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Figure 1. Visualization samples for lie on and ride affordances on egocentric images, comparing state-of-the-art methods with ours.

Abstract

Humans can perform previously unexperienced interac-
tions with novel objects simply by observing others en-
gage with them. Weakly-supervised affordance ground-
ing mimics this process by learning to locate object re-
gions that enable actions on egocentric images, using ex-
ocentric interaction images with image-level annotations.
However, extracting affordance knowledge solely from ex-
ocentric images and transferring it one-way to egocentric
images limits the applicability of previous works in com-
plex interaction scenarios. Instead, this study introduces
LoopTrans, a novel closed-loop framework that not only
transfers knowledge from exocentric to egocentric but also
transfers back to enhance exocentric knowledge extraction.
Within LoopTrans, several innovative mechanisms are in-
troduced, including unified cross-modal localization and
denoising knowledge distillation, to bridge domain gaps be-
tween object-centered egocentric and interaction-centered
exocentric images while enhancing knowledge transfer. Ex-
periments show that LoopTrans achieves consistent im-
provements across all metrics on image and video bench-
marks, even handling challenging scenarios where object
interaction regions are fully occluded by the human body.
All models and codes will be made publicly available.

1. Introduction

The term “affordance,” first introduced by J.Gibson [14], is
later formalized in computer vision and robotics to typically
describe the “action possibilities” offered by objects [2, 10,
31, 35, 48], such as a knife affords cutting or a bicycle af-

fords riding. Affordance grounding [7, 10, 11, 32, 34] fur-
ther refines this by not only predicting the actions an ob-
ject can afford but also pinpointing the specific regions that
enable those actions, e.g., a bicycle’s handlebars for push-
ing and both its handlebars and seat for riding (see Fig 1).
In contrast to most vision perception systems that primar-
ily focus on how objects appear, such as instance and part
segmentation, affordance grounding emphasizes how ob-
jects function. This is essential for embodied intelligent
agents to actively interact with and use objects in the real
world [1, 12, 16, 41, 43], while also facilitating downstream
tasks such as object manipulation [3, 17] and human-object
interaction [5, 15].

Humans can infer precise affordance grounding on ob-
jects across diverse actions and environments, even per-
forming unfamiliar interactions with novel objects, simply
by observing others interact with them. To mimic this learn-
ing process, we follow a practical weakly-supervised affor-
dance grounding setting [24, 26, 28, 33], learning object af-
fordances from human-object interaction images or videos
without using any pixel-level affordance annotations. As
shown in Fig 1, given exocentric human-object interaction
images and object images with corresponding interaction
labels (e.g., lie on) during training, the goal in inference is
to ground the affordances of each interaction label on the
target egocentric object image.

Two essential yet challenging cores of affordance
grounding are (1) extracting affordance knowledge from
exocentric interactions and (2) transferring it to egocentric
localization. On one hand, to extract affordance knowl-
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Figure 2. Comparison of (a) one-way exo-to-ego transfer framework [26, 45], (b) one-way transfer with feature selection [24], and (c) our

closed-loop transfer framework, LoopTrans.

edge, current methods [19, 24, 45] primarily rely solely
on exocentric interaction images, using CAM [47] to gen-
erate activation maps and representing interaction knowl-
edge using image features from activation maps, as shown
in the “exocentric+KE” branch in Fig 2a-b. However, the
diversity and complexity of interaction scenes make exo-
centric images alone insufficient to produce precise affor-
dance activation, leading to vague, broad regions that may
include background or human body parts in simple scenar-
ios, and scattered attention, sometimes even entirely un-
related to affordance localization, in more complex inter-
actions (see Appendix). On the other hand, transferring
knowledge to egocentric localization presents notable chal-
lenges due to the significant domain gap between exocentric
and egocentric images, as well as the increased difficulty
of transferring knowledge from occluded objects in interac-
tion regions. First, exocentric images are often cluttered,
with small and potentially occluded interaction regions,
while egocentric images are clear and object-centered. Most
methods [26, 45] that constrain the appearance similarity of
affordance regions between exocentric and egocentric im-
ages fail to address knowledge transfer in complex inter-
action scenes with large domain gaps, often resulting in the
mislocalization of non-affordance object parts, as illustrated
in the “egocentric+AL” branch in Fig 2a). Second, while
the recent advance [24] proposes part selection (Fig 2b)
on egocentric images to mitigate partial occlusion issues,
it still relies on exocentric interaction appearance for guid-
ance, limiting their applicability in fully occluded interac-
tions, such as “lie on” and “ride,” as shown in Fig 1.

In this paper, we propose a novel closed-loop knowl-
edge transfer framework, LoopTrans, to address these chal-
lenges. Unlike the conventional one-way, non-closed-loop
pipeline from exocentric interaction to activation and then
to egocentric localization (see the arrow flow in Fig 2a and
2b), LoopTrans introduces an innovative closed-loop mech-
anism that enables egocentric localization to feed back into
knowledge attention (Fig 2c). LoopTrans’s dual design nat-
urally addresses key challenges: (1) Egocentric localiza-
tion on simple, object-centered egocentric images provides
clear localization without interference from the background
or human body. It can naturally be used to refine knowl-
edge activation in complex exocentric images (see
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arrow flow in Fig 2c), focusing more precisely on potential
affordance regions and resolving coarse and scattered acti-
vation issues. (2) In turn, the shared and unified affordance
knowledge activation learning across exocentric and ego-
centric modalities (see green arrow flow in Fig 2¢) not only
reduces the domain gap but also enables direct use of ego-
centric activation to transfer affordance knowledge (see red
arrow flow in Fig 2c), bypassing exocentric-to-egocentric
appearance transfer and naturally overcoming transfer diffi-
culties caused by occlusions in egocentric interactions.

Specifically, LoopTrans works as follows in a closed-
loop process. First, interaction — activation: Based on
image-level affordance labels, LoopTrans learns a unified
classifier for both egocentric and exocentric images, using a
shared CAM to highlight both their affordance knowledge
activation. Exocentric images provide interaction knowl-
edge, while egocentric images help CAM activation focus
more on the object, reducing background and human body
interference. More importantly, this shared CAM can ef-
fectively identify affordance regions in egocentric objects
even when interactions in exocentric images are fully oc-
cluded. Second, activation — localization: Thanks to the
shared knowledge attention, LoopTrans refines egocentric
localization directly through egocentric activation, rather
than relying on exocentric-to-egocentric appearance trans-
fer as in previous methods, thereby reducing the challenges
of cross-domain knowledge transfer. LoopTrans directly se-
lects clustered object parts in egocentric images based on
egocentric activation, refining coarse activation regions into
precise affordance localization. Third, localization — ac-
tivation: LoopTrans leverages more precise localization to
improve knowledge activation for both egocentric and exo-
centric images. Given the noisier background of an exocen-
tric image compared to an egocentric one, we introduce a
novel denoising distillation method. Using exocentric acti-
vation as an anchor, we align the egocentric activation with
this anchor while distancing its noise, thereby sharpening
the focus on more precise and complete affordance regions
and effectively segregating background noise. These three
components form the end-to-end LoopTrans, establishing
a closed-loop knowledge transfer from activation to local-
ization and back, enhancing the precision and transfer of
affordance knowledge.



In summary, our main contributions are multi-fold:

* We are the first to propose a closed-loop knowledge trans-
fer mechanism for affordance grounding, where exocen-
tric knowledge activation and egocentric localization mu-
tually enhance each other in a closed loop.

We propose a shared CAM that enables unified knowl-
edge activation using both exocentric and egocentric im-
ages. It not only leverages object-centered egocentric im-
ages for clearer activation but also addresses challenges
in cross-domain transfer.

We introduce a novel denoising distillation mechanism
that transfers egocentric localization back into the shared
CAM, reducing the impact of background noise from ex-
ocentric images and focusing activation on object regions.
Our LoopTrans achieves significant and consistent im-
provements in weakly-supervised affordance grounding
across all metrics on both image and video benchmarks,
demonstrating its effectiveness and robustness.

2. Related Work

Learning to Localize from Weakly Supervision. Weakly
supervised localization tasks often rely on image-level la-
bels or keypoint annotations to guide object localization and
segmentation. A foundational approach, Class Activation
Map (CAM) [47], highlights discriminative regions linked
to image-level labels but often misses less salient areas. To
address this, methods have incorporated augmented train-
ing [30, 44] and semantic [13, 20, 46] and spatial priors [38]
to improve the completeness and accuracy of highlighted re-
gions. Recently, weak supervision has been extended to af-
fordance localization, where models learn from exocentric
images or videos of human-object interactions and transfer
activation maps based on affordance labels into egocentric
images for localization [24, 26]. Despite using interaction
data, the task remains challenging due to the diversity of
exocentric scenes. Some studies [26, 28] aim to decom-
pose interactions into shared affordance features and indi-
vidual biases, while [27] extracts hand actions to support
affordance inference. Also, some methods leverage knowl-
edge priors, such as [45], which employ CLIP [40] to refine
affordance grounding with text-based cues.

Visual Affordance Grounding focuses on identifying im-
age or video regions likely corresponding to specific hu-
man interactions. Early methods relied on small datasets
with pixel-level annotations [7, 10, 21, 32], using object
geometry [32] or appearance [21] to infer affordances.
More recent approaches favor weakly supervised methods,
which are more feasible in real-world scenarios. Stud-
ies [42] demonstrate that effective affordance localization
can be achieved using minimal keypoint annotations. Later
works [26, 33] incorporate human-object interaction (HOI)
priors, relying solely on affordance category labels to re-
duce annotation costs. However, the diversity and complex-
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ity of HOI scenes introduce new challenges for model learn-
ing. To address these, [27] uses hand cues to reduce action
ambiguity, while [26] decomposes interactions to capture
shared affordances across diverse contexts. Approaches like
[45] and [24] employ localized knowledge transfer to filter
out irrelevant backgrounds, with [24] further adding a part
selection to isolate specific object-part features. Recogniz-
ing the limitations of traditional activation maps in complex
scenes, [45] and [19] incorporate auxiliary activations from
CLIP and large language models for improved support. Ad-
ditionally, AffordanceLLM [39] leverages the world knowl-
edge and localization strengths of CLIP to enhance gener-
alized affordance localization.

3. Preliminary

Problem Definition. Given pairs of exocentric and egocen-
tric images with image-level affordance labels, weakly su-
pervised affordance grounding [26, 28, 33] aims to extract
interaction knowledge from exocentric images and accu-
rately locate object parts corresponding to affordance labels
in egocentric images. Specifically, given a pair of exocen-
tric and egocentric images, {1°*°, I°¢°} along with N affor-
dance categories {ci,...,cn}, the objective is to generate
egocentric affordance activation maps G € RHXWXN
corresponding to the NV categories. Here, H and W are the
height and width of feature maps, respectively.

Visual Feature Extraction. Self-supervised ViT DINO [4]
is employed to extract image patch features, denoted as
Fexo ¢ RHXWXC gpd Feeo ¢ REXWXC where C is
the feature dimension. The interaction-focused exocentric
feature F*° encodes affordance knowledge by highlight-
ing interaction regions and types, while the object-centered
egocentric feature F°¢° concentrates on object-specific in-
formation without background and human interference.
Class Activation Mapping (CAM) [47] provides a mech-
anism for localizing affordance activation regions through
image-level weakly-supervised learning. Given an input
feature map F € R7*WXC it is first transformed via an
MLP followed by a two-layer convolutional block. A sub-
sequent 1 X 1 convolutional layer with IV category-specific
kernels generates activation maps G € RHXWXN “where
each kernel’s output corresponds to the activation region
for a specific affordance category. Activation maps undergo
global pooling to generate activation scores for final class
probability prediction. The CAM process is defined as:

N R
Las=—Y ;_I(c; = ¢)logo(z),
where ©cam represents the CAM module, 6 is the train-
able parameters of CAM, GAP(-) denotes global average

pooling, 2 € RY represents activation scores, with class
probabilities from the sigmoid function o. I is the indicator
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Figure 3. Overall framework of our proposed LoopTrans enables closed affordance knowledge transfer, with the process interaction —

activation — localization

function, and L is the classification loss designed to align
the predicted probability with the ground-truth label ¢. By
directly minimizing this classification loss based on the acti-
vation scores, its corresponding activation maps effectively
highlight the regions of the affordance category.

One-Way Exo-Ego Transfer. As affordance-based knowl-
edge sources are egocentric and localization targets are
exocentric, spanning different image domains, existing
methods have predominantly employed a one-way frame-
work that aligns exocentric features to egocentric ones for
grounding [19, 24, 26-28, 33, 45]. They use two indepen-
dent CAM modules to activate affordance regions in exo-
centric and egocentric images separately, then align the fea-
tures corresponding to the two activation regions. Specifi-
cally, for paired images I**° and I°%° sharing the same cat-
egory ¢, paired CAM modules with distinct parameters °*°
and 0°¢° are employed to produce the corresponding acti-
vation maps G° and G°°. The activation maps are then
combined with feature maps through weighted averaging to
obtain corresponding features h®™° and h®°, which are fi-
nally aligned to achieve one-way transfer. The entire com-
putational process is formulated as follows:

heXO — GAP (R(gg)m) o FXO) ,
heE = GAP (R(G) 0 ), Lagn = [|h™ — h]3,
2)
where R(-) and o denote min-max normalization and the

Hadamard product, respectively. G&*° denotes the activation
map of class ¢ in G*°, and || - || means L2 norm.

4. Method

Overview. Existing weakly supervised affordance ground-
ing methods face two critical limitations: (1) one-way
feature alignment heavily depends on exocentric features.
However, exocentric activation regions often include hu-
man hands or body parts, blending object information with
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activation, spanning both exocentric and egocentric domains.

background elements. This prevents egocentric activation
features and maps from focusing solely on the object, while
isolated CAM modules further amplify view discrepancies.
(2) one-way exocentric-to-egocentric transfer underutilizes
the object-centric nature of egocentric images, which could
also aid exocentric activation. A bidirectional transfer en-
hances activation consistency and mitigates the domain gap
between context-rich exocentric and object-centric egocen-
tric images. Therefore, we propose LoopTrans, a closed-
loop framework (Fig. 3), which facilitates the knowledge
transfer in a loop, including three key stages:

* Interaction — Activation. We achieve shared interac-
tion knowledge activation and transfer through a unified
CAM module jointly trained on both views (Sec 4.1). Our
shared activation allows exocentric interaction patterns to
directly activate object-centric affordance regions in ego-
centric images, effectively eliminating background inter-
ference caused by explicit feature alignment.

Activation — Localization. Leveraging egocentric im-
ages’ object-centric nature, we use DINO feature clus-
tering to extract object parts and train a pixel decoder
with part-level pseudo-masks to refine coarse activation
maps from the previous stage into precise, egocentric af-
fordance localization (Sec 4.2).

Localization — Activation. Refined egocentric localiza-
tion from the second stage is fed back to enhance shared
knowledge activation in the first stage, eliminating irrel-
evant context and directing activation toward affordance-
relevant objects via our denoising distillation (Sec 4.3).

4.1. Unified Exo-to-Ego Activation

In this section, we aim to extract interaction knowledge
to jointly highlight activation maps from exocentric and
egocentric images. Instead of previous one-way ground-
ing methods that process exocentric {I*°} and egocentric
{I°¢°} images separately using distinct CAM modules, we
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O3 (b) The mechanism of our denoising distillation; (c) Exo-
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propose Oscam, @ Shared CAM module that unifies exo-ego
activation through parameter sharing and co-training.

Specifically, while preserving the vanilla CAM architec-
ture [47] (as illustrated in Fig 4a green), Oscam processes
both exocentric features F**° and egocentric features JF°£°
using identical learnable parameters 6, as follows:

gexo7 gego — @SCAM ({J,—_-exo7 J,—_-ego}; 0) ,

2%, 2% = GAP(G™°), GAP(G*®°), 3)
Las= =30 I(ci = &) log (a(25°) - 0(22))

where shared parameters 6 enforce cross-view consistency.
The classification loss L., maximizes joint confidence
o (28%°) - o(2;%°) for class ¢, driving Oscam to align affor-
dance predictions across views. This bidirectional synergy
allows exocentric activations to suppress human-body in-
terference using egocentric object cues, while egocentric
maps implicitly acquire affordance interaction knowledge
from exocentric interaction context.

Notably, to further mitigate background and human
noise in exocentric images during shared activation, we in-
troduce multiple noise-absorbing heads into the final acti-
vation convolutional layer, as illustrated in Fig 4a purple.
These heads isolate non-affordance context and background
noise for exocentric images, effectively reducing domain
gap-induced interference in cross-view shared activations.
The detailed implementation and functionality of these
heads are elaborated in Section 4.3.

4.2. Region Activation to Pixel Localization

Leveraging our unified knowledge extraction through
shared CAM, LoopTrans can directly generate the ego-
centric activation map G°°, thereby alleviating the chal-
lenges associated with cross-domain knowledge transfer.

However, both weakly-supervised object localization and
affordance grounding tasks have long faced a key chal-
lenge [13, 23,26, 46]: CAM highlights only the most salient
regions, resulting in activation maps that inadequately cover
the entire interaction part. To address this, we transform the
coarse and even ambiguous knowledge activation maps into
clearly defined object part pseudo-masks (Sec 4.2.1). Fur-
thermore, we train a pixel-level affordance decoder Oy
that utilizes the pseudo-masks to generate accurate affor-
dance localization. (Sec 4.2.2).

4.2.1. Activation to Object Part

We leverage the properties of the self-supervised ViT
DINO [4] to partition egocentric images into semantically
distinct parts through unsupervised clustering, subsequently
generating pseudo-labels that encompass complete object
parts based on the activation map G°¢°. Specifically, given
the egocentric image feature F°2° that mainly contains ob-
jects, we first apply unsupervised clustering to divide them
into K parts {01, ...,0x}, where o, € {0,1}*W_ Each
part o, is assigned a clear and distinct semantic region, such
as bench — backrest, armrest, seat, and background, as il-
lustrated in the top right corner of Fig 3. Next, we select the
part with the highest Intersection over Union (IoU) score
relative to the activation map G**° as the accurate localiza-
tion result, which serves as the pseudo mask M°. The
detailed computational process is as follows:

M = argmax IoU (okJI(R(QSg“) > M)) ) 4)

op€f{o1, 0K}

where G:*° means the activation map for class ¢, and g is
the threshold used to filter foreground, and I(- > ) is an
indicator function that returns 1 when the value is greater
than or equal to the threshold p, and O otherwise.

4.2.2. Object Part to Localization

The objective of this section is to train a pixel-level af-
fordance decoder, ©,ixe1, Which employs region-complete
pseudo mask, M°®°, as supervision to learn the final af-
fordance localization in exocentric images. Opixel has the
same architecture with ©capy but has its own learnable pa-
rameters. Given the feature F°° of the input egocentric
image and the corresponding pseudo mask M°®°, we feed
F°€° into Opixel to obtain the per-pixel localization map
P € REXWXN Here, N represents the number of affor-
dance categories, 0 < P; ; . < 1 represents the probability
that the pixel at position (4, j) of the image corresponds to
the localization of the c-th affordance class, and we denote
Ps € REXW ag the probability map corresponding to affor-
dance category ¢. We supervise the pixel-level affordance
decoder using Lpixe1, Which combines dice [25] with MSE
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losses, as follows:
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With per-pixel supervision, LoopTrans achieves precise
and complete localization region for affordances. More im-
portantly, comprehensive supervision at the object-region
level ensures consistency in knowledge transfer across im-
ages, fundamentally addressing the information asymmetry
during transferring caused by domain difference between
exocentric and egocentric.
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4.3. Ego-to-Exo Denoising Distillation

Precise affordance activation in exocentric images is hin-
dered by scene complexity and small object scales, where
conventional CAMs tend to over-activate human-centric re-
gions while overlooking subtle interaction cues (Fig 4c). To
address this limitation, we introduce the denoising distil-
lation that reverse-propagates pixel-level affordance priors
from egocentric to exocentric views, thereby refining in-
teraction knowledge by effectively suppressing background
and human interference.

As shown in Fig 4a-b, our denoising distillation mech-
anism enhances the SCAM module by integrating paral-
lel noise-absorbing heads, forming O, This exten-
sion aims to explicitly isolate non-affordance patterns (e.g.,
human limbs, cluttered backgrounds) from exocentric fea-
tures. Given an exocentric feature map F*°, we simultane-
ously generate the primary affordance activation G™*° and

M noise-specific activations G"¢ ¢ RHXWXM through
additional M convolution kernels:

gexo7 gnoise _ ;g(;iﬁ(fexo; 0+noise)

1% = GAP(R(GE®) 0 ) ©

fP = GAP(R(P;) o F&°),
{£m"} = GAP (R({G"*}) 0 F°)

where 6*7°'¢ denotes the parameters with additional noise-
absorbing heads, R is defined in Line-269 and P: repre-
sents the egocentric localization result corresponding to the
target class ¢ (defined in Line-386). The Hadamard product
o, followed by global average pooling (GAP), is used to
extract exocentric affordance activation features f*°, noise
features f1°'¢, and egocentric localization feature fP*el,

To ensure f1°5¢ captures noise effectively while direct-
ing affordance activation G£*° toward affordance regions,
we introduce a denoising distillation mechanism. The core
idea is to align exocentric affordance-related features f<*°
with clean egocentric object features fP*¢!, while enforc-
ing noise features f"°*° to diverge from affordance-related
features f°*°. This naturally pushes noise activation toward

noise
m
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object-irrelevant contexts and background regions. The de-
noising distillation is as follows:

S;lr?,ise7 spixel _ Sim(f:,?ise, fex0)7 Sim(fpixel, fexo)

Lan = log(1+ X0, exp((si™ — P*)/7),
where sim(a, b) denotes the cosine similarity calculation,
stoise ¢ R represents the similarity between the noise fea-
tures of the m-th noise-absorbing head and the exocentric
activation features, and sP*¢! ¢ R! denotes the similarity
between the egocentric localization features and the exo-
centric activation features. The loss function encourages the
exocentric activation features to align with the precise local-
ization features from the pixel decoder while penalizing the
similarity between the affordance of exocentric images and
irrelevant background features.

Finally, the overall loss for LoopTrans is defined as:

)

L = AasLes + AdginLain + )\pixelﬁpixel + )‘COIT‘CCOYH )]

where Acis, Adill, Apixels Acorr TEPresents the weights assigned
to the different loss components. Lo, is used to align the
affordance correlations between exocentric and egocentric
images following [26, 45]. The entire model is trained in an
end-to-end manner.

S. Experiments

5.1. Datasets and Implementation Details

Image Benchmarks and Metrics. Following previ-
ous works [19, 24, 26, 45], we conduct experiments on
AGD20K [26], which includes the splits “Seen” and “Un-
seen”, as well as HICO-IFF derived from HICO-DET [5]
and IIT-AFF [34]. For a fair comparison, we adopt the same
metrics as in previous works for performance evaluation:
Kullback-Leibler Divergence (KLD), Similarity (SIM), and
Normalized Scanpath Saliency (NSS).

Video Benchmarks and Metrics. Following works [27,
33] in video affordance localization, we evaluate using
the OPRA [11] and EPIC-Kitchens [9] datasets. Notably,
videos of the EPIC-Kitchens dataset are collected from
YouTube. However, since some resources are no longer
available, results in Table 2 marked with the t represent
experiments conducted with the full dataset, yielding out-
comes that are currently unattainable with the accessible
subset. For evaluation, we use the most common metrics
in video affordance localization—KLD, SIM, and the Area
Under the Curve for the Jaccard index (AUC-J). For more
details on the datasets, please refer to the Appendix.
Implementation Details. Following [24, 26, 28, 45], we
set the input image resolution to 224 x 224. For video in-
puts, we sample 8 frames at equal intervals and similarly
resize them to 224 x 224. The cluster number £ is set to 4.
All experiments are conducted on a single NVIDIA TITAN,
using SGD as the optimizer with a learning rate of 1 x 1073,



AGD20K-Seen AGD20K-Unseen HICO-IFF

Method Pub.

KLD| SIMt NSSt KLD] SIMt NSSt KLD| SIMtT NSSt
Weakly Supervised Object Localization
SPA [37] CVPR21 5.528 0221 0357 7425 0.169 0.262 — — —
EIL [29] CVPR20 1.931 0.285 0.522 2.167 0277  0.330 — — —
TS-CAM [13] ICCV21 1.842 0260 0.336 2.104 0201  0.151 — — —
Affordance Grounding
Hotspots [33] ICCV19 1.773 0278  0.615 1.994 0237 0.577 — — —
Cross-view-AG [26] CVPR22 1.538 0334  0.927 1.787  0.285  0.829 1.779 0263  0.946
Cross-view-AG+ [28] — 1.489 0342  0.981 1.765 0279  0.882 1.836 0.256  0.883
LOCATE [24] CVPR23 1.226  0.401 1.177 1405 0372 1.157 1.593 0.327  0.966
WSMA [45] AAAI24 1.176 0416  1.247 1.335 0.382  1.220 1465 0.358 1.012
INTRA [19] ECCV24 1.199 0407 1.239 1.365 0375  1.209 — — —
Ours — 1.088  0.445 1.322 1.247 0403 1315 1.399 0379 1.226

Table 1. Comparison results on AGD20K-Seen, AGD20K-Unseen, and HICO-IFF benchmarks, where interaction knowledge is derived
from exocentric images. The highest performance is bolded, and the second-highest is underline.

EPIC OPRA
Method
KLD | SIM 1 AUC-J 1 KLD | SIM 1 AUC-J 1
Img2heatmap [33] 1.400 0.359 0.794 1.473 0.355 0.821
Supervised Demo2Vec [11] — — — 1.197 0.482 0.847
Afformer [6] 0.97 0.56 0.88 1.05 0.53 0.89
Hotspot' [33] — — — 1.427 0.362 0.806
HAG-Net [27] — — — 1.409 0.365 0.812
Weakl MLNET [8] 6.116 0.318 0.746 4.022 0.284 0.763
cakly EGOGAZE [18] 2.241 0.273 0.614 2428 0.245 0.646
Supervised SALGAN [36] 1.508 0.395 0.774 2.116 0.309 0.769
DEEPGAZEII [22] 1.352 0.394 0.751 1.897 0.296 0.720
Hotspot [33] 1.258 0.404 0.785 1.537 0.342 0.754
HAG-Net [27] 1.209 0.414 0.801 — — —
Ours 1.130 0.431 0.827 1.429 0.358 0.804
e v LOCATE [24] 1.382 0.394 0.668 1.620 0.342 0.682
Image lt." ‘t].'deo WSMA [45] 1.425 0.371 0.720 1.536 0.344 0.748
genrafization Ours 1.244 0.405 0.785 1.457 0.355 0.789

Table 2. Comparison results on EPIC and OPRA benchmarks, where interaction knowledge is derived from exocentric videos.

5.2. Comparison with State-of-the-Art Methods

Comparison on Image Benchmarks. As shown in Table 1,
we compare LoopTrans with state-of-the-art methods across
three benchmarks (including both splits of AGD20K). Our
approach consistently outperforms all existing methods
across all evaluation metrics and settings. On AGD20K,
we achieve average improvements of 6.7% over the the pre-
visou best-performing model WSMA [45] in KLD, SIM,
and NSS, representing a relative increase of 236% com-
pared to the gap between prior state-of-the-art methods. Un-
like WSMA, which uses additional text domain prompts
as a medium for knowledge transfer, our LoopTrans fun-
damentally addresses localization challenges and inaccu-
racies in knowledge extraction caused by the domain gap
through a unified shared CAM and a reverse egocentric-to-
exocentric denoising distillation. Additionally, compared
to LOCATE [24], which refines exocentric-to-egocentric
transfer through feature selection, our shared CAM demon-
strates more accurate knowledge transfer under occlusion
and in complex scenes, yielding improvements of 11.3%
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across all three metrics. For HICO-IFF, our consistent im-
provement of 10.5% over WSMA further underscores the
effectiveness and adaptability of LoopTrans.

Comparison on Video Benchmarks. As shown in Table 2,
we comprehensively evaluate the proposed LoopTrans on
video datasets from two perspectives: weakly supervised
learning and image-to-video generalization. In both set-
tings, LoopTrans consistently outperforms other methods,
demonstrating substantial improvements in cross-domain
knowledge transfer between exocentric and egocentric do-
mains and significantly enhancing affordance localization
accuracy. (1) Weakly Supervised Setting: We compare
LoopTrans with approaches that leverage temporal interac-
tion knowledge through dedicated temporal modules. On
the EPIC dataset, LoopTrans achieves an average improve-
ment of 4.6% over HAG-Net [27]; on the OPRA dataset, it
improves by 6.1% over Hotspot [33]. These gains highlight
how our unified shared CAM not only bridges the domain
gap between exocentric and egocentric perspectives but also
supports robust knowledge transfer across video and im-



Unified Pixel Denoising
CAM Alignment Distillation KLDy SIMT NSST
1.318 0.384 1.135
= v 1.259 0.409 1.179
3 v 1.251 0.392 1.196
»n v v 1.149 0.425 1.266
v v 1.222 0.405 1.183
v v v 1.088 0.443 1.322
1.635 0.332 0.853
g v 1.508 0.341 1.122
£ v 1.468 0.344 1.157
5 v v 1.335 0.394 1.258
v v 1.431 0.368 1.189
v v v 1.247 0.403 1.315

Table 3. Ablation study on AGD20K benchmark.

age modalities, even with substantial modality gaps. (2)
Image-to-Video Generalization: Trained on the AGD20K
image dataset, LoopTrans is evaluated exclusively on video
datasets. Against the current state-of-the-art open-source
method, WSMA, LoopTrans achieves a further improve-
ment of about 7.5%, underscoring its adaptability and ro-
bustness in bridging domain gaps. Notably, our framework
performs consistently across exocentric benchmarks with-
out requiring specialized temporal modules.

5.3. Ablation Study and Discussions

Beginning with our baseline, we develop six model vari-
ants across two subsets of AGD20K, conducting a total of
12 ablation experiments to rigorously evaluate the contribu-
tions of our modules as shown in Table 3. (1) Baseline
Model: In this configuration, we use the one-way affor-
dance grounding pipeline, LOCATE [24], as our baseline,
without applying feature selection. We use Loy [20, 45]
to transfer knowledge instead. (2) Shared CAM: We then
examine the standalone impact of the shared CAM, find-
ing consistent performance improvements (+4.5%) on seen
split over KLD. This improvement indicates that our shared
CAM effectively facilitates knowledge extraction and acti-
vation between exocentric and egocentric images, enabling
each domain to leverage the strengths of the other and mit-
igate its own limitations. (3) Denoising Distillation: Next,
we evaluate the effect of the Denoising Distillation mecha-
nism, which enhances baseline performance by 5.1%. This
mechanism reinforces egocentric information back to the
exocentric data, establishing a closed-loop knowledge cy-
cle that enables CAM to filter out background noise and
human-related artifacts, thereby directing attention to inter-
active objects. (4) Pixel Alignment: Since pixel alignment
requires precise activation maps for egocentric images, and
the baseline’s one-way framework only provides exocen-
tric knowledge, we conduct the ablations combining Shared
CAM with Pixel Alignment. Compared to using Shared
CAM alone, Pixel Alignment further improves performance
by 8.7%, demonstrating its ability to refine initial knowl-
edge activation maps into more regionally complete object
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AGD20K-Seen AGD20K-Unseen

LOCATE Cross-AG+

WSMA

Ours
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Figure 5. Visualization results compared with existing methods.

segments, thus enhancing localization accuracy. (5) Shared
CAM with Denoising Distillation: We also investigate the
combination of Shared CAM with Denoising Distillation,
achieving an average performance increase of 7.5% over
using either component independently. This suggests that
refined exocentric information, fed back from the final exo-
centric localization, better bridges the domain gap between
exocentric and egocentric images, while shared knowledge
extraction enhances the final affordance localization. (6)
Ultimately, our complete model exhibits notable perfor-
mance, achieving 1.088, 0.443, and 1.322 on KLD, SIM,
and NSS metrics, respectively, on the seen split.

5.4. Visualization

As shown in Figure 5, we present additional qualitative
affordance grounding results. Compared to Cross-View-
AG+ [28], LOCATE [24], and WSMA [45], our approach
significantly outperforms them in both localization accu-
racy and completeness. Notably, for occlusion-prone af-
fordances like “sit on” and “catch”, our method achieves
precise localization, while previous methods struggled due
to occlusion. Moreover, our pixel-level decoding ensures
that localized regions are precise, unlike the vague and
broad results of prior methods. Additionally, our closed-
loop knowledge transfer enables significantly better perfor-
mance on challenging unseen splits compared to feature-
based one-way approaches.

6. Conclusion

This paper proposes a closed-loop knowledge transfer
framework for weak affordance localization. By incorpo-
rating shared knowledge extraction, pixel-level alignment,
and positive knowledge feedback with denoising distilla-
tion, our model achieves consistent and significant improve-
ments across all benchmarks.
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