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Vision-Language-Action (VLA) models leverage the rich world knowledge of pretrained vision-language
models (VLMs) to enable instruction-following robotic manipulation. However, the structural mismatch
between VLM semantic spaces and embodied control policies often hinders the learning of precise
perception—action mappings. To address this challenge, we propose AffordanceVLA, a unified framework
that introduces structured affordance forecasting as a task-oriented intermediate representation to
establish a more precise and robust perception—action mapping. Specifically, we progressively model
manipulation priors through three complementary components: 1) Which2Act for object-centric
grounding via visual latent prediction to suppress distractions; 2) Where2Act for 2D interaction
localization via affordance map estimation; and 3) How2Act for 3D geometric reasoning to guide
manipulation policies. These affordance cues provide spatially grounded, semantically conditioned, and
action-coupled intermediate representations, thereby naturally bridging vision, language and action.
We integrate these modules into a Mixture-of-Transformer (MoT) architecture with specialized experts
and train the model using a three-stage training strategy with a progressive data curriculum. To
overcome the scarcity of dense affordance labels in robotic datasets, we also develop a robust automated
data augmentation pipeline. Extensive experiments on simulation and real-world demonstrate that
AffordanceVLA achieves strong performance across diverse manipulation scenarios.
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1 Introduction

Vision-Language-Action (VLA) models [4, 9, 29, 45, 61, 68] have shown great promise in instruction-following
manipulation, largely driven by the rich world knowledge embedded in pretrained Vision-Language Models
(VLMs). Many approaches [39, 53, 55, 57, 60, 69, 75| attempt a direct end-to-end mapping from natural
language instructions and visual observations to robot actions. However, while the core of VLM pre-training
lies in aligning vision and language within a semantic space, robotic actions are inherently representations in
the 3D physical space, creating a significant gap that makes learning a direct mapping challenging. Therefore,
finding an appropriate intermediate representation to bridge perception and action is crucial.

Previous works have made substantial efforts to bridge perception and action. A conventional paradigm
employs video prediction or visual foresight [47, 63, 79, 80, 82, 88] to guide action generation. However, such
dense visual signals often contain redundant information, and the inference process of video prediction models
is typically time-consuming. In addition to video prediction, many works incorporate visual representations
such as depth, visual grounding, and optical flow [2, 7, 38, 84] to enhance visual localization. Overall, the
exploration and utilization of intermediate representations remains an open question.

We argue that a robust VLA requires learning a richer, task-oriented representation to enhance generalization
across complex manipulation scenarios. Without innovating the model paradigm, blindly scaling up data
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Figure 1 AffordanceVLA Overview. (Bottom-left) AffordanceVLA employs three specialized experts (Understanding,
Affordance Generation, and Action), leveraging structured affordance forecasting (Which2Act, Where2Act, and
How2Act) as intermediate representations to bridge perception and action. (Top) Enabled by a three-stage training
strategy with progressive data curriculum, (Bottom-right) AffordanceVLA achieves strong performance across both
simulation and real-world evaluations.

fails to maximize the intrinsic power within the datasets, and relying solely on scaling is insufficient to
resolve the fundamental spatial gap. Indeed, recent strong VLAs increasingly introduce structured, train-only
intermediate supervision to better exploit their data and to keep the backbone’s vision-language ability from
being eroded by low-level action learning—a direction we pursue through affordance.

Without innovating the model paradigm, blindly scaling up data fails to maximize the intrinsic power
within the datasets, and relying solely on scaling is insufficient to resolve the fundamental spatial gap.

Intuitively, much like how humans naturally perceive a mug’s handle as an invitation to grasp, an embodied
agent should understand its environment. Affordances [20]—manipulation priors that explicitly indicate which
object to manipulate, as well as where and how to interact—mnaturally fulfill this role as ideal intermediate
prediction targets [10, 11, 36, 73]. They serve as a perfect bridge by seamlessly coupling spatial grounding in
vision, semantic conditioning in language, and execution guidance in action. Furthermore, extensive prior
work [33, 41, 52, 66, 67, 71, 72, 83] has shown that affordance representations are readily learnable and highly
adaptable.

Affordances serve as a perfect bridge, seamlessly coupling spatial grounding in vision, semantic conditioning
in language, and execution guidance in action.

Building upon these insights, we propose AffordanceVLA (as illustrated in Figure 1), a novel framework
that leverages affordance forecasting to establish a precise and robust perception-action mapping. To
comprehensively integrate this task-relevant information, our framework incorporates three streamlined
designs: Which2Act achieves object-centric grounding by predicting the visual latent of the target to suppress
irrelevant distractions; Where2Act predicts a 2D affordance map to pinpoint precise interaction areas; and
How2Act extracts a 3D geometric representation to guide the manipulation policy. Together, these modules
progressively weave affordance priors—from coarse to fine, and from 2D to 3D—into the VLA’s perception-
action loop, equipping the model with a structured and deeply grounded understanding of the physical



world.

To effectively instantiate these structured affordance designs and bridge the modality gap, we build Affor-
danceVLA upon a Mixture-of-Transformer (MoT) [42] architecture comprising three dedicated experts: an
Understanding Ezpert, an Affordance Generation Expert, and an Action Ezpert. This decoupled multi-expert
design facilitates progressive information fusion and representation propagation from broad perception to
closed-loop control. Moreover, the architecture naturally absorbs diverse multimodal knowledge from varied
sources, such as VQA and robotic trajectories. Recognizing the inherent lack of dense affordance annotations
in large-scale robotic datasets, we develop a robust data augmentation pipeline to synthesize these critical
supervisory signals. Supported by this tool, we introduce a three-stage training strategy with a progressive
data curriculum: Stage I Pre-training on referential grounding and interaction-aware scene data; Stage II
Co-training with large-scale synthetic robotic data; and Stage III Post-training via target-dataset fine-tuning.
Through extensive experiments on rigorous simulation benchmarks, including LIBERO [43] and CALVIN [48],
alongside real-world evaluations, we demonstrate the effectiveness of our approach. AffordanceVLA achieves
success rates competitive with recent strong VLAs and exhibits remarkable generalization, spatial robustness,
and cross-modal alignment.

In summary, our key contributions are summarized as follows:

e We propose AffordanceVLA, a perception—prediction—action VLA framework that leverages structured
affordance forecasting as intermediate supervision. By modeling Which2Act, Where2Act, and How2Act,
our method integrates object grounding, 2D interaction localization, and 3D geometric reasoning to
establish a more precise perception—action mapping.

e We design a MoT architecture with specialized experts and a three-stage training strategy with progressive
data curriculum. This unified framework bridges perception, prediction and control, enabling a smooth
transition from vision-language alignment to embodied manipulation. Furthermore, we develop a novel
robotic data augmentation pipeline to overcome the lack of affordance annotations.

e We achieve strong performance in both simulation and real-world experiments. AffordanceVLA demon-
strates success rates competitive with recent strong VL As, strong generalization, and enhanced robustness,
supported by comprehensive ablation, qualitative and quantitative analyses.

2 Related Work

2.1 Vision-Language-Action Models

The rapid evolution of Multimodal Large Language Models (MLLMSs) [44, 54, 74] has catalyzed the development
of Vision-Language—Action (VLA) models, which couple a vision-language backbone with an action module
to inherit web-scale visual-linguistic priors for flexible instruction following [4, 29, 30, 45, 61, 68]. These
models differ chiefly in how actions are represented and decoded: some autoregressively emit discretized action
tokens [8, 29|, whereas others attach a continuous diffusion or flow-matching action expert for smoother,
high-frequency control [4, 24, 39, 45, 57]. To improve transfer and scalability, recent efforts pursue cross-
embodiment training with latent action spaces [6, 85], spatially enhanced backbones [55], and efficient
lightweight variants [57, 69]. Beyond monolithic policies, dual-system and expert-decoupled designs further
disentangle high-level understanding from reactive control [14, 53, 60].

Despite their strong perceptual grounding, directly regressing actions from raw observations leaves VLAs
without explicit reasoning about task-relevant scene structure, which often undermines robustness. A large
body of work therefore augments VLAs with auxiliary intermediate representations, broadly falling into two
families. The first treats future prediction as a world model, using generative visual foresight—video or image
prediction [3, 5, 16, 22, 70, 82|, predictive inverse dynamics [63], and unified video—action or latent-action world
models [2, 7, 47, 79-81, 84, 86, 88]—to guide action generation. While visually intuitive, such dense pixel-level
targets are highly redundant and their rollout is typically computationally heavy. The second family instead
predicts more compact structured cues, such as textual rationales or chains of thought [23, 56, 75], keyposes
and object pointflow [76], reconstructive or gaze-region targets [58], and implicit 3D /spatial representation
alignment [35]. Notably, the latest generalist policies (e.g. mo.5 [24] and 7.7 [25]) reveal a complementary



trend: introducing train-only structured intermediate supervision (e.g. discrete action tokens or bounding
boxes that are not deployed at inference), so that the low-level control objective does not erode the backbone’s
vision—language and instruction-following ability.

These intermediates, however, are frequently either overly redundant (dense video) or too coarse (global
rationales) to capture the task-critical what, where, and how of manipulation. In contrast, we adopt affordance
as a structured, task-focused intermediate representation that is simultaneously spatially grounded, semantically
conditioned, and action-coupled—distinct from both video-prediction-as-bridge and latent-action world models.
By employing a multi-stage training strategy, our approach integrates deep semantic understanding with
world knowledge, leading to a more reliable perception—action mapping and enhanced robustness.

2.2 Affordance for Robotic Manipulation

Affordance [20] characterizes the actionable possibilities that objects offer, providing a compact prior for
what can be manipulated and how to interact with it. It has been extensively studied across robotic
grasping [13, 17, 32, 78], articulated-object manipulation [10, 11, 18, 41, 49, 52, 66, 71, 77], deformable-
object manipulation [37, 65, 67, 72], and broader scene interaction [21, 50, 51|, consistently demonstrating
strong cross-task generalization. Owing to its expressive power, affordance has been incorporated into
diverse learning paradigms: some methods learn it from large-scale human-video datasets or reinforcement
learning [1, 19, 49, 83|, while others, such as Robo-ABC [27] and RAM [33], enable training-free affordance
transfer across novel objects and tasks via semantic correspondence and retrieval.

Nevertheless, most prior work represents affordances as sparse 2D /3D contact points with directions and
couples them with external grasp generators [17] and motion planners [12, 59], forming open-loop pipelines
that are brittle on long-horizon or contact-rich tasks. While AffordDP [73] and CoA-VLA [36] move toward
closed-loop control, affordance is still largely consumed as an external cue and does not fully exploit the rich
world knowledge embedded in large-scale pre-trained VLMs. In contrast, we internalize structured affordance
forecasting inside a web-scale pre-trained VLA, jointly optimizing it with the VLM backbone and the action
expert across semantic, operational, and spatial-geometric dimensions. This embedding turns affordance
from an externally consumed prior into an action-coupled intermediate representation, improving reasoning,
generalization, and performance across diverse manipulation scenarios.

3 Method

AffordanceVLA unifies perception, prediction, and action within a Vision-Language-Action framework by
leveraging structured affordance forecasting as intermediate supervision in a Mixture-of-Transformer (MoT)
architecture to learn a precise, robust, and generalizable perception action mapping for embodied manipulation.
The overall pipeline is shown in Figure 2. In this section, we first present the architecture of AffordanceVLA
together with its overall operational pipeline(Section 3.1). We then provide a detailed description of the three
affordance knowledge prediction modules(Section 3.2). Finally, we elaborate on the training procedure of the
entire framework(Section 3.3).

3.1 AffordanceVLA Architecture

As illustrated in Figure 2, the core of AffordanceVLA comprises three specialized experts: Understanding
Expert, Affordance Generation Expert, and Action Expert. This Mixture-of-Transformer (MoT) architecture
seamlessly bridges semantic alignment, affordance-oriented state prediction, and action execution.

3.1.1 Understanding Expert.

The Understanding Expert (M,q) establishes a fine-grained alignment between visual perception and
linguistic intent by leveraging pre-trained VLM priors. Given the visual observation O; € R¥*Wx3 and
language instruction [ at time step ¢, M4 dynamically fuses these multimodal inputs into an instruction-
aware representation: h¥"? = M,,,,4(Oy,1). The proprioceptive state s; bypasses this expert and is fed directly
to Mg, following the standard mp-style decoupling. Moving beyond global feature extraction, this module



|

3y | Diffusion - . .
“ Frozen Visual Tokenizer Do € Predicted Noise
~ “1 74 BBox Token te %
l‘.,“ Flux Q,S,T)
L2 VAE — SAM 5 ‘
3D

- WL (IS Oy As Condition | MLP ‘

Bounding Box Crop Projector Decoder Shape Token

FFN FFN FFN
» UAA Progressive Attention
QKV QKV QKV
Understanding Expert Affordance Generation Expert Action Expert
J
SigLIP PaliGemma State =Y an
Encoder Tokenizer Affordance Learnable Query Actions E a7 a0
Pre-training Stage I Co-training Stage II & Post-training Stage II1
# (4] (4] [ (4
/ Close the Und. Expert,  Afd. Gen. Expert Und. Expert,  Afd. Gen. Expert Act. Expert
microwave /
Vision Language d f
Observation Instructions

Figure 2 Pipeline. The framework employs a MoT architecture comprising three specialized experts of Understanding
(Muyna), Affordance Generation (Mger,), and Action (Maget), which are coordinated via a unidirectional Understanding-
Affordance-Action (UAA) progressive attention mechanism. Given an RGB observation O; and instruction I, Mynd
extracts fused semantics h¥™?. Mgen then decodes R¥™ into structured affordance tokens A, (Which2Act, Where2Act,
How2Act) as intermediate priors. Finally, Mg synthesizes control actions dy.¢+x conditioned on both A¥™* and A,.

meticulously grounds linguistic concepts into spatial visual patches, providing a robust semantic foundation
for subsequent physically grounded planning.

3.1.2 Affordance Generation Expert.

Acting as a specialized visual planner, this module generates structured affordance priors that bridge the gap
between vision, language, and action. Conditioned on the instruction-aware semantics h¥"?, it predicts a
structured representation A, = M gen (h¥™?). Rather than a generic feature, this representation anchors high-
level semantic alignment into actionable geometric cues. By encapsulating spatial localization (visual latent
of the target), interaction hotspots (2D affordance maps), and 3D geometric structures (shape latents), the
module transforms abstract reasoning into grounded physical states. Consequently, it filters out task-irrelevant
noise and provides decoupled, highly informative planning targets to assist downstream action generation.

3.1.3 Action Expert.

Conditioned on the high-level semantic context h¥"® and physically grounded affordance Ay, the Action
Expert (M) employs a robust generative process to decode these unified representations into low-level
action. It synthesizes a sequence of smooth, temporally coherent, and physically plausible action chunks:
Atk = Maer (RE9, At, st). By conditioning on the intermediate affordance bridge, M is relieved from the
burden of complex visual reasoning, allowing it to focus entirely on precise and robust physical execution.



3.1.4 Attention Mechanism.

To coordinate the heterogeneous experts efficiently, AffordanceVLA employs a structured Understand-
ing—Affordance—Action (UAA) progressive attention mechanism. Within each expert, bidirectional intra-expert
attention is applied to ensure thorough contextual fusion. Across modules, a strict causal inter-expert attention
is enforced. Specifically, the Affordance Generation Expert queries features exclusively from the Understanding
Expert (i.e., Attention(Qgen, Kund, Vuna)), while the Action Expert attends to the outputs of both preceding
experts. This unidirectional information flow prevents action information leakage into the prediction stage,
thereby maintaining the purity of affordance features and enhancing generalization in complex environments.

3.2 Affordance Knowledge Prediction

To bridge high-level semantics and low-level control, the Affordance Generation Expert predicts structured
affordance knowledge rather than monolithic global features. We disentangle learnable affordance queries
into three parallel sub-modules to concurrently decode manipulation priors: object-centric visual grounding
(Which2Act), fine-grained interaction localization (Where2Act), and 3D spatial-geometric reasoning (How2Act).
By leveraging bidirectional attention to jointly refine their representations, this design yields task-relevant
priors that naturally unify vision, language, and action.

Affordance is a natural vision—language—action bridge—spatially grounded, semantically conditioned, and
action-coupled—that anchors the VLM’s semantics while directly serving action generation.

3.21 Which2Act Forecasting.

To align semantic intents with specific visual entities, the Which2Act module performs object-centric grounding
by localizing target bounding boxes and extracting their visual representations. Specifically, we crop the
observation based on the target bounding box and extract a continuous visual latent z, € REXHXW yi5ing a
frozen pre-trained encoder (e.g., Flux VAE [34]). The module utilizes Which2Act queries to reconstruct the
predicted latent Z, optimizing alignment via a Mean Squared Error (MSE) loss:

1 5
Lwhich = m Z HZC,}L,w - Zq,c,h,wH2 (1)

c,h,w

This auto-encoding formulation translates spatial localization into latent reconstruction, compelling the model
to isolate the interacting entity while filtering out background distractions to provide a pure visual anchor.

3.2.2 Where2Act Forecasting.

The Where2Act module achieves fine-grained interaction localization by predicting a 2D affordance map
to pinpoint interactive regions. To transform 1D query tokens into a 2D spatial distribution, we employ a
lightweight Transformer decoder that treats spatial position embeddings as queries to extract interaction cues
via cross-attention. The resulting features are mapped into spatial logits § € R7+*Wt and aligned with the
ground-truth mask M € [0, 1]7+*Wt using a pixel-wise Binary Cross-Entropy (BCE) loss:

H W,
> [Milog (i) + (1 - Mi)log (1 ()| 2

i=1

1
H W,

Ewhere =

where o(-) is the sigmoid function. By “unfolding” compressed 1D queries into intuitive 2D hotspots, this
module translates semantic intent into actionable visual affordance, providing explicit contact point guidance
for low-level planning.

3.2.3 How2Act Forecasting.

The How2Act module performs 3D spatial-geometric reasoning by bifurcating its tokens into two synergistic
branches: 3D shape generation and spatial layout regression. The shape generation branch formulates 3D



voxel prediction as a conditional diffusion process, where an iterative Transformer denoiser €y generates the
target’s 3D shape latent, optimized via a standard noise-prediction objective:

ﬁshape e EtNZ/[(O’T)’ENN’(Oyl) |:H€ — ég(xt) t7 Bshape)||2:| (3)

Concurrently, the layout regression branch employs an MLP to regress a 10-DoF spatial layout vector §ayout
(rotation, scale, and translation), optimized via a component-wise Smooth-L1 loss:

10
1 ~(j j
Elayout = 10 § : SmOOthLl (yl(ig)Jouﬁ yl(tjzzzout) (4)

Jj=1

Together, these branches thoroughly characterize the target’s 3D geometry and spatial posture, equipping the
Action Expert with comprehensive spatial priors and kinematic constraints.

3.3 Training Strategy

To fully unlock the potential of the MoT architecture and effectively bridge semantic reasoning with physical
execution, we employ a three-stage training strategy with a progressive data curriculum.

3.3.1 Stage I: General Affordance Grounding Pre-training.

The initial stage aims to endow the Affordance Generation Expert with robust spatial and geometric reasoning
capabilities. We utilize broad VQA datasets—specifically Referential Grounding Data (AGD20K [46] and
RefSpatial [87])—and perform an initial alignment on embodied VQA data, namely Interaction-Aware Scene
Data (PRISM [15]). To preserve pre-trained semantic priors, the Vision Encoder, Understanding Expert, and
Action Expert remain frozen; only the Affordance Generation Expert, learnable queries, and decoders are
optimized. The model is supervised by a multi-task affordance objective:

ﬁStagel = )\which»cwhich + )\where»cwhere + )\shapeﬁshape + )\layoutﬁlayout (5)

where weights (Awhich, where, shape = 0.1, Alayout = 0.04) balance optimization across physical dimensions, using
native annotations augmented with SAM-3D [62] labels.

3.3.2 Stage lI: Affordance-Augmented Robotic Data Co-Training.

Building upon the initial alignment, Stage II performs a rigorous re-alignment of affordance generation and
robotic execution by co-training the entire AffordanceVLA on Large-Scale Synthetic Robotic Data (e.g.,
InternData-A1 [64]). Crucially, the perfect annotation of high-quality data maximizes the inherent power within
the dataset. During this stage, the Understanding and Action Experts are unfrozen for end-to-end alignment,
while the Vision Encoder is fine-tuned with a reduced learning rate. To address the scarcity of affordance
labels, we engineered an automated data processing pipeline (Please refer to the supplementary materials for
detailed content and analysis.). Specifically, we extract keyframes rule-based on action sequences [38]. A
text LLM (Claude Opus 4.5) then decomposes the global instruction into per-keyframe sub-instructions, and
a vision—language model (Qwen3-VL [74]) converts each keyframe into a detection category and a spatial
affordance query. These guide the fine-tuned RexOmni [26] (via PRISM [15]), integrated with SAM [31] and
SAM-3D [62], yielding over 100,000 affordance annotations. The joint training objective is:

EStageQ = )\act['act + /\afdl:afd (6)
where L,zq aggregates the losses from Stage I. We set A ¢ = 1.0 and A,¢q = 0.5, slightly down-weighting the

affordance objective relative to policy execution while retaining strong intermediate foresight supervision.

3.3.3 Stage lll: Target Task Post-Training.

The final stage adapts the generalized VLA policy to specific downstream environments, such as the
LIBERO [43] and CALVIN [48] benchmarks. Maintaining the same trainable parameters and loss for-
mulation as Stage II (Equation (6)), but with the affordance weight further annealed to A.sg = 0.15 to



prioritize precise control adaptation, this targeted post-training enables the model to deeply adapt its semantic
alignment and affordance reasoning to the unique visual distributions, camera viewpoints, and kinematic
constraints of the target platforms. This ensures high-fidelity, environment-aware action generation across
diverse robotic settings. For real-world deployment, this stage further includes a brief post-training phase on
a subset of the DROID dataset [28] to narrow the sim-to-real gap before the final in-house fine-tuning.

3.3.4 Design Philosophy.

Underlying this curriculum is a data-centric view of what supervision should carry. By enriching robotic
trajectories with structured affordance labels, each demonstration encodes not merely what to do (the action)
but also how to do it—which object to engage, where to interact, and the target’s geometry. Crucially, because
the affordance objective is anchored to the vision—language semantics rather than to raw control, it supervises
the backbone with a signal that is far more informative than the action loss alone, helping the VLM retain its
instruction-following ability instead of having it eroded by control-only optimization.

Rich annotations should encode not just what to do but how to do it; structured affordance supervision
preserves the backbone’s vision-language ability instead of eroding it under the action loss (¢f. mo.5/m0.7)-

4 Experiment

We conduct extensive experiments on both simulation benchmarks and real-world tasks to comprehensively
evaluate our proposed AffordanceVLA. These experiments not only validate the model’s performance but also
aim to answer the following questions:

e Q1 (Representation Strategy): Can structured affordance forecasting (indicating which, where, and how
to act) serve as a more effective intermediate representation?

e Q2 (Architecture Design): Does the decoupled design of the Mixture-of-Transformer (MoT) architec-
ture, with specialized Understanding, Affordance Generation, and Action experts, effectively prevent
representation collapse and outperform unified network structures?

e Q3 (Training Paradigm): How does the proposed three-stage progressive training strategy contribute to
bridging the gap between broad visual-language pre-training and task-specific embodied control?

4.1 Baseline Comparison

4.1.1 Simulation Setup.

We compare AffordanceVLA with a wide range of baselines on LIBERO [43] and CALVIN [48], as shown in
Table 1 and Table 2. To better isolate the contributions of our architecture and training paradigm, we report
the performance of two model variants in our main results:

1) AffordanceVLA (wj/o stage 11): A variant that skips Stage II (affordance-augmented robotic data co-training),
proceeding directly from Stage I (general affordance grounding pre-training) to Stage III (target task fine-
tuning).

2) AffordanceVLA (full): The complete model trained with our full three-stage progressive strategy (Stage I —
Stage IT — Stage III).

4.1.2 LIBERO Benchmark.

As shown in Table 1, our full model attains a strong average success rate of 95.8%—the highest among the
methods compared here and competitive with the best recent VLAs. This consistent performance across all
four suites validates the effectiveness and robustness of the AffordanceVLA framework. Notably, even without
the extensive affordance-augmented robotic data co-training phase, AffordanceVLA (w/o stage Il) still achieves
an impressive 86.2% average success rate. This directly answers Q2, demonstrating the inherent advantage of
our MoT architecture. By decoupling the affordance generation and action processes into specialized experts,



Table 1 Quantitative Results on the LIBERO Benchmark. We report the success rates (%) across four distinct task
suites: Spatial, Object, Goal, Long, along with the average success rate. All methods are evaluated over 50 rollouts.
AffordanceVLA outperforms baselines with a higher average success rate. The best results are bolded.

Method Spatial Object Goal Long Average
OpenVLA [29] 84.7 88.4 79.2 53.7 76.5
Spatial VLA [55] 88.2 89.9 786 555 78.1
CoT-VLA [82] 87.5 91.6 87.6 69.0 83.9
ThinkAct [23] 88.3 91.4 87.1 709 84.4
Pi0 [4] 98.0 96.8 94.4 88.4 94.4
gr00t-N1 [53] 94.4 97.6 93.0 90.6 93.9
F1-VLA [47] 98.2 97.8 954 913 95.7
AffordanceVLA (w/o stagell) 88.5 91.7 913 73.3 86.2
AffordanceVLA (full) 98.6 984 96.2 89.8 95.8

Table 2 Quantitative Results on CALVIN ABC—D. Success rates (%) are reported for completing 1 to 5 consecutive
language-conditioned tasks over 1000 rollouts. Best results are bolded.

Completed Tasks (%)

Method Avg. Len
1/5 2/5 3/5 4/5 5/5
RoboFlamingo [40] 824 619 46.6 33.1 23.5 2.48
SuSIE [3] 87.0 69.0 49.0 38.0 26.0 2.69
GR-1 [70] 85.4 71.2 59.6 49.7 40.1 3.06
OpenVLA [29] 91.3 778 62.0 52.1 43.5 3.27
CLOVER [5] 96.0 83.5 70.8 57.5 454 3.593
UniVLA [6] 95.5 858 754 66.9 56.5  3.80
Pi0 [4] 93.8 85.0 76.7 68.6 60.1 3.84
Seer [63] 944 872 799 722 643  3.98
VPP [22] 95.3 88.2 80.3 729 645 4.0l
Seer-Large [63] 96.3 91.6 86.1 80.3 740 4.28

AffordanceVLA (w/ostagell) 93.4 84.7 754 68.1 58.9 3.81
AffordanceVLA (full) 96.8 92.0 875 80.8 75.9 4.33

the model effectively isolates task-relevant semantics from raw control signals, preventing the representation
collapse that typically plagues VLA models under limited supervision. While AffordanceVLA excels on the
Spatial, Object, and Goal suites, the margin narrows on LIBERO-Long (89.8%), suggesting that extremely
long-horizon sequential tasks would further benefit from explicit long-term memory—a limitation shared
across current VLAs that we revisit qualitatively in our real-world long-horizon study (Table 5).

4.1.3 CALVIN ABC—D Benchmark.

As shown in Table 2, AffordanceVLA (full) achieves strong performance with an Average Length of 4.33,
completing 5 consecutive tasks in 75.9% of the rollouts—competitive among recent VLAs on this challenging
zero-shot OOD protocol. This margin directly answers Q1: compared to redundant dense visual forecasting,
our structured affordance prediction explicitly filters out superficial scene correlations. By forcing the model
to focus purely on task-critical entities, interaction regions, and spatial layouts, the perception-action mapping
becomes highly resilient to novel visual disturbances. Crucially, the substantial performance jump from
AffordanceVLA (w/o stage I1) (3.81) to our full model (4.33) highlights the absolute necessity of the Stage II
progressive training strategy. It systematically accumulates generic world knowledge, preventing overfitting to
training environments (Q3). Furthermore, this OOD robustness is safeguarded by the MoT architecture (Q2).
Its attention mechanism ensures that the generalized semantic representations learned during Stage I and II
are strictly protected from high-frequency control policy updates in Stage III, thereby smoothly unlocking
strong generalization.
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4.2 Ablation Studies

To systematically isolate the contributions of our proposed components and answer the questions posed
in Section 4, we conduct comprehensive ablation studies on the LIBERO [43] and CALVIN ABC—D [4§]
benchmarks. As shown in table 3, we evaluate our framework from the following three perspectives:

4.21 Architecture Design & Training Strategy.

First, we investigate the necessity of the Affordance Generation expert and our three-stage training strategy,
specifically addressing Q2 and Q3. A natural concern is where the improvement truly originates—the high-
quality data, the added supervision density, or the structured representation itself. To disentangle these
competing explanations, we design a set of controls that each hold one factor fixed; we name them explicitly
for clarity.

(i) Data-Only Control (No-Afd, PiO Arch). We train a plain Pi0 architecture on the same Stage II InternData-A1l
data without the affordance objective or the Affordance Generation expert, isolating the effect of high-quality
robotic data alone. It improves only marginally over the vanilla Pi0 baseline (LIBERO 92.4%, CALVIN 3.93
vs. Pi0’s 3.84) and remains far below the full model. Hence the gain cannot be attributed to data volume per
se—data alone is insufficient to bridge the spatial gap.

(i) Frozen-Representation Control (Frozen-Afd). Freezing the Affordance Generation expert after Stage I—i.e.
treating affordance as a fixed external prior fed to the Action expert—triggers a severe collapse (LIBERO
67.1%, CALVIN 2.83). This confirms that affordance must be co-optimized with the control policy: a statically
pre-trained representation cannot adapt to the embodied control space, reproducing exactly the structural
mismatch we set out to resolve, and sharply distinguishing our internalized affordance from prior external-cue
pipelines.

(iii) Stage-1l Ablation (w/o Stage Il). Skipping the affordance-augmented co-training markedly hurts Out-of-
Distribution (OOD) generalization (CALVIN 3.81), evidencing the role of large-scale, affordance-centric
robotic data as an inductive bridge between broad vision-language understanding and task-specific embodied
control (Q3).

Taken together, controls (i) and (ii) directly answer Q2: it is the decoupled, jointly-optimized MoT design—not
merely more data nor an off-the-shelf affordance module—that prevents representation collapse and unlocks
the gains.

Table 3 Ablation Study on LIBERO and CALVIN ABC—D Benchmarks. We report success rates (%) and their averages on
four LIBERO task suites. On CALVIN, we report the success rates for multi-step task sequences (1/5, 3/5, 5/5) and
the average completed chain length (Avg. Len). The best results are in bold.

LIBERO (Success Rate %) CALVIN ABC—D
Method Spatial Object Goal Long Avg. | 1/5 3/5 5/5 Avg. Len
Architecture Design & Training Strategy
No-Afd (Pi0 Arch) 96.0 95.4 924 858 924|945 780 62.8 3.93
Frozen-Afd 68.0 71.1 664 629 67.1|853 559 26.3 2.83

AffordanceVLA w/o stage II ~ 88.5 91.7 913 733 86.2|934 754 589 3.81

Affordance Representation

w/0 Which2Act 97.5 97.6 950 88.1 94.6|96.7 833 721 4.20

w/0 Where2Act 95.5 96.0 934 88.0 932|962 819 6938 4.13

w/o How2Act 96.1 96.5 939 882 93.7|950 794 659 4.01
Attention Mechanism for Affordance

Block-wise Tokens 92.4 92.9 89.8 86.0 90.3 | 94.1 771 61.7 3.89

AffordanceVLA (full) 98.6 98.4 96.2 89.8 95.8 | 96.8 87.5 75.9 4.33
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4.2.2 Affordance Representation.

Next, we ablate the internal affordance representation to validate our structured forecasting strategy, aiming
to answer Q1. 1) Removing the Which2Act module deprives the model of explicit object-centric grounding,
making it susceptible to background distractions and reducing the CALVIN average length from 4.33 to 4.20.
2) Eliminating the Where2Act prediction removes precise 2D interaction localization, heavily impacting tasks
requiring fine-grained manipulation and dropping the LIBERO average to 93.2%. 3) Discarding the How2Act
module strips the agent of 3D geometric and spatial-layout reasoning, causing a clear performance decay (4.01
on CALVIN) during complex 6-DoF execution. Importantly, removing any single head yields only a graceful
degradation rather than a catastrophic collapse. This is direct evidence that the three sub-modules are not
chained as a brittle Which—Where—How pipeline in which an upstream error deterministically propagates;
instead, they are jointly refined under a shared instruction-aware representation and consumed together by
the Action expert (Section 3.1). We further observe that How2Act’s benefit is comparatively modest under
the simple tabletop, two-finger settings of LIBERO/CALVIN, yet becomes pronounced on complex real-world
6-DoF interactions (Table 5), precisely where 3D shape and layout priors are most valuable. The progressive
synergy of these three components—integrating information from coarse to fine granularity and from 2D to 3D
representations—is key to our strongest results, firmly establishing that structured affordance forecasting serves
as a more effective intermediate representation (Q1). Detailed analysis about the effectiveness of affordance
subgoals can be found in the supplementary material.

4.2.3 Attention Mechanism for Affordance (Same-Density Control).

As mentioned in Section 3.1.4, bidirectional intra-expert
attention ensures thorough contextual fusion within the
Affordance Generation expert. This mechanism also en-
ables our most pointed control for the representation wvs. Method Stagel Stagell Stage Il
supervision-density question: the Block-wise Tokens vari-

Table 4 Training Configurations of Methods on Data
Efficiency Analysis.

ant keeps the affordance losses and the data—and therefore * * Phased
the total supervision density—exactly identical, and only (Sk~-Full)
replaces the bidirectional attention with a causal scheme No-Afd x  Action loss  Phased
so that the three modules (Which2Act, Where2Act, and (Pi0 Arch) Only  (5k~Full)
How2Act) are strictly prohibited from cross-attending to AffordanceVLA VQA x Phased
each other. This degenerates the organic affordance repre- (w/ostagell)  Afford. (5k~Full)
sentation into three independent, equally-dense auxiliary AffordanceVLA VQA  Act loss + Phased
tasks. As shown in Table 3, this single change causes a (Full) Afford.  Afdloss (5k~Full)

sharp decline to 90.3% on LIBERO and 3.89 on CALVIN.
Because the supervision density is held constant, this directly
rules out the “multi-task density” explanation: what drives 4.5 -
the gain is the structured, jointly-refined representation,

not the mere addition of more loss terms. The drop further

reveals a strong implicit dependency among the affordance 4.0+
dimensions—robust spatial localization relies on accurate
object grounding, and 3D structural reasoning builds upon

CALVIN ABC-D

2D interaction points. The shared attention lets the three EICJ 3.5
heads “promote each other”, yielding a unified and coherent &
perception—prediction representation. Z

3.07
4.2.4 Data Efficiency. 24 Pi0 (Finetuned)

== No-Afd (Pi0 Arch)

We evaluate data efficiency by scaling the downstream 1 AffordanceVLA (w/o stage II)
fine-tuning data from 10% to 100%; the four training con- AffordanceVLA (full)
figurations under comparison are summarized in Table 4, 0 20 40 60 100
and the corresponding curves are reported in Figure 3. Data Proportion (%)
Initial distribution shift. At the extreme low-data regime Figure 3 Data Efficiency Curve.

(10%), the vanilla PiO starts strong thanks to its original
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pre-trained weights, whereas all models that undergo specialized pre-training—No-Afd, AffordanceVLA (w/o
stage Il), and the full AffordanceVLA—Dbegin lower. This dip is an expected consequence of the temporary
weight misalignment introduced by their respective pre-training stages.

Why AffordanceVLA surges. Despite this initial shift, the full model exhibits a rapid surge and superior
sample efficiency: with only 40% of the fine-tuning data, it already attains ~92% on LIBERO and an average
chain length above 4.0 on CALVIN, shattering the ceiling of the fully fine-tuned Pi0. We attribute this to
the structured affordance representation (Which2Act + Where2Act + How2Act), which decomposes the
perception—action mapping into interpretable sub-problems, so that each additional sample supervises not
only the final action but also object grounding, spatial localization, and 3D geometric reasoning—effectively
multiplying the learning signal per sample.

Ablation trajectories. The recovery trajectories of the ablations are equally telling. No-Afd recovers slowly
and struggles to clearly surpass the original PiO, indicating that robotic pre-training data alone offers limited
downstream scalability without affordance structure; AffordanceVLA (w/o stage Il) suffers the most severe
shift and the slowest recovery, reaffirming Stage II as an indispensable bridge between broad vision—language
alignment and sample-efficient embodied adaptation.

The takeaway. Rather than reading this as a deficiency of any baseline, we read it as a statement about
representation: the datasets themselves are not the bottleneck—the representation is. Architectural innovation
that structurally grounds manipulation through affordances is what converts additional data into proportional
gains, so that architecture, representation, and data quality become mutually amplifying rather than mutually
substitutable.

Architecture unlocks data potential: Pi0 saturates while we break its ceiling at 40% data—architecture x
representation X data are mutually amplifying.

4.3 Real-world Experiments
4.3.1 Basic Task Performance.

To bridge the sim-to-real gap, our policies are initially pre-trained on the part of DROID dataset [28] and
detailed experimental setups are provided in the supplementary material. As shown in Table 5, AffordanceVLA
exhibits strong generalizability in Basic Tasks, achieving an average success rate of 88.3% and consistently
outperforming the Pi0 [4] baseline across diverse objects, spatial relations, and semantic categories (e.g., color,
shape).

4.3.2 Instruction Sensitivity via Affordance Grounding.

To verify the sensitivity of our V-L bridge under severe visual aliasing, we evaluate Complex Tasks like
Drawer and Toaster (Fig. 4). Given identical initial visual observations but distinct instructions (e.g. “pick”
vs. “close”), AffordanceVLA decisively outperforms Pi0. For instance, our model achieves 86.7% and 100.0%
success rates in the Drawer (pick) and Drawer (close) tasks, compared to Pi0’s 46.7% and 40.0%, and reaches
an aggregate complex-task average of 82.9% versus Pi0’s 44.8%. Crucially, because the two policies share
identical visual inputs and differ only in language, this gap isolates instruction-following fidelity from visual
perception. It thus provides concrete empirical support for our hypothesis (discussed below) that affordance
supervision preserves the VLM’s vision—language ability rather than letting it be eroded by the action loss:
by unambiguously grounding concise linguistic intents into highly localized affordance heatmaps, our model
reliably disambiguates the required action.

4.3.3 Emergent Long-Horizon Execution via Intent Enrichment.

The continuous Pick all the rubbish task demonstrates how Affordance Subgoals compensate for the lack
of explicit long-term planning architectures. By dynamically re-evaluating the workspace, our single-frame
model generates sequential visual targets to translate broad instructions into continuous execution. While
Pi0’s performance sharply degrades by the 3rd execution (6.7%), AffordanceVLA maintains a robust 46.7%
success rate. Furthermore, our affordance-driven approach drastically improves execution efficiency, reducing
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Table 5 Results on Real-world Tasks. We report the average success ratio (%) over 15 trials per task. Tasks are categorized
into Basic and Complex scenarios. The best results are denoted in bold.

Method Task-specific Success Rates Average

Basic Real-world Tasks

Close Pick up (Color) Pick up (Shape) Pick up
microwave safe  red green duck  banana flower bear

Pi0 [4] 86.7 86.7  80.0 80.0 26.7 73.3 53.3 80.0 70.8
AffordanceVLA 93.3 100.0 86.7 80.0 86.7 86.7 80.0 93.3 88.3

Complex Real-world Tasks

Drawer Toaster Pick all the rubbish
pick close pick  toast  1st (1) 2nd (1) 3rd (1) Empty ({)

Pi0 [4] 46.7 40.0  46.7 26.7 93.3 53.3 6.7 33 44.8
AffordanceVLA 86.7 100.0 80.0 86.7 100.0 80.0 46.7 1" 82.9

Microwave Close Microwave )
. w— Pick All

" ' b ' -y Al o The Rubbish
G ‘ MAX trail: 15 times

Toast The
Bread with
oaster Button

Close(Push) 1 = Pick The Item' . Pick The
The Drawer in Drawer Bread

Task 1 : Task 2| | Task 1 = Task 2

Figure 4 Real-World Experiment Visualizations. Top: Qualitative results for Basic tasks. Bottom Left: Visualizations of
Where2Act token in the Drawer and Toaster tasks. Right: Sequential execution of the continuous Pick all the rubbish
task.
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total redundant actions (Empty Picks) to 11 versus Pi0’s 33. This intent enrichment empowers the model to
naturally exhibit long-horizon capabilities.

4.3.4 Why Does Affordance Help? A Discussion.

A closer look at the failure modes is revealing. In the Toaster task, Pi0 performs poorly (toast 26.7% vs. our
86.7%), and its bad cases concentrate almost entirely at the button-pressing step: instead of extending to
press the button, it frequently closes the gripper as if still executing a pick-and-place, largely disregarding the
“press the button” instruction. This exposes that Pi0, even after real-trajectory fine-tuning, still suffers from
weak instruction following—its behavior is driven by the dominant action prior rather than by the language
command.

We offer an intuition—admittedly a hypothesis rather than a proven mechanism—for why affordance grounding
alleviates this. In an action-only VLA such as Pi0, the low-level action loss is back-propagated directly
into the VLM backbone; this signal is arguably neither sufficiently informative nor well-aligned with the
VLM’s vision—language semantics, and may gradually erode the instruction-following ability that large-scale
pre-training endowed. Recent strong generalist policies appear to mitigate this implicitly: 7y 5 [24] and
mo.7 [25] introduce structured intermediate supervision (e.g. discrete action tokens or bounding boxes) that is
used only during training and not decoded at deployment, plausibly acting as a semantic anchor that keeps
the backbone from drifting under the control objective. We conjecture that affordance plays a similar—and
arguably more natural—role: as an intrinsic vision—language—action bridge, its training signal stays close to
the VLM’s semantic space, anchoring the backbone while still directly serving action. This is consistent with
our Drawer and Toaster results, where AffordanceVLA responds correctly to the language command under
identical visual observations while Pi0 does not. We stress that this anchoring account is an interpretive
hypothesis meant to guide intuition, not a claim backed by direct mechanistic evidence.

Hypothesis. We conjecture that affordance acts as a structured semantic anchor: rather than letting the
low-level action loss reshape the VLM directly, the affordance objective—being close to vision-language
semantics—helps preserve the backbone’s instruction-following ability, in spirit with the train-only
intermediate cues adopted by recent strong VLAs.

5 Conclusion

In this work, we present AffordanceVLA to bridge the structural gap between the semantic space of Vision-
Language Models and the 3D physical requirements of embodied control. Instead of relying on direct
end-to-end mappings or redundant visual foresight, our framework adopts affordances as a task-oriented
intermediate representation and decomposes affordance forecasting into Which2Act, Where2Act, and How2Act.
With a Mixture-of-Transformer architecture and a progressive data curriculum, AffordanceVLA achieves
strong, competitive performance on LIBERO, CALVIN, and real-world experiments, demonstrating strong
generalization and robust reasoning. Future work will explore explicit temporal modeling as well as extensions
to bimanual and deformable object manipulation.
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Appendix

Outline In this supplementary material, we provide additional details and extra experimental results to
support the main manuscript:

1. Section A: The Effectiveness of Affordance Subgoals
e Section A.1: Quantitative Validation of Subgoal Representations
e Section A.2: Representation Decoupling: Backbone vs. Decoder
e Section A.3: Qualitative Analysis of Affordance Grounding
2. Section B: Model Variants and Design Choice Details
e Section B.1: Design Insight
e Section B.2: Which2Act Redesign
e Section B.3: Model Variants
3. Section C: Data-Centric Methodology
e Section C.1: Data Quality as the Performance Ceiling
e Section C.2: Affordance Annotation Pipeline
Section D: Dataset Details
Section E: Training Details

Section F: Inference Latency

NS e

Section G: Real-World Experiments Details and Extra Experiments

A The Effectiveness of Affordance Subgoals

In this section, we comprehensively evaluate the proposed affordance subgoals, Which2Act, Where2Act, and
How2Act, to verify two core hypotheses: first, the three Affordance Query tokens successfully extract crucial
task-relevant information (i.e., each predictive head functions effectively); second, these learned representations
genuinely provide substantial guidance for downstream action generation. All quantitative evaluations are
conducted on the Unseen PRISM subset, comprising 1,000 validation samples excluded from the Stage I
training phase.

A.1 Quantitative Validation of Subgoal Representations

To ascertain that the three subgoals successfully capture the requisite semantic and geometric information,
we adopt a set of targeted metrics, evaluated on the Prev (VQ-VAE) variant (Table 6). For Which2Act and
How2Act Shape, we utilize Token Accuracy (Token Acc), which calculates the mean element-wise match
between the predicted logits and the ground truth codebook indices. For Where2Act, we report the AUC-ROC
score. Unlike MSE or KLD, AUC-ROC is threshold-free and robust against the vast zero-value regions typical
of sparse backgrounds, making it well-suited for affordance prediction. For the How2Act Layout, we measure
the Rotation Angular Error (Rot Error) using the geodesic angular distance, the Translation L2 Distance
(Trans L2) in meters, and the Scale Relative Error (Scale Rel) as a percentage.

As illustrated in Fig. 5a and Fig. 5b, all three affordance query tokens successfully extract crucial environmental
context, substantially outperforming random baselines. Notably, while Which2Act and Where2Act achieve
near-perfect performance, the absolute accuracy for the How2Act Shape token is comparatively lower. This
aligns with the intrinsic difficulty of reconstructing high-fidelity 3D voxels from highly compressed tokens
within the VLA backbone.
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(b) Quantitative Results for How2Act Layout Tokens.

Figure 5 Comprehensive Quantitative Evaluation of Subgoal Tokens. Our models demonstrate effective acquisition of
task-relevant semantics and 3D spatial reasoning capabilities across all metrics.

However, this limitation does not impede downstream control. The generated 3D representations sufficiently
capture essential task progression characteristics—such as the coarse physical structure of the manipulated
object and the anticipated interaction modality—serving as effective explicit planning targets for the Action
Expert. Furthermore, our extra ablation studies reveal that without Which2Act and Where2Act, the model
experiences a severe performance degradation, with the LIBERO average success rate dropping to 11.8%.
This underscores that Which2Act and Where2Act provide critical implicit object-centric priors (functioning
similarly to bounding boxes or segmentation masks in traditional explicit 3D models) that facilitate the
learning of How2Act. Conversely, the successful convergence of How2Act further corroborates that Which2Act
and Where2Act have indeed learned robust grounding capabilities. This reciprocal relationship strongly
validates our architectural design, demonstrating that the three tokens operate synergistically to comprehend
the manipulation scene.

A.2 Representation Decoupling: Backbone vs. Decoder

To confirm that the subgoals genuinely facilitate action generation rather than merely overfitting a high-capacity
decoder, it is imperative to verify that the subgoal losses primarily optimize the backbone representations. To
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Figure 6 Backbone Representation Evaluation. Performance of a fully trained VLA backbone (100k steps) when evaluated
with decoders trained for fewer steps (5k to 100k). The backbone maintains robust feature extraction even when paired
with a weakly trained decoder.
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Figure 7 Qualitative Visualization of Where2Act Affordance Maps. The model demonstrates robust Vision-Language
alignment, dynamically adjusting its affordance predictions based on varying language instructions given the identical
visual observation.

this end, we design a decoupling experiment: we freeze our Stage II backbone (trained for 100k steps) and
evaluate its feature extraction quality using decoders trained with varying, lower step counts (from 5k to 100k
steps).

As shown in Fig. 6, even when paired with an under-trained decoder, the fully trained backbone still extracts
highly meaningful affordance features. The performance exhibits a stable, monotonic increase as the decoder
steps align with the backbone, rather than catastrophically failing under the weak decoder’s evaluation. This
confirms that the VLA backbone itself intrinsically assimilates the affordance representations to guide actions.

A.3 Qualitative Analysis of Affordance Grounding

To intuitively illustrate the model’s grounding capabilities, we visualize the Where2Act Affordance Maps in
Fig. 7.

We specifically design a Vision-Language (V-L) bridging experiment: given an identical visual observation, we
alter the language instruction (L). The generated affordance map dynamically adapts to L, indicating that our
model deeply comprehends V-L alignment rather than merely relying on visual salience biases. Furthermore,
the model exhibits strong robustness; semantically similar commands consistently yield highly correlated
affordance heatmaps, whereas divergent commands elicit clean and precise shifts in the affordance focus.
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B Model Variants and Design Choice Details

B.1 Design Insight

A central insight of this work is that blindly scaling up data fails to mazximize the intrinsic power within
the datasets. Through extensive experiments, we observe that Vision-Language-Action (VLA) models are
fundamentally representation learning systems—their performance ceiling is jointly determined by the quality
of both the learned representations and the training data, not merely the quantity of data. This insight drives
our design of AffordanceVLA, which centers on a conceptual bridge supported by two key technical design
details:

1. Affordance as an intermediate bridge: At the conceptual level, we introduce affordance as a structural
bridge to link visual perception with robotic execution.

2. Design detail I: Architectural refinement: To support high-fidelity affordance representations, we transition
from a discrete VQ-VAE to a continuous Flux VAE for Which2Act supervision. This shift eliminates
codebook quantization artifacts and enables the capture of finer-grained visual cues essential for precise
manipulation.

3. Design detail II: Data quality investment: To ensure the architectural capacity is grounded in accurate
knowledge, we curate high-quality datasets (InternData-Al and DROID) and implement a rigorous
automated annotation pipeline. This ensures near-perfect accuracy in affordance labels.

The synergy of this bridge-centric architecture and its supporting technical details is what enables Affor-
danceVLA to break through performance ceilings that data scaling alone cannot overcome (as validated by
the data-efficiency analysis in the main text, Section 4.2).

B.2 From VQ-VAE to Flux VAE: Which2Act Redesign

In our preliminary version (denoted Prev), Which2Act supervision relied on a frozen multi-scale VQ-VAE
encoder. The VQ-VAE’s discrete codebook structure imposes a hard constraint on the token count N,o;:
specifically, v/ N9 must lie within the predefined scale list {1,2,3,4,5,6,8,10,13,16}. To achieve sufficient
spatial resolution, we set /N, = 8, requiring N,,0; = 64 tokens. However, with N = 64 tokens and a fixed
total latent dimension of 16,384 floats (from the 256 x 256 input), each token’s projection target is only
Dyproj = 16,384/64 = 256 dimensions—far below the Generation Expert’s hidden size Dgen, = 1024. This forces
the projection head to compress each token by 4x, squandering the expert’s representational capacity.

In AffordanceVLA, we replace VQ-VAE with a frozen Flux VAE encoder that produces continuous latents
zq € RBX16x32x32 (16 384 floats total; 16 channels with 8x spatial downsampling of the 256 x 256 crop).
With continuous targets and MSE supervision, the token count N,o9; is freed from codebook constraints. We
identify N,o; = 16 as one choice because:

16,384 16,384
Nyor 16

Dproj = = 1024 = Dygey (7)

At this configuration, the projection head performs an equal-dimension nonlinear transform (Dgen — Dproj)
with zero information compression or expansion, maximizing the per-token representational utility. Increasing
the token count merely fragments the same information across more tokens while inflating the shared attention
cost; decreasing it forces each token to carry a larger projection burden, requiring lossy expansion.

B.3 Model Variants

We have three model configurations, summarized in Table 6. At each scale, an optional set of wrist
tokens—which shares the same decoder architecture and weights as Which2Act—can be appended, supervised
by the full wrist camera image. In practice, the wrist token yields marginal improvement and occasionally
weakens performance; we therefore treat it as optional and exclude it from the main results.
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Table 6 AffordanceVLA model variants. Ngcn is the total number of Affordance Generation expert tokens (excluding
the optional Wrist group). Prev uses a frozen VQ-VAE with discrete codebook supervision (CrossEntropy), requiring
VNu2 € {1,...,16} (hard constraint). AffordanceVLA-fast and AffordanceVLA use a frozen Flux VAE with continuous
latent supervision (MSE), freeing the token count from codebook constraints.

Variant Which2Act Where2Act ﬂ Ngen Which2Act
Shape Layout Encoder
Prev 64 16 30 2 112 VQ-VAE
AffordanceVLA-fast 16 16 30 2 64 Flux VAE
AffordanceVLA 64 64 256 4 388 Flux VAE

Token allocation analysis. For Where2Act, tokens are decoded into a heatmap via Transformer cross-attention.
For How2Act Shape, the decoder must condition a 3D diffusion process to reconstruct a 163 voxel latent. The
conditioning pathway applies mean-pooling over shape tokens. While this bottleneck limits instance-level 3D
fidelity, it suffices for encoding categorical shape priors (“cup-shaped” vs. “plate-shaped”) that meaningfully
guide downstream action generation. The AffordanceVLA variant allocates 256 shape tokens, providing
a richer upstream representation that the mean-pooling aggregates more informatively. How2Act Layout
regresses a compact 10D vector (rotations + scales + translationg); even 2 or 4 tokens with mean-pooling are
sufficient.

C Data-Centric Methodology

C.1 Data Quality as the Performance Ceiling

Since VLA is fundamentally representation learning, the quality of training data directly determines the
model’s performance ceiling: if the supervision signals are noisy or inconsistent, the learned representations
will be fundamentally flawed regardless of model capacity. This principle guides our dataset selection and
annotation strategy:

Dataset selection. For Stage II co-training, we only use the full InternData-A1l simulation dataset, renowned
for its photorealistic pixel-level rendering quality across diverse manipulation tasks (basic, pick-and-place,
and long-horizon categories). For real-world post-training, we select a curated subset of the DROID dataset,
a large-scale in-the-wild robot manipulation corpus collected across diverse real-world environments with
consistent high-quality demonstrations. Building upon the Stage II co-training, this phase serves as a
critical intermediate step designed to enhance the model’s generalization in diverse real-world settings before
proceeding to final In-house trajectory fine-tuning. By exposing the model to the rich physical priors in DROID,
we effectively bridge the sim-to-real gap, ensuring a more robust transition from large-scale pre-training to
specific downstream tasks.

Annotation quality guarantee. Crucially, our affordance annotation pipeline (detailed in Section C.2) achieves
near-perfect accuracy on both Al and DROID, precisely because these datasets provide clean, high-resolution
observations that enable reliable visual grounding. This creates a positive propagative effect: high-quality
source data — high-quality annotations — high-quality representations — superior downstream performance.

C.2 Affordance Annotation Pipeline

Stage II (A1) and Stage III (LIBERO, CALVIN, DROID) robot datasets do not natively contain affordance
annotations (bbox, heatmap, shape token, layout token). We design a fully automated annotation pipeline
to generate high-quality affordance supervision for these datasets. For Stage I datasets, the derivation of
affordance supervision varies according to their native annotations. AGD20K inherently provides highly
accurate, manually annotated affordance heatmaps. In contrast, PRISM and RefSpatial lack native heatmaps.
Since our downstream training requires heatmaps rather than explicit point coordinates, we synthesize them
utilizing their available native labels. Specifically, for RefSpatial, we prompt SAM within its native bounding
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boxes to obtain fine-grained segmentation masks, and subsequently generate Gaussian affordance heatmaps
centered at the native interaction points, strictly bounded by these masks. For PRISM, which lacks bounding
boxes but offers exceptionally precise interaction points derived from real-world robotic manipulation, we
directly prompt SAM using these points to segment the interacted object parts, which serve as the masks for
heatmap generation. Finally, we augment all Stage I data with SAM-3D-generated shape and layout tokens.

C.2.1 Step 0: RexOmni Fine-Tuning.

While the open-source visual grounding model RexOmni natively possesses robust, general-purpose object
detection and spatial pointing capabilities, we fine-tune it on the PRISM dataset to strictly adapt these skills
for robotic manipulation scenarios. Originating from the GraspMolmo project, PRISM provides large-scale
annotations of robotic grasp points and target bounding boxes across diverse tabletop settings. Rather than
learning these concepts from scratch, this fine-tuning process specifically aligns RexOmni’s strong visual
grounding priors with the rigorous geometric and physical requirements of robotic affordance localization.
Specifically, it enhances the model’s ability to produce geometrically consistent outputs: the bounding box
identifying the target object and the key interaction point indicating where to act.

C.2.2 Step 1: Rule-Based Keyframe Detection.

For each trajectory, we extract semantically meaningful keyframes from the robot state signal (joint positions,
gripper states) using six complementary detection rules, inspired by BridgeVLA:

e Start: The first frame of the trajectory, capturing the initial scene configuration.

e Pre-Action: N frames before each gripper state change (N=30 by default). This “approach phase”
captures the visual observation most indicative of where to act, as the robot is oriented toward but has
not yet contacted the target.

e Gripper: The exact frame where the gripper’s open/close state flips, marking the precise grasp or release
event.

e Stop: Frames where all joint velocities fall below threshold (||¢;|| < €, €=0.01) while the gripper state
remains stable across neighboring frames. These correspond to mid-trajectory pauses, typically at
sub-task transitions (e.g., stabilization after placement).

e Apex: Frames where the joint velocity norm is a local minimum with e < ||¢|| < 5e. These capture
trajectory turning points where the motion direction reverses (e.g., transitioning from approach to
retraction).

e End: The frame M steps before the trajectory end (M=25), avoiding potentially unstable or static
trailing frames.

All detected keyframes are sorted chronologically, and pairs separated by fewer than 10 frames are merged
(retaining the later index and aggregating reason labels) to eliminate redundancy.

C.2.3 Step 2a: Instruction Decomposition via a Text LLM (Claude Opus 4.5).

A long-horizon command (e.g. “Pick up the red cup and put it on the shelf”) spans multiple primitive
interactions, each aligned to a different keyframe. We therefore first decompose it using a text-only large
language model, Claude Opus 4.5. The LLM receives the original instruction together with the ordered
keyframe-meaning sequence from Step 1 (each keyframe tagged by its semantic role, e.g. Pre-Action, Gripper,
Stop), and returns one atomic sub-instruction per keyframe that is temporally consistent with the keyframe
roles. The exact template is shown in PromptA.

Prompt A — Instruction Decomposition (Claude Opus 4.5, text-only LLM)

Role. You are an expert robotic-manipulation annotator.

Task. Decompose a long-horizon instruction into atomic, single-interaction sub-instructions—one per keyframe—
that together accomplish the task. Each sub-instruction must describe exactly one primitive interaction (a single
grasp, place, push, or release), respect the temporal order and the semantic role of its keyframe, and introduce no
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step that is not implied by the original instruction.

Inputs.

e Original instruction: [original_instruction]

e Keyframe-meaning sequence: [(index, role), ...]

Output (strict JSON). A list aligned to the keyframes; each item is {"keyframe_index": [int], "sub_instruction":

[str]}.

C.2.4 Step 2b: Per-Keyframe Affordance Annotation via a VLM (Qwen3-VL).

Given the per-keyframe sub-instructions, we then query our deployed Qwen3-VL-235B [74| multimodal model
on each keyframe image to emit the two expressions that drive grounding. To remain compatible with the
downstream grounding model, the prompt follows RexOmni [26] conventions: concise category names for
detection and “where-to” referring expressions for pointing. Crucially, the VLM is conditioned on the full
context—the original instruction, the keyframe-meaning sequence, the current keyframe index, the current
keyframe meaning, and the sub-instruction from Step 2a—which disambiguates the intended target far more
reliably than the keyframe image alone. The template is shown in Prompt B, and it produces:

1. Detection category: the single most specific target the gripper directly contacts at this keyframe (e.g.
“drawer handle” rather than “drawer” for grasping, “shelf surface” for placing, or “button” for pushing),
focusing on the localized interacting region.

2. Affordance instruction: a spatial “where” reformulation of the action intent (e.g. “Where to grasp the
drawer handle to open it?”, “Where to place the cup securely on the shelf?”, or “Where to push the
button?”).

These two expressions respectively drive the Which2Act (what object) and Where2Act (where to interact)
supervision signals.

Prompt B — Per-Keyframe Affordance Annotation (Qwen3-VL, RexOmni-style)

Role. You prepare prompts for RexOmni, a detection-and-pointing model driven by category names and referring
expressions.

Task. For the current keyframe, output (i) the single most specific target part the gripper directly interacts with,
and (ii) a spatial “where-to” affordance query for that interaction. Follow RexOmni conventions: the detection
category is a concise noun phrase (e.g. “drawer handle”, not “drawer”); the affordance instruction is a referring
expression of the form “Where to [verb] the [target] to [goal]?”.

Inputs.

e Original instruction: [original_instruction]

e Keyframe-meaning sequence: [(index, role), ...]

e Current keyframe index: [int]

e Current keyframe meaning: [role]

e Sub-instruction: [sub_instruction]

e Current keyframe image: [image]

Output (strict JSON). {"detection__category": [str], "affordance_instruction": [str]}.

Note. The prompts shown above are illustrative examples; the complete dataset-specific prompt templates are
implemented in the data-preprocessing module of our codebase, and the resulting preprocessed annotations
will also be made publicly available.

C.2.5 Step 3: Visual Grounding and Affordance Generation.

The two instruction types from Step 2 are fed to the fine-tuned RexOmni in dual modes: detection categories
— detection mode — bbox; affordance instructions — pointing mode — affordance point. From the resulting
bbox and point, we generate the full affordance annotation:

1. Visual latent (Which2Act GT): We crop the observation according to the target bbox and extract a
continuous visual latent.

2. Heatmap (Where2Act GT): We run SAM within the bbox region to obtain a fine-grained segmentation
mask, then generate a Gaussian affordance heatmap centered at the affordance point and constrained
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by the mask boundary.

3. Shape token & Layout token (How2Act GT): The bbox crop and SAM mask are input to a SAM-3D service,
which produces a shape token € R*096%8 (3D voxel latent) and a layout token € R1? (rotationy + scales
+ translations).

C.2.6 Step 4: Rigorous Quality Verification.
We implement multi-level quality control to ensure annotation reliability:

1. Pipeline consistency — Point-in-Bbox verification: After running the full pipeline, we verify that 100%
of generated affordance points fall strictly within their corresponding bounding boxes. Only when
this spatial consistency check passes do we certify the pipeline as operationally correct, fundamentally
ensuring that the detection (bbox) and pointing (point) outputs are geometrically coherent. Successfully
passing this rigorous geometric coherence check not only certifies the operational correctness of the
pipeline but also serves as the definitive standard for verifying the RexOmni fine-tuning, ensuring
that its decoupled detection (bbox) and pointing (point) outputs are perfectly aligned for downstream
manipulation tasks.

2. Human audit — 100-round random sampling: We conduct 100 independent random sampling rounds,
each drawing 30 annotation samples for manual inspection. Only when all 100 rounds (totaling 3,000
inspected samples) achieve a 100% pass rate is the batch admitted into model training. This stringent
audit protocol eliminates systematic errors and edge cases, providing strong empirical evidence of
annotation quality.

D Dataset Details

Table 7 summarizes all datasets across training stages.

E Training Details

All training is conducted on a cluster of 16x NVIDIA H200 GPUs (141 GB HBM3e per card). Table 8
summarizes the hyperparameters across all stages. In Stage I, only the Affordance Generation expert,
Affordance Query, and all decoders are trained; the Understanding and Action experts remain frozen. In
Stage II and III, all experts and decoders are jointly trained end-to-end, with the vision encoder fine-tuned at
a lower learning rate.

F Inference Latency

Table 9 reports the inference latency breakdown for the AffordanceVLA model deployed on an NVIDIA RTX
5090 GPU (32 GB GDDRY).

G Real-World Experiments Details and Extra Experiments

Our real-world experiments are conducted on a 7-DoF Franka Emika Panda manipulator equipped with a
DH-Robotics PGC-140 parallel jaw gripper (50 mm stroke, 140 N grip force). Visual observations are captured
by two Intel RealSense D435 cameras (one fixed third-person view, one wrist-mounted) streaming RGB images
at 15 Hz. The robot connects to the host workstation via wired Ethernet.

To bridge the sim-to-real gap, the model is first pre-trained on a curated subset of the DROID dataset, then
fine-tuned on in-house demonstrations. During deployment, the model processes single-frame observations,
executing the first 5 steps from each predicted action chunk before re-planning.

To comprehensively evaluate our method, we design a diverse set of manipulation tasks. To highlight the
generalizability and robustness of our learned policy, we present a more complex task, “Clean all the rubbish”,
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Dataset Source Stage Embodiment FPS #Samples Type

PRISM GraspMolmo I - - 412K VQA (point + bbox)
AGD20K Public I - - 20K VQA (heatmap)
RefSpatial Public I - - 2500K VQA (bbox + heatmap)
A1 (InternData) In-house II Franka 30 149K Trajectory

LIBERO Public 111 Franka 20 - Trajectory

CALVIN Public III Franka 30 - Trajectory

DROID (subset) Public Real  Franka 15 ~150K Trajectory

Close microwave In-house Real  Franka 15 80 Trajectory

Close safe In-house Real  Franka 15 80 Trajectory

Pick up red cup In-house Real  Franka 15 80 Trajectory

Pick up green cup In-house Real  Franka 15 80 Trajectory

Pick up duck In-house Real  Franka 15 100 Trajectory

Pick up banana In-house Real  Franka 15 80 Trajectory

Pick up flower In-house Real  Franka 15 100 Trajectory

Pick up bear In-house Real  Franka 15 100 Trajectory

Pick The Item in Drawer In-house Real  Franka 15 100 Trajectory

Close the drawer In-house Real  Franka 15 100 Trajectory

Pick the bread In-house Real  Franka 15 100 Trajectory

Toast the bread In-house Real  Franka 15 150 Trajectory

Pick all the rubbish In-house Real  Franka 15 200 Trajectory

Table 7 Data statistics. Stage I datasets provide visual affordance annotations for grounding pre-training. Stage II
uses the full Al simulation dataset exclusively. Stage III fine-tunes on the target benchmark (LIBERO or CALVIN).
All Stage I-III robot data are augmented with automatically generated affordance annotations via our pipeline
(Section C.2); Stage I data are additionally augmented with SAM-3D-generated shape and layout tokens. The full
command for “Toast the bread” is “Toast the bread with toaster button”.

as shown in Figure 8. Notably, this figure also features a trial with explicit human intervention. The successful
recovery from dynamic external disturbances demonstrates that our closed-loop re-planning strategy enables
the robot to seamlessly adapt to unexpected changes in the environment.
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Figure 8 Sequential execution of the “Clean all the rubbish” task, alongside a demonstration of human intervention.
The policy’s ability to recover from external disturbances highlights its strong generalizability and robustness.
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Stage

Hyperparameters Stage | Stage ll Real-World
LIBERO CALVIN DROID
Batch Size (effective) 3,072 1024 256 256 1024 128
Learning Rate 5x107° 5x107° 5x107° 5x107° 5x107° 5x107°
LR Scheduler Cosine Constant  Cosine Cosine Constant  Cosine
Loss Weight (Afd : Act) - 05:1 0.15: 1 0.15:1 0.15: 1 0.15: 1
Training Steps 300K 230K - - 200K -
Training Epochs - - 20 20 - 40
Input Resolution 224 x 224 224 x 224 224 x 224 224 x 224 224 x 224 224 x 224
Which2Act Crop Size 256 x 256 256 x 256 256 x 256 256 x 256 256 x 256 256 x 256
Action Chunk Size - 30 6 6 30 50
Denoise Steps - 10 10 10 10 10

Table 8 Training recipe of AffordanceVLA on 16x NVIDIA H200 GPUs. The “Afd : Act” row reports the task-level
weight ratio Aaga:Aact between the aggregated affordance loss (“Afd”) and the action flow-matching loss (“Act”), with
Aact normalized to 1. The internal weighting among the four affordance sub-objectives is held fixed across all stages
at Awhich:Awhere:Ashape:Alayout = 0.1:0.1:0.1:0.04 (equivalently 5:5:5:2). In Stage I, the action loss is inactive (no

ground-truth actions).

Component Latency (ms)
Image preprocessing (resize + normalize) ~6
Phase 1: Image encoder (SigLIP) ~22
Phase 1: Understanding + Affordance Generation ~b52
Phase 2: x10 Action denoising (Euler flow matching) ~92
Misc (tokenization, state preparation) ~4
Total inference ~176

Table 9 Inference latency of AffordanceVLA on RTX 5090. The total inference time of ~176 ms enables real-time control

at ~5.7Hz. The robot is connected via wired Ethernet; reported numbers exclude communication delays.
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