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Abstract. A robot given a task description must identify not only what

to do, but also where the interaction is possible and how to approach the
object. We formulate this problem through task affordances, represented
as functional regions coupled with their local surface geometry. We show
that a frozen foundation vision model can provide this grounding signal
through a lightweight task-specific readout: a DINOv2 ViT-B/14 back-
bone with a 5.6M-parameter decoder trained from scratch (6.5% of the
backbone size). On the UMD Part-Affordance benchmark, our method
achieves a Jaccard score of 80.29 under the official evaluation proto-
col, improving over the previous best architecture by 4.4 points (82.92
without the normal prediction branch), while requiring neither object
detectors, bounding boxes, nor object identity. Beyond affordance seg-
mentation, the same model predicts a dense surface-normal field with a
mean angular error of 21.6◦, providing geometric cues that could support
interaction planning, without additional normal annotations. We further
study the role of affordance representations in vision-language-action
models: probing the humanoid VLA Ψ0 on 340 goal-level commands,
a linear classifier recovers the target affordance with 84.6% accuracy at
mid layers, while visual input adds up to 10.2 points over text alone.
These results suggest that ViTs can serve as perceptual interfaces for
VLA systems by grounding task descriptions into action-relevant areas.

Keywords: Affordance Segmentation · Vision Transformer · Robotics ·

Vision-Language-Action Models · Surface Normals · Computer Vision

1 Introduction

An object category label does not tell a robot what to do. A knife invites two
incompatible interactions: grasping its handle, cutting with its blade. Both those
actions need the functional region’s extent and the local surface orientation to
approach it. This is Gibson’s affordance [13], the minimal interface between
perception and planning; we use grasp packet to denote a perceptual output: a
task-selected region paired with a local approach-direction cue (Sec. 3). This new
representation also provides a target for future synthetic VLA pre/post-training.

⋆ Corresponding author: F. Dorati (francesco.dorati@mail.polimi.it)
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A decade of specialized architectures [3,10] has advanced affordance segmen-
tation, yet under a fair evaluation protocol the strongest method reaches only
75.86 Jaccard on UMD [2,3,23]. Rather than a new end-to-end network, we train
a compact readout (5.6M parameters) over a frozen self-supervised DINOv2 back-
bone [27], spending capacity only where the frozen prior is weak (token fusion,
a spatial-detail encoder, an imbalance-aware loss, equivariant supervision). This
attains the best result under the benchmark’s own scorer, and the same forward
pass also emits the approach geometry.

We argue this is the perceptual interface that vision-language-action models
(VLAs) [6, 35] need both at training and inference time. A fast-growing line of
work [18,24, 31, 34] already treats affordance as the intermediate representation
between goal-level language and low-level control, but trains it into the policy
while still consuming a where-to-act signal some module must produce. Our
grasp packet is produced by a light decoder on a frozen backbone, with no policy
retraining or robot data. A downstream policy could use the selected affordance
map and local normal as contact-region and orientation cues. We do not evaluate
grasp planning, execution, collision avoidance, or safety here. This presumes the
coupling is well posed and that a VLA already encodes the affordance even when
language never names it (“prepare the tomato” =⇒ cut). Probing VLA Ψ0 [32]
against its base VLM settles it: action pretraining grounds the affordance in the
image (+10 points); vision-language pretraining alone does not (+0.5).

Contributions:

1. A trained multi-task affordance network on UMD. A 5.6M-parameter
decoder over frozen DINOv2 reaches 80.29 Jaccard (Sec. 6) on the held-out
test split under the benchmark’s released scorer (+4.4 over M2F-AFF [3]).

2. The grasp packet: segmentation and local geometry from one for-

ward pass. From the same forward pass, we predict a dense surface-normal
field that can serve as a local orientation cue. Its 21.6◦ mean error is within
a few degrees of a 15.5◦ depth-supervision consistency estimate; VLA ma-
nipulation improvement is not evaluated here, but is planned as future work.

3. A probing method and findings for VLA affordance grounding.

With matched text-/image-only controls affordances are linearly decodable
from frozen Ψ0 embeddings (up to 84.6%), and visual input adds up to 10.2%
over the instruction-only condition. This affordance awareness contribution
emerges from action post-training, not vision-language pretraining (Sec. 7.1).

2 Related Work

2.1 Affordance Segmentation

The UMD Part Affordance dataset [23] remains the reference benchmark for
part-level affordance segmentation: ∼30K RGB-D turntable images of 105 tool
instances in 17 categories, pixel-annotated with seven affordance classes (grasp,
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cut, scoop, contain, pound, support, wrap-grasp); the official category split
holds out roughly half the instances per category (14,823 train / 14,020 test),
so test tools are never seen during training. Myers et al.’s original detectors
used hand-crafted geometric features over superpixels [23]; the first deep models
replaced them with encoder–decoder CNNs [26]. AffordanceNet [10] introduced
the dominant two-stage design, a Faster-R-CNN-style detector [29] with an RoI-
aligned affordance mask branch, which requires object-level boxes and identi-
ties at training time. DRNAtt [14] kept an encoder–decoder but added dilated
residual features with spatial and channel attention, and M2F-AFF [3] adapted
the query-based universal segmenter Mask2Former [8] to affordance classes. A
parallel weakly-supervised line grounds affordances without pixel masks: LO-
CATE [19] transfers interaction cues from exocentric demonstration images to
egocentric test images using only image- and object-level labels.

Two properties distinguish our model from the fully-supervised detectors
above: it is multi-label rather than single-label, since overlapping affordances are
the physical reality (Sec. 3), and it trains no backbone, only a compact decoder
(Sec. 4), with no detection stage, box supervision, or object identity.

The reproducibility problem. Apicella et al. [2, 3] re-implemented and re-
benchmarked the field under one protocol (same split, resolution handling and
metric code), releasing per-image outputs and the aff-seg-eval scorer. Under
this protocol the UMD ranking (Tab. 2) sits far below some originally published
figures (e.g . AffordanceNet’s FÉ

´ = 0.799, obtained at different resolution with
a detection pipeline). We adopt their toolkit for results comparison (Sec. 5).

2.2 Frozen Foundation Features for Dense Prediction

DINOv2 [27] distills a self-supervised ViT from 142M curated images and re-
ports strong frozen-feature transfer to segmentation and depth with linear or
light heads; register tokens [9] further clean its dense feature maps. DPT [28]
established multi-depth token fusion for dense prediction, and skip connections
from the input resolution date back to U-Net [30]. Our decoder combines both
ideas under a constraint none of these works impose: the entire semantic encoder
stays frozen, with all spatial detail re-injected by a spatial-detail encoder trained
from scratch (Sec. 4.1). We adopted promptable segmenters (SAM [17]) and
open-set detectors (Grounding DINO [20]) only for ablation analysis (Sec. 6.3).

2.3 Affordance as the Intermediate Representation for VLAs

VLAs map (image, language instruction) pairs to low-level actions [6,35]; Ψ0 [32]
targets humanoid loco-manipulation by autoregressively pretraining a Qwen3-
VL-2B backbone [5] on large-scale egocentric human video before attaching a
flow-based action expert. Because raw VLM features emphasize global object
appearance rather than the functional region a task acts on [18], a rapidly grow-
ing line inserts affordance as an explicit intermediate representation between
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language and control. RT-Affordance [24] lifts novel-task success by over 50%
using affordances as lightweight, transferable plans; AffordanceVLA [34] fore-
casts a where/how affordance inside a retrained policy; Afford-VLA [31] con-
ditions action generation on decoded affordance tokens; AffordVLA [18] dis-
tills a zero-shot affordance teacher into the policy’s visual features; and RAG-
Net [33]/ManipGPT [16] likewise couple affordance segmentation to grasping;
GLOVER++ [21] distills affordance knowledge from large-scale human demon-
stration video into open-vocabulary manipulation reasoning. All train affordance
into the policy (via mixture-of-transformer retraining, joint action–affordance
optimization, teacher distillation, or robot-trajectory supervision), yet still con-
sume a where-to-act signal some upstream module must produce; our frozen-
backbone decoder could be that module. All also assume the affordance is absent
from the policy; we test the converse: does a frozen, already-trained VLA already
partially encode the task-relevant affordance, and which pretraining stage put it
there? Linear probing is the standard tool [1], but to our knowledge has not been
applied to VLA affordance analysis with matched text- and image-only controls.

3 Problem Formulation

3.1 Grasp-Packet Perception

Let D = {(Ii,Yi, Zi)} pair RGB images I ∈ R
3×H×W with affordance annota-

tions Y and depth Z (supervision only; absent at test). The C=7 classes are not
mutually exclusive: a mug exposes wrap-grasp (handle), contain (cavity), and
grasp (rim) at once, so the target is a multi-label tensor Y ∈ {0, 1}C×H×W and
any single-label softmax misspecifies the task. The model is a map

f¹ : I 7−→
(

M̂, N̂
)

, M̂ ∈ [0, 1]C×H×W , N̂(x) ∈ S
2, (1)

producing per-class occupancy and a unit normal field; only the readout ¹ is
learned, the encoder is fixed (Sec. 4). At deployment, given the task class c,
intrinsics K, and a depth reading, the dense outputs collapse to the grasp packet

gc =
(

pc,nc

)

∈ R
3 × S

2, pc = Z(uc)K
−1ũc, nc = N̂(uc), (2)

with uc the centroid of {M̂c > Ä}.
The UMD protocol scores single-label maps (Sec. 5), so for evaluation only we

have to collapse predictions by per-pixel arg-max above a background threshold

ŷ(x) =

{

argmaxc M̂c(x) maxc M̂c(x) > Ä

0 (background) otherwise,
Ä = 0.5, (3)

3.2 Affordance Grounding as a Decoding Problem

Let f be a VLA whose multimodal backbone produces hidden states e(ℓ)(I, T ) ∈
R

d at layers ℓ = 1, . . . , L for an image and a goal-level instruction T (one that
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expresses an intent without naming the affordance or its verb), annotated with
the affordance a∗(I, T ) ∈ A the task requires. We measure the decodability of a∗

from the frozen representation through a probe

gϕ
(

e
)

= softmax(We+ b), â = argmax
a∈A

gϕ(e)a, (4)

trained with cross-entropy on {(e
(ℓ)
i , a∗i )} and evaluated on instruction phrasings

disjoint from training. Three input conditions, full (I, T ), instruction_only
(T ), and image_only (I), decompose the sources of decodability, and the visual
contribution at layer ℓ,

∆(ℓ) = Acc
(ℓ)
full −Acc

(ℓ)
instruction_only, (5)

isolates what the image adds beyond the instruction’s lexical content at the same
layer and split. Two properties make the protocol identifying: the split must hold
out phrasings (holding out object instances leaks identical strings and drives
Accinstruction_only to 96.5%, erasing ∆), and the control model must share the
backbone: we contrast Ψ0 against the base Qwen3-VL-2B it was pretrained from,
so any difference in ∆ is attributable to action pretraining alone.

4 Method

4.1 Architecture

We use a self-supervised transformer as a fixed visual prior and cast affordance
perception as learning a lightweight decoding operator onto it. Formally we factor
the predictor as f¹ = R¹ ◦ ¨, so ¨ is the frozen backbone and every trained
parameter lives in R¹. A DINOv2 ViT-B/14 with registers ¨ (86M parameters,
permanently frozen) maps I ∈ R

3×448×448 to patch-token grids at four of its
twelve blocks (see Figure 1),

Zℓ = ¨ℓ(I) ∈ R
768×32×32, ℓ ∈ {2, 5, 8, 11}, (6)

capturing local structure at early depths before self-attention diffuses it and
semantics at late layers [28]. Two deficiencies remain. (i) Spatial bandwidth: a
32 × 32 grid cannot encode 448 × 448 boundaries, and no decoder can recover
information the encoding discarded. We therefore train a four-stage spatial-
detail encoder Ã from scratch on the raw image, Ã(I) = (S0, . . . ,S3) with

Sj ∈ R
cj×448/2j×448/2j , c = (32, 64, 96, 128), whose only job is to carry edges

and texture to the decoder. (ii) Task alignment : token channels are generic.
Four learned 1× 1 projections Äℓ and a fusion block È recombine them,

X0 = È
(

[Ä2Z2; Ä5Z5; Ä8Z8; Ä11Z11]
)

∈ R
256×32×32, (7)

after which four fusion stages interleave parameter-free bilinear upsampling U
with skip concatenation and learned mixing,

Xk = gk
(

[U(Xk−1);S4−k]
)

, k = 1, . . . , 4, (8)
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Input Backbone feature extractor Trainable decoder Outputs

Object image

RGB
3 × 448

2

DINOv2 ViT Frozen · 86M

768

Patches 12× transf. blocks 4× taps

Detail encoder σ Trained · 195k
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ψ
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FusionUp decoder Rθ Trained · 5.6M
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X2

X3
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Skip connections

Affordance
segmentation

Normals
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Fig. 1: Architecture. A frozen DINOv2 ViT-B/14 supplies patch tokens from four
depths (layers 2/5/8/11); a from-scratch spatial-detail encoder supplies high-frequency
skip features at four resolutions; the trained fusion decoder (5.6M parameters total)
outputs affordance segmentation and a surface-normal field at 448× 448.

(È, gk: double conv–BN–ReLU; bilinear U avoids transposed-convolution checker-
boards). The shared trunk X4 ∈ R

32×448×448 feeds two heads:

A =Wa ∗X4 ∈ R
7×448×448, M̂ = Ãsig(A), (9)

N̂ = Ñ/∥Ñ∥2, Ñ =Wn2
∗ ϕ

(

Wn1
∗X4

)

, (10)

with independent sigmoids Ãsig per affordance channel (the multi-label structure
of Sec. 3) and per-pixel ℓ2 normalization projecting normals onto S

2. The trained
parameters ¹ = {Ã, Ä2..11, È, g1..4,Wa,Wn1,2

} are 5,6M (6.5% of the backbone).

4.2 Training Objective

Every affordance class occupies <1% of training pixels (from contain 0.67%
down to scoop 0.14%), so the objective must defeat both the all-background
solution and gradient domination by frequent classes. We optimize

L(¹) = Lseg + ¼nLnormal + ¼sLsmooth, ¼n = 5, ¼s = 0.5. (11)

Segmentation Loss Lseg = LwBCE+LDice combines logit-space cross-entropy,
reweighted per class by an inverse-frequency factor computed once from training

pixel counts N±
c and wc = min

(

√

N−
c /N

+
c , 15

)

, so the loss LwBCE is defined as

LwBCE = −
1

CHW

∑

c,x

[

wc Yc log M̂c + (1− Yc) log(1− M̂c)
]

, (12)



Foundation ViTs Can Learn Where to Act 7

with a soft Dice term computed per channel on the spatial dimensions and
averaged so that rare classes carry equal weight,

LDice =
1

C

∑

c

[

1−
2ïM̂c,Ycð+ 1

∥M̂c∥1 + ∥Yc∥1 + 1

]

. (13)

The square root in Eq. (12) tempers raw ratios exceeding 104 and the clip bounds
gradient scale; five of seven classes saturate it (wgrasp = 12.75, wcontain = 12.33,
etc) helping the rare ones avoiding train–validation gaps (support and scoop).

Normals Loss Normals are supervised by cosine dissimilarity over the anno-
tated region Ω = {x :

∑

c Yc(x) > 0}, the surfaces a robot will contact, with an
edge-aware prior regularizing the field elsewhere:

Lnormal =
1

|Ω|

∑

x∈Ω

(

1−ïN̂,N∗ð
)

, Lsmooth =
∑

d∈{u,v}

〈

|∂dN̂| e−µ|∂dI|
〉

, µ = 10.

(14)

4.3 Surface-Normal Supervision

Motivation A where-to-act mask underdetermines the action: grasping a knife
handle, scooping with a spoon, or pouring from a mug each demand a specific
end-effector orientation, fixed to first order by the local surface normal at the
contact point. Affordance-conditioned VLAs (Sec. 2) [24, 31, 34] delegate this
orientation to the downstream policy or a separate grasp planner [4]; we emit it
densely, so the grasp packet of Eq. (2) provides a candidate position–orientation
cue gc = (pc,nc). It is cheap on both counts: the geometry uses the same frozen
features and forward pass as the mask, and its supervision is free, synthesized
from the depth already paired with every affordance dataset.

Ground-Truth Normals from Depth UMD ships no normal annotations; we
construct them, following the vertex-map normal estimation of KinectFusion [25]
(with a median rather than bilateral pre-filter). Depth is back-projected through
the intrinsics, P (u, v) = Z(u, v)K−1(u, v, 1)¦, and

N∗ ∝ − ∂uP × ∂vP. (15)

Finite differencing amplifies Kinect-v1 depth speckle (3–5 mm [15]) into angular
noise, so we apply an edge-preserving 5-pixel median filter to Z before differen-
tiation, freezing invalid-depth holes so smoothing cannot hallucinate geometry.
Crucially, we also audit the supervision: its raw–filtered consistency discrepancy
is 19.2◦ unfiltered and 15.5◦ after our filter. This 15.5◦ quantity is a supervision-
consistency estimate, not the model error. Deriving normal supervision from
depth this way is established practice in the normal-estimation literature [11,12].
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Geometric supervision must remain valid under augmentation. For an in-
plane rotation Rϑ applied to the image, dense targets warp but normal vectors
must also rotate, and a horizontal flip must negate the lateral component:

N∗ → R̃ϑ (N
∗ ◦R−1

ϑ ), flip: nx → −nx, (16)

where R̃ϑ rotates the (nx, ny) components. Omitting Eq. (16) yields supervision
that is visually plausible but geometrically false; our implementation is verified
to < 0.2◦ round-trip error.

4.4 VLA Probing Protocol

We instantiate Sec. 3 on Ψ0’s stage-1 backbone (Qwen3-VL-2B autoregressively
pretrained on egocentric human video; d = 2048, L = 29; no action expert
attached), taking the last-token hidden state as e(ℓ), which dominates mean
pooling by over 20 points. We generate 340 goal-level instructions (10 per object–
affordance pair, 34 pairs, all 17 UMD categories; none naming the affordance or a
synonymous verb), pair each with 4 UMD images of the object (1360 embeddings
per condition), and train the linear probe of Eq. (4) on the novel-instruction split
(952/408). We compared a 512-unit MLP control with linear access, and report
accuracies as mean±std over 3 seeds.

5 Experimental Setup

All segmentation runs use the official data from UMD dataset of Myers et al . [23].
Inputs are crops of the source frames, preserving object scale. Full settings are
collected in Tab. 1. All the metrics come from the aff-seg-eval toolkit of
[3] applied to our predictions as defined in Eq. (3). We use the same official
category split, test set, and evaluation settings as the baseline results. Its Jaccard
accumulates intersections and unions per class over the test set,

Jc =

∑

i |P
i
c ∩G

i
c|

∑

i |P
i
c ∪G

i
c|
, J =

100

C

∑

c

Jc, (17)

Table 1: Training hyperparameters (identical for all runs unless stated).

Optimizer AdamW, lr 10
−4, wd 10

−4

LR schedule 2-epoch warmup + cosine decay
Batch / epochs 8 / 25, seeded
Backbone frozen DINOv2 ViT-B/14 (w/ registers)
Input 448× 448 centre crop of 640× 480

Augmentation joint geometric + photometric; normal vectors

rotated with the image, nx negated on H-flip
Selection best val loss on a seeded 30% carve-out of the

training split (train 10,376 / val 4,447)
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alongside the weighted F-measure FÉ
´ [22] (´2 = 0.3). Normals are scored using

the mean of arccosïN̂,N∗ð over annotated pixels (ranges: 11.25◦/22.5◦/30◦).
Comparison rows are the fair-protocol scores of [3], re-derived by us from their

released per-image outputs. Since those methods differ from ours in code and
training details, we additionally train a DeepLabV3-ResNet50 control through
our pipeline (same split, crop, loss family; mask-only; fully fine-tuned).

6 Results

6.1 Segmentation Results on UMD

Table 2 reports the main result: 80.29 ± 0.29 Jaccard for the multi-task model
and 82.92 for the segmentation-only variant, +4.4 and +7.1 over M2F-AFF; the
three seeds converge to near-identical validation loss, mIoU, and normal error
(Fig. 2). M2F-AFF, a query-based segmenter fine-tuned end-to-end, still trails
by 4.4 despite our model using no detection supervision and no object identity.

The advantage is consistent (Tab. 3, Fig. 3): above the DeepLabV3 control
on all seven classes, largest on the imbalanced classes like scoop (+17.9) and
contain (+15.0), where the weighting of Eq. (12) operates, and above M2F-AFF
on six of seven. Figure 4 shows held-out predictions carrying the multi-label
structure: several affordance channels active on distinct parts of an object.

Table 2: UMD, aff-seg-eval toolkit [3], Jaccard ×100. Ours: mean±std (3 seeds).

Method Jaccard Fω
β × 100

CNN [3] 57.44 —
AffordanceNet [10] 63.33 —
DRNAtt [14] 69.50 —
DeepLabV3 [7] 70.19 79.36
M2F-AFF [3] (previous best) 75.86 —

Ours (multi-task, w/ normals) 80.29± 0.29 86.07± 0.21

Ours (multi-task, w/o normals, 1 seed) 82.92 87.79
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Fig. 2: Metrics validation curves (3 seeds): loss, mean-IoU@0.5, normal angular error.
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Fig. 3: Per-class Jaccard: ours (3-seed mean±std) vs. M2F-AFF (recomputed from
released per-image CSVs) vs. our DeepLabV3 control. Ours ≥ M2F-AFF on 6/7 classes.

Table 3: Per-class Jaccard ×100 (toolkit), test set. The multi-task column is the mean
over seeds 41/42/43; the control and segmentation-only columns are seed 42.

Class DeepLabV3 Ours (w/ normals) Ours (w/o normals)

grasp 64.99 71.77 72.98
cut 77.69 87.00 88.44
scoop 40.88 60.72 70.61
contain 71.51 86.89 88.47
pound 73.58 85.31 86.37
support 77.61 83.26 86.14
wrap-grasp 85.06 87.10 87.42

Mean 70.19 80.29 82.92

6.2 Surface Normal Estimation

The normals head reaches 21.65◦ mean angular error (Tab. 4), within a few
degrees of the 15.5◦ depth-supervision consistency estimate measured in Sec. 4.3.
It beats the best per-image constant normal by ≈ 10◦, and the predicted fields
are qualitatively smoother than their depth-derived targets. Error is not uniform
across the 51 test tools: per-tool mean angular error ranges from 17.1◦ (mug) to
38.3◦ (scissors), a 4.3◦ standard deviation driven by thin, high-curvature parts
(blades, tines) where finite-difference normals are least stable.

Table 4: Surface normal estimation: mean angular error and pixels % within each
threshold. The 21.65◦ mean is reported alongside a 15.5◦ label consistency estimate.

Mean err. ≤ 11.25◦ ≤ 22.5◦ ≤ 30
◦

Ours 21.65◦ 24.1% 62.7% 79.3%
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Qualitative Task Predictions on Held-out Test Tools

Fig. 4: Held-out test instances, one tool per row: RGB input, ground-truth affordance
mask, predicted mask and surface normals (color-coded by direction: the red, green
and blue channels give the normal’s x, y, z components, i.e. left–right, up–down, and
depth). Predictions preserve the multi-label structure and stay within object contours,
spanning grasp, cut, scoop, contain, pound, support, and wrap-grasp affordances.
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6.3 Ablation Analysis

Normal Head and Backbone Size At seed 42, dropping the normal head,
which corresponds to setting ¼n = ¼s = 0 in Eq. (11), gives 82.92 Jaccard
vs. 80.18 with it: the grasp-packet geometry costs 2.74 Jaccard, concentrated
in scoop (70.6 vs. 58.8). Substituting ViT-S (5.2M params.) already matches
M2F-AFF at 76.72 Jaccard, with ViT-B adding +3.5, concentrated in scoop

and support classes.

Object Isolation A natural deployment heuristic isolates the target before
prediction. We test it by compositing the object onto neutral gray via a SAM
mask seeded by (i) oracle boxes obtained from the ground-truth affordance mask,
(ii) Grounding DINO with the object name, (iii) Grounding DINO with a generic
“a handheld tool. a utensil. an implement.” prompt (Tab. 5).

Table 5: Isolation / localization gradient, test set, Jaccard ×100. The raw-image
reference is the 3-seed headline mean; all isolation variants use seed 42.

Localization regime Jaccard Fω
β

None (raw image; headline) 80.29 ± 0.29 86.07 ± 0.21
SAM, oracle GT affordance box 75.37 82.95
SAM, Grounding DINO, object-name prompt 75.77 83.75
SAM, Grounding DINO, generic prompt 69.55 78.64

We tested it using seed 42 to compare it with the baseline, and the result
is that isolation reduces Jaccard under every regime, even oracle boxes (−4.8),
though localization quality still matters within the family (generic 69.55 j or-
acle 75.37). Graying the background removes scene context the frozen features
exploit; our headline therefore uses no test-time assistance. A second possibility
is that SAM masks out regions that are affordance areas, reducing detection ac-
curacy. The opposite holds on the out-of-distribution kitchenware images, where
isolating the object with SAM qualitatively improves predictions on unseen ob-
jects (Sec. 7.2).

7 Discussion

7.1 Affordance Grounding in a Humanoid VLA

Layer-wise Decodability At Ψ0’s last layer (Tab. 6) the ordering full >
instruction_only > image_only > chance holds with ∆(28) = +7.4. The
layer sweep resolves three regimes: lexical early layers where the image is a
distractor (∆(1) = −8.7); a mid-depth band where cross-modal integration peaks
(∆(15..17) = +9.4 to +10.2): full accuracy is maximal at L15 (84.6± 0.7), while
the visual gain is maximal at L16 (+10.2). It then partially recedes toward the
output, so a potential router built on this signal should therefore tap a mid layer.
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Application in VLM Action Pretraining The control column of Tab. 6
is crucial. Base Qwen3-VL scores higher in absolute terms (92.3%), but swept
identically across all 29 layers its visual contribution never exceeds +3.3 and
is negative in the early layers (−10.4 at L1), whereas Ψ0’s reaches +10.2 mid-
stack. Using the same probe, dataset, and split isolates the effect of the backbone:
Ψ0 encodes affordance information in its visual representation, whereas the base
VLM does not. Since action pretraining on egocentric video is the only difference
between the two models, the observed gap can be attributed to that stage. Linear
and MLP probes perform similarly (76.0 vs. 75.9 at L28), indicating that the
information is already linearly separable. Rather than suggesting that action
pretraining is the only way to acquire this representation, these results point to
affordance prediction as a promising auxiliary objective for VLM-to-VLA post-
training. Since affordance information is already partially present and becomes
more accessible after action pretraining, explicitly supervising it may provide a
more data-efficient alternative (student-teacher distillation of affordance models)
to relying solely on large-scale egocentric and teleoperation datasets.

Table 6: Last-layer (L28) linear-probe accuracy (%, 3 seeds): action-pretrained Ψ0 vs.
the base Qwen3-VL-2B control. Chance 14.3%. ∆ = visual contribution, Eq. (5).

Condition Qwen3-VL-2B Ψ0

full (image+instruction) 92.3± 0.8 76.0± 1.4

instruction_only 91.8± 1.7 68.6± 3.2

image_only 40.2± 3.1 47.9± 0.3

∆ (full − instruction) +0.5 +7.4

5 10 15 20 25
«0 backbone layer

20

40

60

80

7-
wa

y 
af

fo
rd

an
ce

 a
cc

ur
ac

y 
(%

)

random

image + instruction
instruction only
image only

5 10 15 20 25
backbone layer

215

210

25

0

5

10

vi
su

al
 c

on
tri

bu
tio

n
(fu

ll 
2 

te
xt

, %
)

L16: +10.2

«0
base Qwen3-VL

Fig. 5: Layer-wise affordance probing. Left: Linear-probe accuracy for Ψ0 with
image_only, instruction_only, and full inputs. Right: Visual contribution across
layers for Ψ0 and Qwen3-VL-2B. The stronger mid-layer contribution in Ψ0 suggests
that action pretraining implicitly encodes affordance information.
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7.2 Limitations

On 21 real kitchenware images, zero-shot predictions transfer within object con-
tours to object categories absent from UMD (pots, forks, plates). The dominant
failure mode is background-texture false positives (e.g . grasp activating on wood
grain), as UMD contains no such negative examples. The pipeline of Sec. 6.3
specifically addresses this isolating the object with Grounding DINO and SAM,
which produces qualitatively cleaner predictions than the raw model.

The network predicts on a 448 × 448 centre crop of the 640 × 480 UMD
frame, removing only border pixels while retaining the centred object. The 15.5◦

raw–filtered discrepancy measures consistency between raw and filtered depth
supervision rather than a physical noise floor. Available compute limited the
architecture ablations: a preliminary final-layer-only variant was less stable than
using four feature taps. A matched-budget DINOv2 fine-tuning comparison and
synthetic VLA training on affordances and surface normals remain future work.

8 Conclusion

We presented a two-level study of affordance based on frozen foundation models
and lightweight trainable components. A 5.6M-parameter multi-task readout de-
coder, combining multi-scale token fusion, a from-scratch spatial-detail encoder,
and class-frequency-weighted, geometrically equivariant training, sets the state
of the art on UMD under the benchmark’s official evaluation protocol while
predicting local geometry with error reported relative to a depth-supervision
consistency estimate. A linear probe provides the task-level counterpart, show-
ing that a frozen humanoid VLA encodes the affordance required by a goal-level
instruction, with the visual grounding emerging after action pretraining.

Together, these components provide the information required for downstream
manipulation: (i) the instruction, (ii) the corresponding affordance class, and
(iii) the associated affordance region and approach normal. This corresponds to
the task-level and spatial affordance information that recent policies that use
affordances [18, 31, 34] typically learn during policy training, but is recovered
here from frozen vision-language models without additional robot data.

Future work will investigate conditioning VLA’s action expert on the pre-
dicted affordance map, using affordance prediction as an auxiliary objective dur-
ing VLM-to-VLA post-training, RL fine-tuning with the affordance signal, and
evaluation in cluttered RGB-D scenes with closed-loop robot execution.
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