become less reliable during
robot execution, where robot-induced occlusions, object motion, or contact disturbances can lead to
inaccurate affordance maps. Our current implementation uses only a simple threshold-based filter-
ing mechanism, leaving dynamic affordance grounding in closed-loop interaction as an important
direction for future work.
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Appendix

A Implementation Details of A2A-AffordGen

This appendix complements Sec. 3.1 with (i) the distance-maximizing oracle and behavior-cloning
loss used to train the SAG policy, (ii) the SAG / MAG inference algorithms invoked by the A2A-
Bench construction pipeline, and (iii) the set-IoU metric used for one-to-many evaluation. The
underlying click-policy MDP is defined in the main text.

Oracle and training loss. Given a reference mask M⋆ and current prediction Mt, let the false-
negative and false-positive residuals be E+

t = M⋆ \Mt and E−
t = Mt \M⋆. The SimpleClick [28]

oracle picks the dominant polarity and the chamfer-center of that error region under the Euclidean
distance transform,

p⋆t = arg max
p∈{+,−}

|Ep
t |, u⋆

t = arg max
u∈E

p⋆t
t

dist
(
u, ∂E

p⋆
t

t

)
,

which provably maximizes the local mask-coverage gradient under mild Lipschitz assumptions
on the frozen segmenter Φ. Rollouts from M0 = ∅ terminate at IoU(Mt,M

⋆) ≥ κ or af-
ter Tmax steps. From the same oracle rollout we also record the realized next-mask IoU v⋆t =
IoU(Φ(I,Mt, a

⋆
t ),M

⋆) and incremental gain δ⋆t = v⋆t − IoU(Mt,M
⋆), which act as the self-

stopping signals at inference (Alg. 1).

A2A-AffordGen is a LoRA-adapted Qwen3.5-9B that emits the entire tuple (pt, ut, v̂t, δ̂t) as a struc-
tured text sequence, e.g. “Positive point: (x, y). Next IoU: v. Gain: δ.” Training is therefore a single
token-level cross-entropy on the serialized oracle target y⋆t = (p⋆t , u

⋆
t , v

⋆
t , δ

⋆
t ):

Lagent = CE(πθ(· | st), y⋆t ) .

The frozen segmenter Φ is queried only to materialize Mt+1 for the next step; no pixel-level mask
loss is back-propagated through the VLM.

SAG and MAG inference. Alg. 1 (single-instance) terminates a click rollout as soon as the policy
itself signals saturation. Alg. 2 (multi-instance) wraps SAG with SAM3-text triage and a Grounding
DINO-driven crop, so that every per-instance call to SAG sees a clean single-object canvas; the three
branches (direct accept, SAG-refine, SAG-from-scratch) jointly realize the one-to-many scene-level
annotation.

Algorithm 1 SAG: single-instance affordance generation.
Require: crop I , ORPS prompt P , policy πθ , segmenter Φ, seed M0, thresholds τiou,∆min, step cap Tmax

1: for t = 0, . . . , Tmax − 1 do
2: (pt, ut, v̂t, δ̂t)← πθ(I, P,Mt) ▷ click + self-estimated IoU and gain
3: if v̂t ≥ τiou or δ̂t < ∆min then
4: break
5: end if
6: Mt+1 ← Φ(I,Mt, (pt, ut))
7: end for
8: return Mt

A.1 Metrics and Zero-shot Transfer to Referring Segmentation

Metric definitions. Let {(M̂n,M
⋆
n)}Nn=1 be the N predicted/ground-truth mask pairs used across

all grounding evaluations in this paper.

• gIoU (generalized / mean IoU): per-sample average, gIoU = 1
N

∑
n IoU(M̂n,M

⋆
n).
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Algorithm 2 MAG: multi-instance affordance generation.
Require: scene I , ORPS prompt P , SAM3 Φ, Grounding DINO G, accept threshold τ , dilation kernel K
1: {(mi, si)}Ni=1 ← Φtext(I, P ) ▷ SAM3 text-prompt candidates
2: {bj}Jj=1 ← G(I, P ) ▷ object proposal boxes
3: M← ∅
4: for each candidate (mi, si) do
5: if si ≥ τ then ▷ (i) direct accept
6: M̃i ← mi

7: else ▷ (ii) SAG-refine
8: b← box from {bj} matched to mi

9: Ib ← Crop(I ⊙ 1[mi ⊕K], b) ▷ dilate + mask-out + crop
10: M̃i ← SAG(Ib, P ; M0=Crop(mi, b))
11: end if
12: M←M∪ {C−1

i (M̃i)}
13: end for
14: for each unmatched box b ∈ {bj} do ▷ (iii) SAG-from-scratch
15: Ib ← Crop(I, b)

16: M̃ ← SAG(Ib, P ; M0 = ∅)
17: M←M∪ {C−1(M̃)}
18: end for
19: returnMP (I) =

⊔
M∈M M

Table 4: Zero-shot referring expression segmentation cIoU (%) on RefCOCO/+/g val. Group I (in-domain
finetuned, full val, cited from [9]) is an upper-bound reference; Groups II share the zero-shot performance
across different methods.

Method RefCOCO val RefCOCO+ val RefCOCOg val
Group I: methods finetuned on RefCOCO/+/g
LAVT [52] 72.7 62.1 61.2
CRIS [53] 70.5 65.3 59.9
PolyFormer-L [54] 76.94 72.15 71.15
SEEM [46] – – 65.7
LISA(SAM) [47] 74.9 65.1 67.9
PixelLM [55] 73.0 66.3 69.3
PerceptionGPT [56] 75.1 68.5 70.3
GSVA(SAM) [57] 77.2 65.9 72.7
SAM4MLLM(Qwen) [58] 77.1 71.5 74.5
SegAgent-Qwen+SAM [9] 78.01 70.86 74.49
Group II: zero-shot methods
SAM3+text [5] 39.40 29.44 32.76
GroundingDINO+SAM3 [5, 30] 66.58 53.07 58.90
A2A-AffordGen (Ours) 75.86 64.78 72.55

• cIoU (cumulative IoU): dataset-pooled, cIoU =
∑

n |M̂n ∩M⋆
n|
/∑

n |M̂n ∪M⋆
n|.

• P@k: fraction of samples with IoU(M̂n,M
⋆
n) ≥ k; we report P@50.

• P@50-95: COCO-style mean of P@k over k ∈ {0.50, 0.55, . . . , 0.95}.
• sIoU (set IoU, multi-instance only): for a predicted set M̂ = {M̂ (k)}Kk=1 and referenceM⋆ =

{M⋆(k)}Kk=1, sIoU = maxσ∈SK

1
K

∑
k IoU(M̂ (k),M⋆(σ(k))), with the optimal permutation σ

solved by the Hungarian algorithm.

Protocol. We evaluate the same A2A-AffordGen checkpoint zero-shot on the val splits of Ref-
COCO [41, 42], RefCOCO+ [41], and RefCOCOg [43], on a fixed seed-42 subset of 500 instances
per split (one referring expression and one ground-truth mask per image). The targets are whole ob-
jects rather than functional sub-parts, and A2A-AffordGen has seen no RefCOCO-style sentences
during training, so this is a strict cross-task transfer test. All zero-shot baselines are evaluated on the
identical subset; Group I numbers are cited from [9] on the full val splits and serve only as in-domain
reference upper bounds.
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A2A-AffordGen vs. LISA Finetune Curve 

Figure 4: Per-step training loss of A2A-AffordGen (red) vs. the LISA-7B finetune baseline [47] (blue) on the
same A2A-Bench split with matched optimiser settings. Red triangles are A2A-AffordGen’s validation-loss
probes; the solid blue curve is LISA’s running average over its light-blue per-step trace.

Discussion. Without any RefCOCO supervision, A2A-AffordGen reaches 75.86/64.78/72.55
cIoU on RefCOCO/+/g, surpassing the strongest decoupled zero-shot baseline
GroundingDINO→SAM3 by +9.28/+11.71/+13.65 across the three splits. It already matches
or beats finetuned baselines such as LAVT and CRIS on RefCOCO, and lags the best in-domain
finetuned model (SegAgent-Qwen+SAM, 74.49 on RefCOCOg) by under 2 cIoU. Since A2A-
AffordGen’s only supervision is templated “X of the Y ” part phrases, this transfer indicates that
the iterative click primitive – successively refining a SAM3 prediction with VLM-supplied clicks –
is task-agnostic rather than tied to part-level localization.

A.2 A2A-AffordGen vs. LISA: Training-Curve Analysis

Fig. 4 contrasts two supervision targets on the same A2A-Bench split and matched optimizer set-
tings: A2A-AffordGen learns to emit a short coordinate-token sequence against a frozen SAM3 via
token-level CE, while LISA-7B learns to emit pixels via Dice+BCE on a jointly-trained mask de-
coder. A2A-AffordGen (red) drops to its operating loss (≈ 0.30) within ∼200 steps and plateaus,
whereas LISA (blue) falls below 1.0 only after ∼1K steps and decays to ≈ 0.40 at step 6K; the
two curves never cross. This faster convergence carries over to held-out A2A-Bench (Tab. 1), where
A2A-AffordGen beats the step-6K LISA finetune on every metric (e.g. single-instance gIoU 82.91
vs 68.25, multi-instance sIoU 62.44 vs 40.26). Mechanistically, predicting short coordinate tokens
reuses the pretrained grounding distribution of Qwen3.5-VL and offloads pixel synthesis to an SA-
1B-pretrained SAM3 that is never modified, so the optimizer only has to learn “where to click”.
Predicting pixels forces LISA to jointly adapt its mask decoder at A2A-Bench scale, which is the
data-bottlenecked path and explains both the slower descent in Fig. 4 and the consistent quality gap
in Tab. 1.

B Details of A2A-GroundingModel

This section provides the full formulation of A2A-GroundingModel, including staged instruction
adaptation, text-conditioned visual prompt injection, and the training objective. The main paper
describes the high-level design, while the detailed equations are provided here for completeness and
reproducibility.
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B.1 Staged Instruction Adaptation

A2A-GroundingModel uses two types of language supervision. Oracle queries explicitly describe
the target functional part, while task queries describe the manipulation intent and require the model
to infer the corresponding actionable region. To reduce the interference between explicit part recog-
nition and task-level reasoning, we introduce separate but connected adaptation paths for oracle and
task instructions.

Let x(ℓ) denote the hidden state at the ℓ-th adapterized block. For oracle part descriptions, we use a
lightweight bottleneck adapter A(ℓ)

o :

x(ℓ)
o = x(ℓ) +A(ℓ)

o

(
LN(x(ℓ))

)
. (1)

For task instructions, we introduce an oracle-to-task adaptation path. The hidden state is first trans-
formed by an oracle-to-task bridge adapter A(ℓ)

o→t, and then further refined by a task-specific adapter
A

(ℓ)
t :

x
(ℓ)
t = x(ℓ) +A

(ℓ)
o→t

(
LN(x(ℓ))

)
+A

(ℓ)
t

(
LN

(
x(ℓ) +A

(ℓ)
o→t

(
LN(x(ℓ))

)))
. (2)

This staged design allows the model to first acquire stable part-level grounding from explicit part
queries and then transfer this knowledge to task-level affordance reasoning. We apply the same
adaptation strategy to selected language, fusion, decoder, and mask prediction blocks.

B.2 Text-Conditioned Visual Prompt Injection

Staged instruction adaptation improves task understanding, but task-conditioned affordance ground-
ing also requires accurate localization of small and visually subtle functional parts. To inject task
information into the visual representation, we introduce a text-conditioned visual prompt generator.

Given token-level language features T ∈ RL×dt , we obtain a task representation z ∈ Rdt by masked
average pooling over valid text tokens. In parallel, the image is patch-projected and processed by
a shallow visual projection network to produce spatial prompt tokens V ∈ RHW×dp . The task
representation is mapped to a text bias and a channel-wise gate:

b = Wb LN(z), g = σ (Wg LN(z)) , (3)

where b,g ∈ Rdp .

We then compute a text-guided spatial weighting over visual prompt tokens:

αj =
exp

(
V⊤

j b/
√
dp
)∑

k exp
(
V⊤

k b/
√
dp
) , (4)

where j indexes the spatial location.

The resulting text-conditioned prompt seed is defined as

Sj = LN(Vj ⊙ (1 + αjg) + b) . (5)

Layer-specific projections then transform S into prompt tensors P(ℓ) that match the channel dimen-
sion of selected visual encoder blocks. For each prompted layer ℓ, the visual tokens are updated
through additive prompt injection:

X(ℓ) ← X(ℓ) + γℓP
(ℓ), (6)

where γℓ is a learnable scaling coefficient. We inject prompts into later visual encoder blocks, where
visual features are more semantically structured and therefore more suitable for task-conditioned
modulation.
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B.3 Training Objective

During training, the base model is kept frozen and only the newly introduced adaptation modules are
optimized. The model is trained with both oracle part queries and task-level instructions from A2A-
Bench. Oracle queries provide explicit part-level supervision, while task queries require grounding
the functional region from manipulation intent.

Predicted masks are matched to ground-truth masks by Hungarian assignment. The base segmen-
tation objective is denoted as Lseg, which includes classification, box regression, generalized-IoU,
and mask supervision terms:

Lseg = λclsLcls + λboxLbox + λgiouLgiou + λmaskLmask. (7)

To align explicit part grounding and task-level affordance grounding, we further impose oracle–task
consistency regularization. Let Po and Pt denote the spatial affordance distributions predicted from
the oracle query and task query, respectively. We use a bidirectional KL divergence:

LKL =
1

2
[DKL(Po∥Pt) +DKL(Pt∥Po)] . (8)

We also introduce a disagreement-focused hard-region loss to emphasize pixels where the oracle
and task predictions are inconsistent. Let Whard be a disagreement weight map computed from the
prediction difference between the two routes. The hard-region loss is written as

Lhard =
1

|Ω|
∑
u∈Ω

Whard(u) · Lmask

(
M̂t(u),M(u)

)
, (9)

where Ω denotes the image lattice, M̂t is the task-query prediction, and M is the ground-truth
affordance mask.

The final training objective is

L = Lseg + λKLLKL + λhardLhard. (10)

This objective encourages the model to preserve accurate part-level localization from explicit oracle
queries while producing spatially consistent predictions under task-level instructions.

Training schedule. We follow a three-stage oracle-to-task curriculum. In Stage I, the model is
trained with oracle part queries to learn explicit part-level grounding. In Stage II, the task route
is trained with task-level instructions to transfer this grounding ability to affordance reasoning. In
Stage III, oracle and task routes are jointly optimized with an additional oracle–task consistency loss
to align their spatial predictions. Throughout training, the base model is frozen and only the inserted
adaptation modules are updated.

B.4 Implementation Details of the UAD Baseline

We implement UAD as a heatmap-based affordance segmentation baseline on AFFORDANCE2ACT.
Since UAD predicts dense affordance heatmaps whereas our annotations are binary affordance
masks, we keep the original UAD model unchanged and only adapt the supervision interface. Each
sample is constructed at the image-query level using the corresponding complex query. For each
image-query pair, all positive instance masks associated with the query are merged by pixel-wise
union to form a single binary target mask. The target mask is then resized and projected to the UAD
output grid for supervision.

Let pj ∈ [0, 1] denote the predicted affordance probability at spatial location j, and let yj ∈ [0, 1]
denote the corresponding target value on the output grid. With M spatial locations, the binary
cross-entropy loss is defined as

LBCE = − 1

M

M∑
j=1

[yj log pj + (1− yj) log(1− pj)] . (11)
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Table 5: Training settings for the adapted UAD baseline on AFFORDANCE2ACT.

Item Setting

Input resolution 448× 448
Output resolution 32× 32
Optimizer Adam
Learning rate 2× 10−3

Batch size 128
Training epochs 50
LR schedule Step decay every 10 epochs with factor 0.75

Table 6: Test results of the adapted UAD baselines on AFFORDANCE2ACT. Lower is better for BCE and Dice
loss; higher is better for IoU, Dice, precision, and recall.
Variant BCE ↓ Dice Loss ↓ IoU@0.5 (%) ↑ Dice@0.5 (%) ↑ Precision@0.5 (%) ↑ Recall@0.5 (%) ↑
UAD-BCE 0.1015 0.7634 13.92 18.55 76.55 17.14
UAD-BCE+Dice 0.1224 0.6749 25.76 33.40 60.93 34.99

We also evaluate a soft Dice loss:

LDice = 1−
2
∑M

j=1 pjyj + ϵ∑M
j=1 pj +

∑M
j=1 yj + ϵ

, (12)

where ϵ = 1.0. We train two UAD variants. The first follows the original BCE-based supervision.
The second uses a combined BCE and Dice objective,

L = LBCE + λLDice, (13)

where λ = 1.0. For the BCE+Dice variant, we disable target-mask blur to make the supervision
consistent with the binary mask annotations. The main training settings are summarized in Tab. 5.

We evaluate the adapted UAD baselines on the test split of AFFORDANCE2ACT. Each sample is
evaluated with its corresponding complex query. The predicted heatmap is thresholded at 0.5 and
compared with the projected binary affordance mask. The test results are reported in Tab. 6.

B.5 Threshold Sensitivity of the UAD Heatmap Baseline

We perform a threshold sweep for the adapted UAD baseline trained with the BCE+Dice objective
without target-mask blur. Since UAD produces continuous affordance heatmaps rather than binary
masks, the heatmap must be binarized before computing mask-based grounding metrics. To avoid
redundancy, Tab. 7 reports the best-performing low-threshold region together with representative
default and high-threshold settings. We use the threshold with the best gIoU in the main results.
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Table 7: Threshold sensitivity of the adapted UAD heatmap baseline on A2A-Bench. The UAD model is
trained with BCE+Dice supervision without target-mask blur.

Threshold gIoU (%) cIoU (%) P@50 (%) P@50-95 (%)
0.1 28.45 36.39 28.22 10.03
0.2 28.23 36.71 27.18 10.77
0.3 27.70 36.43 26.83 11.01
0.5 25.76 34.66 24.74 10.52
0.7 22.27 31.33 18.82 8.71
0.9 15.77 23.96 14.63 5.44

B.6 Qualitative Comparison of A2A-GroundingModel

Sit on the couch

Pour from the bottle

Eat from the bowl

Eat with the spoon

Eat with the fork

Open the nightstand

Sit on the chair

GT A2A-Model UAD UAD-HeatmapImage

Figure 5: Qualitative comparison on A2A-Bench. Each example shows the input image, ground-truth mask,
A2A-GroundingModel prediction, binarized UAD prediction, and UAD heatmap. Compared with UAD, A2A-
GroundingModel produces more compact and instruction-consistent affordance masks under task-level TRPS
instructions. Please zoom in to see the details.

C A2A-Policy Implementation Details and Simulation Results

Baselines. We compare four affordance-conditioned policies on LIBERO-Object [44]. All four
share the same Diffusion Policy [10] action head, observation history (tobs = 2, horizon = 16,
action dim 7), and a 4-layer Transformer fusion encoder (dmodel = 1024, nheads = 8, dff = 2048);
only the visual / affordance front-end differs.

• Diffusion Policy (RGB): vanilla RGB observation passed through a frozen DINOv2-ViT-L/14
at 448×448 [45]; no affordance signal.
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Table 8: Per-task success rate (%) on LIBERO-Object. 50 episodes per task, 400-step cap.

Task (pick up the X and place it in the basket) DP-RGB UAD-DP A2A-explicit A2A-implicit

alphabet soup 88.0 96.0 96.0 76.0
cream cheese 90.0 50.0 98.0 88.0
salad dressing 92.0 100.0 100.0 94.0
bbq sauce 72.0 48.0 86.0 68.0
ketchup 88.0 42.0 96.0 88.0
tomato sauce 84.0 86.0 88.0 62.0
butter 88.0 92.0 90.0 52.0
milk 92.0 52.0 92.0 64.0
chocolate pudding 88.0 80.0 100.0 78.0
orange juice 96.0 98.0 98.0 88.0

Average 87.8 74.4 94.4 75.8

• UAD-DP: RGB overlaid with the UAD [4] affordance heatmap, thresholded at 0.7, before the
same frozen DINOv2 encoder. Masks are pre-computed offline over the entire replay buffer.

• A2A-explicit: RGB overlaid with pre-computed binary affordance masks emitted by our A2A-
AffordGen backbone at score threshold 0.7, then encoded by the same frozen DINOv2.

• A2A-implicit: RGB consumed directly by a frozen A2A-AffordGen image branch (input 336,
pool size per scale 4); its text-pooled image tokens are projected to dmodel and fused with state /
language tokens by the encoder. Only the ⟨ACT⟩ token feeds the diffusion head.

Training. All four baselines are trained with AdamW, lr = 10−4, 500 warm-up steps and cosine
decay, weight decay 10−2, gradient clip 3.0, mixed precision bf16, 30 epochs, validation every
200 steps. The diffusion head has depth 6 / width 768 with 100 sampling steps at training. Per-GPU
batch size is 128 for the three DINOv2-front-end variants and 16 for A2A-AffordGen-implicit due to
its larger frozen backbone (active backbone ∼1.82B vs ∼0.33B). Trainable parameters are matched
at 55.8M across all four baselines.

Evaluation. For each (baseline, suite) pair we roll out 50 episodes per task with a 400-step cap,
replanning every 8 steps, sampling the diffusion head with 8 DDIM steps. Per-task success rates are
reported in Tab. 8.

D Detailed Implementation of A2A-Policy and Real-World Demonstrations

We collect 100 teleoperated demonstrations per task on an AgileX Piper 6-DoF arm with a head-
and a wrist-mounted RGB camera, train one multi-task policy per baseline over the 4 tasks, and
deploy through a ZMQ multi-task action server with a Piper client (re-plan every 8 steps, 8 DDIM
sampling steps).

The four baselines share the action head, observation history (tobs = 2, horizon = 16), 7-D action
space, language conditioning (frozen MiniLM-L6-v2, 384-d), and the 4-layer Transformer fusion
encoder from Sec. C; only the visual front-end differs:

• DP-RGB: head/hand RGB at 448×448 through a frozen DINOv2-ViT-L/14 (with registers); no
affordance signal.

• UAD-DP: RGB overlaid with pre-computed UAD heatmaps (threshold 0.7), then the same
frozen DINOv2.

• A2A-Explicit: RGB overlaid with pre-computed A2A-GroundingModel binary masks (thresh-
old 0.7), then the same frozen DINOv2.

• A2A-Implicit: RGB at 448×448 consumed directly by the frozen A2A-GroundingModel im-
age branch; its text-pooled image tokens are projected to dmodel and fused with state/language
tokens.
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Figure 6: Stack the blue cube on the wooden cube.
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Figure 7: Place the phone on the phone stand.
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Figure 8: Open the microwave oven.
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Figure 9: Place the cup on the mat.
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