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Abstract

Facilitating an entity’s interaction with objects requires ac-
curately identifying parts that afford specific actions. Weakly
supervised affordance grounding (WSAG) seeks to imitate
human learning from third-person demonstrations, where
humans intuitively grasp functional parts without needing
pixel-level annotations. To achieve this, grounding is typi-
cally learned using a shared classifier across images from
different perspectives, along with distillation strategies incor-
porating part discovery process. However, since affordance-
relevant parts are not always easily distinguishable, models
primarily rely on classification, often focusing on common
class-specific patterns that are unrelated to affordance. To
address this limitation, we move beyond isolated part-level
learning by introducing selective prototypical and pixel con-
trastive objectives that adaptively learn affordance-relevant
cues at both the part and object levels, depending on the
granularity of the available information. Initially, we find the
action-associated objects in both egocentric (object-focused)
and exocentric (third-person example) images by leveraging
CLIP. Then, by cross-referencing the discovered objects of
complementary views, we excavate the precise part-level af-
fordance clues in each perspective. By consistently learning
to distinguish affordance-relevant regions from affordance-
irrelevant background context, our approach effectively shifts
activation from irrelevant areas toward meaningful affor-
dance cues. Experimental results demonstrate the effective-
ness of our method.

1. Introduction

Humans learn to interact with objects by observing others
and recognizing relevant object parts in interactions [2, 23].
Similarly, weakly supervised affordance grounding focuses
on identifying which parts of an object afford particular in-
teractions within the environment in which humans typically
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Figure 1. (Up) Goal of WSAG is to identify action-affordable parts
within the egocentric image, given exocentric images as contextual
hints. (Down) To perform affordance learning, we first discover
the part-relevant clues from both egocentric and exocentric images.
When these parts are deemed reliable in representing affordance-
relevant regions, the model learns to distinguish these parts from
the other parts. If not, we instead utilize object-level clues to distin-
guish objects from the background. Compared to our baseline (LO-
CATE [23]), which only exploits reliable parts of exocentric images,
our approach extends affordance learning to learn from both ego-
centric and exocentric views and also both from affordance-relevant
and affordance-irrelevant clues. By leveraging all these types of
clues within the mini-batch at once, the model learns to distinguish
affordance-relevant parts from representations of other affordance
classes and backgrounds.

learn [17, 23, 28, 34, 37, 38, 47]. Specifically, a target ego-
centric image (object-focused) is provided with an action
class name and a few exocentric images (human-object inter-
action examples given in third-person view) to localize the
affordable parts within egocentric image [28, 34, 38]. Then,
the model is trained to localize action-affordable parts when
an egocentric image is provided along with an action class.
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In this vein, knowledge distillation is widely studied [23,
47], along with action classification to produce a class acti-
vation map (CAM) [54] for localization. For example, LO-
CATE [23] introduced a part-level distillation approach. It
extracts action-affordable parts from exocentric images by
segmenting interaction-involved regions identified by CAM.
These action-affordable parts are distilled into the egocentric
image representations only when they are precisely identi-
fied, enabling alignment with affordance-relevant regions.

Yet, as training without dense annotation progresses, they
tend to locate distinguishable parts necessary for action clas-
sification even if they are not directly related to the afford-
able part. This is because affordance-relevant clues are not
always clearly distinguishable, thus, the distillation is only
applied intermittently. To address this, we go beyond solely
focusing on part feature distillation; our primary objective
is to consistently provide contextual cues to distinguish be-
tween affordance-relevant and affordance-irrelevant repre-
sentations. The overall intuition is illustrated in Fig. 1.

We begin by collecting object-level affordance-relevant
clues from both egocentric and exocentric images, then grad-
ually refine them to part-level clues. The model is then
trained to focus on these affordable parts via dedicated selec-
tive contrastive learning. Specifically, if the identified part
clue is deemed to correspond to an affordance region reliably,
the model learns to distinguish it from other irrelevant parts.
Conversely, if the identified part is deemed unsuitable, the
model is trained to distinguish the target object clue (iden-
tified using the object affinity map) from the background,
preventing attention to affordance-irrelevant regions.

First, to collect the clues for action-associated objects,
we leverage CLIP [39] to generate an object affinity map
that encompasses affordance-relevant parts. The identified
target object then serves as a basis for discovering part-
level affordance clues. For part discovery within the exo-
centric view, we refine the part discovery algorithm from
LOCATE [23] by leveraging the target object to improve
precision. Specifically, the object affinity map is used to fil-
ter out object-irrelevant part candidates, ensuring that the
affordance-relevant parts belong to the target object. Con-
versely, to extract part clues in the egocentric view, we ex-
ploit the properties of foundation models that CLIP tends
to be more responsive to prominent objects [9]. Specifically,
we assess part cues by analyzing the difference in model
activation between egocentric and exocentric images, where
responses tend to be weaker in exocentric images due to
smaller object scales and occlusions.

Upon gathering object and part clues from both views,
we design two types of contrastive learning to leverage
the collected affordance-relevant clues. Initially, we pro-
pose prototypical contrastive learning to exploit affordance-
relevant clues from the exocentric view, offering several
key advantages over previously used pairwise distillation

strategies [23, 47]. While pairwise distillation focuses solely
on reducing the distance between representations of paired
egocentric and exocentric images, prototypical contrastive
learning not only encourages egocentric-exocentric aligned
representations but also distinguishes each prototype from
diverse background information and the prototypes of other
action classes. This enables the model to capture more dis-
criminative representations specific to each action class. On
the other hand, pixel-level contrastive learning further opti-
mizes the localization of affordable parts with precise pixel-
level clues. Specifically, it directly uses affordance-relevant
clues in egocentric images to disentangle affordance-relevant
pixels from the others in each image. This facilitates pixel
representations to be distinguished based on their affordance
relevance at the level of gathered clues.

To sum up, our contributions are: (i) We propose pro-
totypical contrastive learning to benefit part representation
learning by leveraging the semantics of other action classes
and backgrounds. (ii) We propose pixel contrastive learning
to supplement the fine-grained localization of affordance-
relevant regions. (iii) We present a post-processing step to
calibrate CAM prediction by leveraging CLIP’s capability
to detect text-specified objects. Our approach consistently
outperforms (iv) Our approach demonstrates superior per-
formance over prior methods, particularly in challenging
unseen scenarios that closely reflect real-world conditions.

2. Related Work

2.1. Visual Affordance Grounding

Visual affordance grounding aims to locate the responsible
object parts to certain actions [24]. To minimize the gap
between perception and action, extensive attention is be-
ing put into affordance grounding among the researchers
of computer vision and robotics [14, 20, 23]. Initially
studied in a supervised setting [11, 33, 35], affordance
grounding is recently being studied more in weakly super-
vised scenarios where costly dense annotations are not re-
quired [6, 17, 28, 38, 47]. For example, LOCATE [23] uses
CAM to identify interaction-involved regions and applies
K-means clustering to find the affordance-relevant parts in
exocentric images for distillation. WSMA [47] exploited
the semantics of CLIP through an attention mechanism to
address the limitation of discrete classification labels in il-
lustrating the semantics of actions. Also, more recent works
utilize diverse foundation models, such as ALBEF [26],
SAM [19], LLAVA [27], and GPT [1], to obtain part-level
knowledge [6, 17, 38, 40]. Our approach, despite not relying
on recent foundation models, significantly outperforms them
by effectively addressing cases where reliable parts cannot
be identified and leveraging background context to prevent
the model from focusing on affordance-irrelevant regions.
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Figure 2. Overall flow. Egocentric and exocentric images are pro-
cessed to perform classification and selective contrastive learning.
Note that (view)∈{ego, exo}.

2.2. Weakly Supervised Object Localization

Weakly Supervised Object Localization (WSOL) aims to lo-
calize objects using only image-level labels. Conventionally,
CAM-based methods have been widely studied due to their
effectiveness [10, 30, 46, 48, 49, 51, 53]. Yet, these often
suffer from shortcut learning [13], which limits CAM cover-
age, making CAM expansion a common strategy for WSOL.
For example, HaS [21] randomly masks image patches dur-
ing training, CutMix [50] enhances masked images, and
LoRot [32] introduces pretext tasks involving random scal-
ing and positioning to broaden the model’s receptive field.
A similar challenge arises in WSAG, where the goal is to
localize affordance-relevant parts for a given action class, in-
dependent of object categories. Although WSAG also strug-
gles with the model focusing on commonly appearing details
within each action class, CAM expansion is not always a suit-
able solution, as affordance-relevant parts are often small. To
address this, we propose a selective strategy that adaptively
determines whether to expand the CAM to the object region
when a reliable part cannot be identified or to concentrate
CAM activation when a reliable part is available.

2.3. Contrastive Learning

Contrastive learning pulls together instances with positive
relationships while pushing apart those with negative rela-
tionships [4, 7, 16, 31]. It has been employed in various
fields by adapting the criteria for determining the relation-
ships between instances. For instance, augmented pairs of
the same instance are regarded as positives in an unsuper-
vised setting [7], while samples within the same class are
treated as positives in a supervised setting [18]. For WSAG,
LLM has been employed to derive the relationships between
interaction types [17]. Also, there is significant variation in
the units to which contrastive learning is applied. For exam-
ple, while the images are typical units [7, 8], prototypes [25],
pixels [41–44, 52], or even the similarity between modal-
ities [39] are popular sources. In this work, we introduce
prototypical and pixel contrastive learning that adaptively se-
lects the training level to optimize both object- and part-level
regions.

Class
‘hold’

𝐴𝐴obj
ego 𝐴𝐴objexo𝐼𝐼ego 𝐴𝐴obj
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Image

Encoder
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Figure 3. Illustration of object discovery. The object affinity map is
derived from CLIP as a zero-shot image-text similarity map.

3. Method

3.1. Method Overview
In Fig. 2, we illustrate the overall framework. Given a pair
of an egocentric image Iego and multiple exocentric images
Iexo, the inputs are processed using DINO [5] followed by
projection layers. Then, for prototypical and pixel contrastive
learning, features are further projected to obtain F̃ (view) and
F̂ (view), respectively, where (view) ∈ {ego, exo}. We note
that the features of the egocentric image are represented as
F̃ ego, F̂ ego ∈ RB×H×W×D, while the features of the exo-
centric images are given by F̃ exo, F̂ exo ∈ RB×E×H×W×D,
where B denotes the batch size, H and W represent the
spatial dimensions, D is the feature dimension, and E indi-
cates the number of exocentric images. While the contrastive
learning branch focuses on learning affordance knowledge
within the egocentric images, the classification branch with
the shared classifier captures the shared semantic informa-
tion between egocentric and exocentric views. For inference,
CAM Cego is derived from classification branch using only
egocentric images and affordance text prompts.

To conduct selective contrastive learning, we first estab-
lish target supervision by identifying action-associated ob-
jects in Sec. 3.2. Subsequently, in Sec. 3.3 and Sec. 3.4, we
introduce prototypical and pixel contrastive learning, respec-
tively, along with the part-level target discovery process.

3.2. Object Discovery
As illustrated in Fig. 3, we leverage CLIP to define the ob-
ject affinity map. Particularly, we employ the strategy of
ClearCLIP [22] to enhance local discriminability in visual
features. Given egocentric features and exocentric features
from CLIP visual encoder, we calculate cosine similarity
with CLIP text features of action prompt to obtain an object
affinity map for each perspective, namely Aego

obj ∈ RB×H×W

and Aexo
obj ∈ RB×E×H×W (Details for action prompts are

in Appendix). Note that the term object affinity map is de-
rived from its characteristic to highlight affordance-relevant
objects when action prompt is given, as shown in Fig. 7.

3.3. Prototypical Contrastive Learning
Prototypical contrastive learning operates upon gathered
affordance-relevant clues within exocentric view. Simply
put, prototypes for affordable parts in exocentric images are
distilled towards corresponding prototypes within egocentric
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Figure 4. Illustration of prototypical contrastive learning. (Up) Pro-
cess of identifying part clues in exocentric images. Discovered
objects are segmented to extract part candidates, which are then
matched with DINO’s attention map. (Down) Prototypical con-
trastive learning is selectively applied based on the reliability of
part clues. When reliable, object anchors in egocentric images are
attracted toward part clues, but otherwise image anchors are drawn
toward object clues in exocentric images.

images via contrastive learning. The key advantage of pro-
totypical contrastive approach over previous works is that it
encompasses the process of learning negative relationships
between prototypes. Thus, we claim that the classification
bias towards affordance-irrelevant regions, i.e., background
context, and non-affordable object parts, can be mitigated.
Part-level Clues within Exocentric Images. We begin by
illustrating the process of gathering part-level clues in exo-
centric images, as shown in Fig. 4. Specifically, we adapt
the algorithm used from previous work [23]. To illustrate,
whereas previous work directly thresholded CAM prediction
Cexo to identify interaction-involved regions in exocentric
images, we first combined Cexo with the object affinity map
Aexo

obj before applying a threshold γ1. This ensures that the
region of interest is constrained to object regions, mitigating
the risk of imprecise CAM predictions and improving the af-
fordance relevance of the extracted affordance cues. The rest
of the process follows that of previous work [23]. First, based
on the intuition that CAM regions consist of background,
affordance-relevant part, and other elements, K-means clus-
tering (K=3) is applied. Then, the centroids (candidates of
part prototype) are compared with the egocentric DINO [5]
feature F ego to generate part-egocentric similarity maps.

These maps are then assessed to determine whether each cor-
responding centroid represents the affordance-relevant parts
by comparing them with the self-attention map of the egocen-
tric image from DINO [5], measured by pIoU [23] (DINO
attention map can be replaced by object affinity map). Fi-
nally, only the centroid corresponding to the highest pIoU
that exceeds a threshold α is selected as the designated part.
If either condition is not met, the part (centroid) is consid-
ered unreliable and excluded from training. Consequently,
for instances with reliable part prototype, part affinity maps
A

(view)
part are defined as the similarity between the selected part

prototype and spatial features (i.e., F ego and F exo).
Selective Prototypical Contrastive Learning. Due to the
inconsistent availability of affordable part clues, the typical
approach is to exploit the knowledge in exocentric images
only when the reliable part is discovered. Yet, this triggers
the affordance grounding task to become heavily reliant on
classification tasks, which is vulnerable in capturing target
object parts since its goal is to find the most discriminative
features for action classification.

Therefore, we design a loss function that consistently
leverages the knowledge of interaction-involved regions in
exocentric images throughout the training. Specifically, our
prototypical contrastive learning integrates learning-level
selectivity for both the target and anchor representations.
When the discovered part prototype within exocentric im-
ages is deemed reliable, we use it as the target prototype for
distillation into the egocentric object prototype. Otherwise,
we define the object prototype to serve as the target and the
entire egocentric image as an anchor. This design, which
sets the object prototype as the default distillation target, en-
courages the model to consistently focus on the target object
while disregarding background context in egocentric images.
Furthermore, when part supervision is available, it reinforces
attention to affordable parts, enhancing the model’s ability
to capture details of affordable parts.

To leverage the object/part clues in prototypical con-
trastive learning, we initially construct prototypes. Particu-
larly, four types of prototypes, namely P ego+, P ego−, P exo+

and P exo−, are produced which refer to the positive and neg-
ative prototypes of object/part clues in each view depending
on the level of gathered clues. In particular, these positive
and negative prototypes are constructed with following func-
tions (Φ+ and Φ−) using instance feature Z ∈ RH×W×D,
target clue M ∈ RH×W and CAM prediction C ∈ RH×W :

Φ+(Z,M) = norm(Pool(Z ⊙M)),

Φ−(Z,M,C) = norm(Pool(Z ⊙ (β −M ⊙ C))),
(1)

where norm(·) indicates Frobenius normalization along chan-
nel axis, Pool(·) denotes spatial average pooling, and β is a
bias term to prevent training instability incurred by imprecise
CAM C at the initial training epoch. Note that ⊙ is defined
as (X⊙Y)i,j,k = (xi,j,k)× (yi,j) , ∀i ∈ {1, . . . ,H},∀j ∈
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{1, . . . ,W},∀k ∈ {1, . . . , D} to apply Hadamard product
between X and Y in different shapes. In short, the positive
prototype maintain a consistent focus on target regions by
masking with target clue M , which is often more precise
than CAM prediction, while the background prototype cap-
tures general background semantics and unaffordable parts.

Subsequently, let I denote the index set of both the exo-
centric and egocentric instances within the mini-batch which
represents instances with precise part-level prototypes (we
assume that there is only one exocentric image per egocen-
tric image in this subsection, thereby I can be shared for
simplicity). Then, the egocentric anchor zego

b of b-th instance
and the prototypes are formed as follows:

zego
b =

{
Φ+(F̃ ego

b , Aego
obj, b) if b ∈ I,

norm(Pool(F̃ ego
b )) otherwise,

P
(view)+
b =

{
Φ+(F̃

(view)
b , A

(view)
part,b ) if b ∈ I,

Φ+(F̃
(view)
b , A

(view)
obj,b ) otherwise,

P
(view)−
b =

{
Φ−(F̃

(view)
b , A

(view)
part,b , C

(view)) if b ∈ I,

Φ−(F̃
(view)
b , A

(view)
obj,b , C(view)) otherwise.

(2)

Consequently, our selective prototypical contrastive learn-
ing for b-th instance in mini-batch is expressed as:

Lproto
b =

−1

|P+
b |

∑
p∈P+

b

log
exp(zego

b ◦ p/τ)∑
n∈(P+

b ∪P−
b ))

exp(z ◦ n/τ)
, (3)

where ◦ and τ denote dot product and temperature parameter,
respectively. P+

b and P−
b which represent the sets of positive

and negative prototypes for b-th instance are defined as:

P+
b =

⋃
(view)

⋃
i∈B

{P (view)+
i |δ(P (view)+

i ) = δ(zego
b )}, (4)

P−
b =

⋃
(view)

{⋃
i∈B

{P (view)−
i |δ(P (view)−

i )= δ(zego
b )}

⋃
j∈B

{P (view)+
j |δ(P (view)+

j ) ̸= δ(zego
b )}

}
,

(5)

where i, j denote the index from batch index set B, and
δ is a function to output the action class label of given
instances. Consequently, prototypical contrastive learning
directs the model’s activation toward affordance-relevant
regions. Specifically, object-level learning enhances focus
on object regions, and when affordance-relevant parts are
present, it further refines features to capture part-specific
information within the object.

3.4. Pixel Contrastive Learning
In prototypical contrastive learning, we encourage the model
to prioritize foreground objects over the entire image and,
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Figure 5. An illustration of binarizing objects within egocentric
images based on affordance criterion. The most salient pixel in each
exocentric object affinity map serves as a reference, establishing
a criterion to classify each pixel in the egocentric image as part of
an affordable region (Q+) or a non-affordable region (Q−). The
minimum value among ρ1, ρ2, and ρ3 is used as criterion.

within these objects, to focus on specific parts. However,
we remark that only the implicit guidance is provided on
each pixel of affordable parts. Thus, we additionally propose
pixel contrastive learning to supplement the fine-grained
localization capability by learning correspondences between
pixels in each egocentric image.
Part-level Clues within Egocentric Images. Symmetrically
to the use of egocentric view for gathering part clues in exo-
centric images, we utilize exocentric view as contextual cues
to capture part clues in egocentric images. Specifically, we
leverage the property of foundation models (CLIP) that they
are more responsive to salient objects [9]. Thus, we expect
stronger activations for affordable parts in egocentric images
compared to their exocentric counterparts when matched
with text prompts describing the part to perform a specific
action with. This is because exocentric images depict objects
in use, often capturing them at a small scale and making
them more susceptible to occlusions.

The overall process for egocentric part discovery is illus-
trated in Fig. 5. Initially, we determine the criterion ρ which
is used to distinguish pixels that belong to affordable parts
in egocentric images. The logic for deriving ρ ∈ RB is:

ρ = min
e∈E

max
h,w∈H,W

Aexo
obj . (6)

To clarify, we first compute the maximum value across the
spatial dimensions (H ×W ) for exocentric object affinity
map Aexo

obj ∈ RB×E×H×W , resulting in a tensor of shape
B×E. Then, we select the minimum value along the E axis,
which is the number of exocentric images paired with each

5214



Table 1. Performance comparison on the AGD20K and HICO-IIF datasets.

Method Model AGD20K-Seen AGD20K-Unseen HICO-IIF
KLD↓ SIM↑ NSS↑ KLD↓ SIM↑ NSS↑ KLD↓ SIM↑ NSS↑

Zero-Shot Vision-Language Model
Clear-CLIP [22] CLIP 1.573 0.294 0.945 1.723 0.262 0.976 1.746 0.252 1.032

Weakly Supervised Object Localization
SPA [36] - 5.528 0.221 0.357 7.425 0.169 0.262 - - -
EIL [30] - 1.931 0.285 0.522 2.167 0.277 0.330 - - -
TS-CAM [12] DeiT 1.842 0.260 0.336 2.104 0.201 0.151 - - -

Weakly Supervised Affordance Grounding
Hotspots [34] ResNet50 1.773 0.278 0.615 1.994 0.237 0.577 - - -
Cross-view-AG [28] ResNet50 1.538 0.334 0.927 1.787 0.285 0.829 1.779 0.263 0.946
Cross-view-AG+ [29] ResNet50 1.489 0.342 0.981 1.765 0.279 0.882 1.836 0.256 0.883
LOCATE [23] DINO 1.226 0.401 1.177 1.405 0.372 1.157 1.593 0.327 0.966
WSMA [47] DINO+CLIP 1.176 0.416 1.247 1.335 0.382 1.220 1.465 0.358 1.012
WorldAfford [6] DINO+CLIP+SAM+GPT-4 1.201 0.406 1.255 1.393 0.380 1.225 - - -
AffordanceLLM [38] LLAVA-7B - - - 1.463 0.377 1.070 - - -
Rai et al. [40] DINO+CLIP+GPT-3.5T 1.194 0.400 1.223 1.407 0.362 1.170 - - -
INTRA [17] DINOv2+ALBEF+GPT-4 1.199 0.407 1.239 1.365 0.375 1.209 - - -
Ours DINO+CLIP 1.124 0.433 1.280 1.243 0.405 1.368 1.358 0.378 1.231

egocentric image, ensuring that the weakest response among
the available exocentric images is considered. This is because
exocentric images do not necessarily capture objects at a
small scale; rather, some may be framed to emphasize only
the specific regions involved in the interaction. Consequently,
ρ is exploited to binarize the pixels of Aego

obj , distinguishing
affordance-relevant parts from other regions.
Selective Pixel Contrastive Learning. Part supervision
within the egocentric view may not always be available in
cases where exocentric images maintain a clear and unob-
structed focus on target objects. For such circumstances,
object-level learning is conducted instead to distinguish tar-
get object regions against background pixels. Thus, we uti-
lize the hyperparameter γ2 (equal to γ1) to distinguish target
object regions in the egocentric object affinity map Aego

obj ,
finding that a single shared value suffices for effective sepa-
ration.

Consequently, given J as the index set that contains in-
dices in which the corresponding egocentric image contains
pixels in object affinity map over ρ, positive and negative
sets are organized as below:

Q+
b =

{
{F̂ ego

b,h,w|A
ego
obj,b,h,w > ρb} if b ∈ J,

{F̂ ego
b,h,w|A

ego
obj,b,h,w > γ2} otherwise,

Q−
b =

{
{F̂ ego

b,h,w|A
ego
obj,b,h,w ≤ ρb} if b ∈ J,

{F̂ ego
b,h,w|A

ego
obj,b,h,w ≤ γ2} otherwise.

(7)

We note that the pixels in a positive set Q+
b are used as

anchors for pixel contrastive learning. Then, pixel contrastive
learning is formulated as follows:

Lpix
b =

−1

|Q+
b |2

∑
z∈Q+

b

∑
p∈Q+

b

log
exp(z ◦ p/τ)∑

n∈(Q+
b ∪Q−

b )

exp(z ◦ n/τ)
. (8)

This encourages the model’s attention to align with the dis-
covered pixel-level clues, ensuring its attention precisely

corresponds to affordance-relevant regions.

3.5. Calibrating the Class Activation Map
During inference, we follow previous works [23, 28, 47] to
directly employ CAM as an output localization map, repre-
senting affordable regions. However, CAM predictions often
produce a Gaussian-like distribution around each salient
pixel that extends beyond the actual object boundary. This
occurs because convolution-based projection layers are uti-
lized to encode local contexts, which spreads activations
across pixels within the receptive fields. To this end, we ap-
ply a calibration process by performing a Hadamard product
between the binarized object affinity map A and the CAM
prediction to limit activations to only the salient parts. Note
that the process of binarization of A is identical to the pro-
cess of distinguishing target object regions in Eq. 7.
Overall Objective. Our objective involving classification
loss, part-level prototypical contrastive loss, and pixel con-
trastive loss is expressed as L = Lce + λ1Lproto + λ2Lpix.

4. Experiments
Evaluation Settings. For evaluation, we use two datasets,
i.e., AGD20K [28], and HICO-IIF [47]. Results are evaluated
with Kullback-Leibler Divergence (KLD), Similarity (SIM),
and Normalized Scanpath Saliency (NSS). These metrics
evaluate the similarity and the correspondence between the
distributions of prediction and ground-truth heatmaps. Also,
we employ DINO ViT-S/16 and CLIP ViT-B/16 for all exper-
iments, and set E (the number of exocentric images per ego-
centric image) to 3, following previous works [6, 23, 40, 47].
For hyperparameters, our loss coefficients (λ1 and λ2) are
both set to 1. Also, for simplicity, threshold parameters (α
and γ) are each set to 0.6, while the bias β and temperature
τ are set to 1 and 0.5. These hyperparameters are set the
same across all datasets. Further discussions on datasets and
implementation details are in the Appendix.
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4.1. Comparison with the State-of-the-arts
In Tab. 1, we compare our proposed method against WSOL
and WSAG methods utilizing various backbones [1, 5, 15,
19, 26, 27, 39, 45]. Models trained for object recognition,
such as CLIP and WSOL methods, typically struggle with
part-level grounding, as they are not optimized for identi-
fying fine-grained affordance regions within objects. Yet,
accurately locating affordance parts is as challenging for
WSAG-tailored methods. Thus, methods leveraging recent
VLM and LLM have emerged [6, 17, 38, 40]. Particularly,
these methods often utilize LLMs to enumerate the char-
acteristics of affordable parts within objects to improve lo-
calization with fine-grained specifications. In this work, we
follow the experimental settings of [6, 23, 40, 47] to achieve
a notable performance improvement across various scenarios
and datasets, surpassing all previous approaches.

Particularly, we highlight the significant improvement in
unseen scenarios, where novel objects are introduced for
interaction. This is crucial in real-world applications, where
object categories cannot be predefined. We attribute these
gains to the properties of contrastive learning. First, our ap-
proach explicitly redirects attention away from background
context and toward affordable parts/objects by enforcing
contrastive objectives. This is especially beneficial when
handling unseen objects, where the model is more prone to
background distractions. Additionally, incorporating an aux-
iliary self-supervised objective has been shown to enhance
generalizability to novel objects [3, 32], further strengthen-
ing the model’s robustness in diverse affordance scenarios.

Fig. 6 shows qualitative results in seen and unseen do-
mains. Previous works tend to identify class-wise distin-
guishable parts rather than focusing on affordable regions.

Table 2. Study on model components. From left to right, we exam-
ine the benefits of object- and part-level prototypical contrastive
learning (Proto.), object- and part-level pixel contrastive learn-
ing (Pixel.), and the calibration process with an object affinity map.
Cali. indicates the calibration process of the localization map. Obj.
and P. denote object-level and part-level learning.

Proto. Pixel. Cali. AGD20K-Seen
Obj. P. Obj. P. KLD SIM NSS

(a) - - - - - 1.349 0.365 1.138
(b) - - - - ✓ 1.271 0.394 1.162
(c) ✓ - - - - 1.271 0.392 1.153
(d) ✓ - ✓ - - 1.219 0.402 1.215
(e) ✓ - ✓ - ✓ 1.198 0.419 1.198
(f) ✓ ✓ - - - 1.164 0.416 1.290
(g) ✓ ✓ ✓ - - 1.157 0.414 1.277
(h) ✓ ✓ ✓ ✓ - 1.142 0.415 1.303
(i) ✓ ✓ ✓ ✓ ✓ 1.124 0.433 1.280

For example, the bicycle frames or wheels are often high-
lighted instead of affordable parts for action “ride” (i.e., seat
or handlebars). Our approach improves affordance precision
by encouraging the model to focus on affordance-relevant
parts/objects while suppressing its activation on background.

4.2. Ablation Study
Our study on component ablation is reported in Tab. 2 with
fixed random seed. For our baseline, we employ the model
trained solely with the classification loss. We then progres-
sively integrate each learning strategy, noting that each com-
ponent of our approach contributes positively to affordance
grounding. Rows (c) and (d) demonstrate the impact of
object-level learning on (a), leading to significant perfor-
mance improvements in cases. These results validate our
strategy to introduce object-level learning for WSAG as
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Figure 8. Analysis of the impact of each training level, i.e., object
and part, with qualitative results.

object-level learning mitigates the model’s confirmation bias
toward unaffordable but visibly distinct parts. Additionally,
the results in (f) and (h) underscore the impact of direct part-
level learning, as part-level contrastive learning distinguishes
affordance-relevant parts and enhances the understanding of
partial details. Finally, the calibration process with an object
affinity map further improves the performances by bringing
two advantages: it refines the boundary and masks out the
object-irrelevant activations.

The impact of each training level is further illustrated in
Fig. 8. Our baseline model tends to focus on distinct parts
for each class, with activations predominantly occurring on
components such as the brush and center points of knives.
Next, we examine the effect of object-level learning, where
the model spreads activations from unaffordable parts to the
general object. When part-level learning is introduced, the
activation becomes more focused on regions that are more
likely to be interacted with. Finally, the calibration process
filters out the noisy activations surrounding the salient part
regions, enhancing the accuracy of affordance grounding.
These results demonstrate that the objectives of each training
level are appropriately reflected.

4.3. Study on Part and Object Level Supervision
In Fig. 7, we analyze each level of training guidance to scru-
tinize the benefits of our object- and part-level learning. First,

(a) displays the object affinity maps. Despite that object affin-
ity maps may have imprecise pixel-wise activation and only
identify the foreground at a coarse granularity, we observe
the accuracy in encompassing the action-associated objects.
In (b) and (c), we visualize the detected affordable parts for
exocentric and egocentric images, respectively. Specifically,
(b) visualizes the detected parts within the exocentric view.
Although occasional noise is present, the identified parts gen-
erally offer reliable guidance for affordance learning. In (c),
we exhibit the identified affordable pixels Q+ for part-level
pixel contrastive learning on egocentric images where acti-
vated pixels generally exhibit contextual consistency. These
findings affirm that our training guidance satisfiably reflects
our aim of gathering reliable supervision.

5. Conclusion

To enhance part-level learning, existing approaches have
employed distillation strategies to guide classifiers toward
affordance-relevant parts. Yet, since affordance cues are not
always distinguishable, training is often dominated by clas-
sification, which can lead the model to focus on details fre-
quently appearing in specific classes that may not correspond
to affordable parts. To address this issue, we introduced selec-
tive prototypical and pixel contrastive objectives that adap-
tively distinguish affordance-relevant cues from affordance-
irrelevant regions at both the part and object levels. Also, we
introduced a part discovery algorithm to extract affordance-
relevant parts within egocentric images while incorporating
a modified version of an existing approach to identify parts
in exocentric images. Lastly, we applied a localized map
calibration process using an object affinity map to mitigate
the activation spread caused by the receptive fields in our
convolution-based CAM predictions. Experimental results
validate the effectiveness of our approach.
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