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Abstract

Mutual understanding is grounded in sharing internal states such as
beliefs, evaluations, and feelings, which cannot be observed directly
but can be inferred from externally observable behavior. Reading
such interpretations from observation enables computational shar-
ing that supports deeper mutual understanding. As a first step, we
focus on how much an action deviates from what is typical of the
place, since such deviations tend to reveal intentions and circum-
stances. We call the collective tendency of actions associated with
a place its place affordance, and define semantic deviation as the
degree to which an action departs from it. Detecting semantic devi-
ation requires two capabilities: describing the place affordance from
a background image, and extracting the deviating action component
from an observation image. We investigate whether multimodal
embedding models can provide foundational signals for both, using
ImageBind. For the first, results suggest ImageBind can discrimi-
nate typical from atypical actions to some extent zero-shot. For the
second, we propose a difference vector indicator subtracting the
background embedding from the observation embedding. Experi-
ments on synthetic images with controlled typicality suggest that,
under atypical conditions, the deviating component surfaces as a
rise in relative rank for most action classes.
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1 Introduction

Mutual understanding between people is grounded in sharing with
others the commonalities of internal states about the world such
as beliefs, evaluations, and feelings, as characterized in the Shared
Reality framework [7, 11]. We advocate an information and commu-
nication paradigm called the Internet of Realities (IoR) [1, 26]. IoR
seeks to computationally represent not only physically observable
facts but also individuals’ subjective interpretations of the world.
Its goal is to support deeper mutual understanding between people.
Realizing this goal requires reading each person’s subjective inter-
pretation from what is externally observable and turning it into a
form that can be represented and shared computationally.

Subjective internal states cannot be directly observed from the
outside. But behavior is externally observable, and since people act
with intentions of their own, behavior partly reflects the subjectivity
of the actor. Thus, what we seek to understand is not the behavior
itself but the internal states behind it. In particular, behaviors that
are not usually seen in a given place tend to reveal that person’s
intentions and circumstances. In this paper, we refer to the collec-
tive tendency of typical actions that many people associate with a
given place as the place affordance [8, 17], and we define semantic
deviation as the degree to which a person’s action diverges from
this place affordance. This study computationally addresses this
semantic deviation as a first step toward reading subjective interpre-
tations from the outside, targeting deviation from population-level
typicality rather than individual subjective interpretation.

The relation between a place and the actions performed in it
is not a question limited to the understanding of subjectivity; it
appears commonly across multiple fields such as action recognition
and video anomaly detection. Choi et al. [4] pointed out the diffi-
culty of dependence on scene context in action recognition, and
Chen et al. [3] noted the difficulty of judgments in which the same
behavior is normal or abnormal depending on the place, illustrated
by the contrast between running on a beach and running on a
street. However, to the best of our knowledge, no framework has
been proposed that systematically and quantitatively evaluates this
semantic deviation.

In this study, we propose a framework that determines semantic
deviation by comparing the place affordance obtained from the
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Figure 1: Conceptual diagram of semantic deviation determination: the place affordance from the background image is compared
with the action component from the embedding difference between the observation and background images.

background image with the action component obtained from the
embedding difference between the observation image and the back-
ground image (Figure 1). This framework requires two capabilities.
The first is the capability to describe the place affordance from
a background image. The second is the capability to extract the
action component that deviates from the place affordance through
the embedding difference between the observation image and the
background image. Using ImageBind [9], a multimodal embedding
model that maps heterogeneous modalities into a common latent
space, as the evaluation target, this study poses the following ques-
tions corresponding to these two capabilities.

Question 1 Can a multimodal embedding model describe place
affordances from a background image in a zero-shot manner?
Question 2 Can a difference vector indicator based on the embed-
ding difference between the observation image and the background
image extract, under atypical conditions, the action component that
deviates from the place affordance?

To verify Question 1, Experiment 1 evaluates whether Image-
Bind can describe place affordances from background images, using
SUN397 [23], a scene recognition dataset consisting of 397 scene
categories, and taking as reference the annotations of SUN Ac-
tion [21] in which the actions typically performed at each place are
aggregated by hand. To verify Question 2, Experiment 2 uses as
a difference vector indicator the difference v; = v, — v}, between
the embedding v, of the observation image and the embedding
v}, of the background image. To generate observation images, we
extract image regions from the MPII Human Pose Dataset [2]. Each
region contains a person performing an action and the objects in-
volved in that action. These regions are composited onto typical
and atypical backgrounds from SUN397. We then obtain the rank of

the performed action among many candidate actions. This rank is
compared with the rank obtained when only the background image
is used.

Our main contributions are as follows.

(1) We formulate semantic deviation detection as a problem con-
sisting of two basic capabilities, namely “describing place affor-
dances” and “extracting the deviating action component,” and
propose an evaluation framework for each.

(2) We quantitatively evaluate the place affordance description ca-
pability of the multimodal embedding model ImageBind across
397 scene categories, using the human annotations of the SUN
Action dataset as the reference. The results suggest that Image-
Bind can discriminate typical from atypical actions to a certain
extent, consistently across four prompt formats.

(3) We propose a difference vector indicator based on the embed-
ding difference between the observation image and the back-
ground image. Experiments with synthetic images over 24 ac-
tion classes of the MPII Human Pose Dataset suggest that, under
atypical conditions, the deviating action component surfaces as
a rise in relative rank for the majority of the action classes.

2 Related Work

2.1 Computational Description of Spatial
Affordances

Gibson defined an affordance as the action possibility that the
environment offers to an animal [8]. Gibson discussed affordances
as offered not only by objects but also by surfaces, places, and
the environment as a whole. In ecological psychology, Rietveld
and Kiverstein reformulated affordances as “the relations between
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aspects of a material environment and abilities available in a form
of life,” and proposed a “rich landscape of affordances” in which a
whole space, rather than individual objects, evokes a repertoire of
purposive actions [17]. Our notion of place affordance builds on
this line of work.

In computer vision, the correspondence between scene images
and human actions has been studied. Vu et al. built SUN Action
by crowdsourcing typical human actions for each of the 397 scene
categories of SUN397, formalizing the task of predicting typical
actions from scene images [21]. Chuang et al. proposed the ADE-
Affordance dataset, which annotates relations between actions and
objects (classified as physical obstacle, functional mismatch, social
inappropriateness, social prohibition, danger, etc.), together with a
graph neural network model that infers, for each object, the appro-
priateness of an action conditioned on the surrounding scene [5].
More recently, OpenScene [15] realizes zero-shot affordance reason-
ing over 3D scenes by jointly embedding CLIP features in 3D, and
AffordanceCLIP [6] uses CLIP alone to segment, within an image
of an object, the parts that afford a given action.

These works describe what a place or an object offers, but do not
ask how an actually observed action relates to what is typical of the
place. Our work differs in that it describes the place affordance as a
score distribution over actions for an arbitrary place image with-
out additional training, and adds a mechanism for extracting the
deviating action component via the embedding difference between
the observation and the background.

2.2 Multimodal Embedding Models and Their
Systematic Biases

CLIP, proposed by Radford et al., embeds images and text in a shared
latent space by contrastive learning on a large corpus of image and
text pairs collected from the web [16]. CLIP can identify classes
not explicitly labeled at pretraining time via cosine similarity to
text prompts in a zero-shot manner, and has been applied to a wide
range of visual tasks.

The CLIP framework has been extended to modalities beyond
image and language. AudioCLIP [10] integrates audio; X-CLIP [14],
VideoCLIP [24], and ActionCLIP [22] extend CLIP to video and
action recognition, all in a way compatible with the CLIP embedding
space. ImageBind [9] pushes this direction further by integrating
six modalities (image, text, audio, depth, thermal, and IMU) into a
single embedding space.

In principle these models can evaluate the association between
any spatial category and any action description without additional
training. However, systematic biases in their embedding spaces
have been pointed out. Yuksekgonul et al. showed that models
of the CLIP family have limited capacity for representing object
relations and attribute bindings [27], and Thrush et al. quantified
the limits of compositional reasoning in vision and language models
with the Winoground benchmark [20]. These results suggest that
VLM representations are strong at “detecting individual concepts”
and weak at “distinguishing relational structure between concepts.”
On ImageBind, we evaluate how well such a VLM representation
captures the relation between place and action.

We use ImageBind in our implementation because it computes
the cosine similarity between images and action descriptions in
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a zero-shot manner and is expected to have an embedding space
whose structure aligns with action concepts. How accurately the
model describes place affordances in its embedding space depends
on its pretraining data and is not obvious. We verify this point in
Experiment 1.

2.3 Semantic Consistency between Spatial
Context and Action

Whether a given action is semantically appropriate in a given space
has been discussed repeatedly in action recognition and video anom-
aly detection, but no systematic framework computationally de-
scribes the relation itself. In action recognition, the tendency of
models to rely excessively on spatial cues, known as scene bias, has
long been recognized as a problem. Choi et al. demonstrated that
action recognition models rely on spatial information (e.g., “in a
basketball court — playing basketball”) and proposed a debiasing
method based on an adversarial loss [4]. Choi et al. treat the seman-
tic correlation between place and action as “error to be removed,”
whereas we treat this correlation itself as the basis of normative
affordance and cancel the typical component from the background
to extract the deviating action component.

In video anomaly detection, supervised, weakly supervised, and
unsupervised methods on datasets such as UCF-Crime [19], Shang-
haiTech [12], and CUHK Avenue [13], and recent zero-shot methods
leveraging large language models (LLMs) [25, 28], all rely on train-
ing data specific to the domain or on LLMs’ general knowledge
as the criterion of judgment. They are not designed to incorpo-
rate the visual features of the space itself as the basis of the norm.
DecoAD [3] decouples the relation between scene and action on a
knowledge graph and shares our motivation, but it requires building
a knowledge graph and weakly supervised learning.

These prior works show the importance of treating the relation
between space and action, but none of them provides a framework
for computationally describing the relation itself. We address this
gap by verifying whether a multimodal embedding model can de-
scribe place affordances, and by proposing the difference vector
indicator that cancels the typical component from the background
and extracts the deviating action component from the observation
image.

3 The Difference Vector Indicator

We propose a vector operation in the embedding space of a multi-
modal embedding model to computationally describe how much a
person’s action in a given space deviates from the place (Figure 1).
The method is formulated as an abstract design built on an encoder
model f(-). In this paper we evaluate the instantiation that uses
ImageBind [9].

3.1 Formulation

Let f(-) be an encoder model that maps an image or text to a d-
dimensional embedding space:

f:iX->RY (1)

For an observation image I, that contains a person and an action,
and for an image I, of the background region of the same image,
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we define the embeddings
Vo = f(lo) € Rd: (2)
vy = f(I) € R 3)
Here vy, is the place affordance vector describing the place, and v, is
the vector describing the whole observation including the person’s
action.

Next, we define the difference vector v, that captures the semantic
deviation:

Vg =V, -V €RY (4)
V4 is the residual obtained by removing the typical component from
the observation. When the background is typical for the action, both
v, and v;, have a strong component along that action direction, so
the action component originating from the person and object pair
is small relative to the typical background component, and the
component along the action direction in v4 appears weakly. When
the background is atypical, v, carries almost no signal along the
action direction, so the action component originating from the
person and object pair appears strongly in v4. This component
corresponds to the action component that deviates from the place
affordance. We do not assume linear compositionality of the latent
space. The subtraction is a heuristic diagnostic whose added value
we quantify empirically in Section 5.

Several scalar reductions of the magnitude of semantic deviation
are possible, such as the norm ||v4|| or the inner product with a
specific action text embedding. The difference vector indicator we
propose is a framework level design that leaves the concrete scoring
to the implementation. In this paper we adopt scoring by cosine
similarity with the action text embedding f(t4):

sa(A) = co(va, f(ta)). ®)
This scoring is used throughout the paper: Experiment 1 (Section 4)
applies the same cosine scoring to v}, to describe the place affor-
dance, and Experiment 2 (Section 5) evaluates sy (A) itself.

The indicator is agnostic to the model and applies in principle to
any multimodal embedding model that ties together heterogeneous
modalities, and it adapts immediately to an arbitrary place without
additional training.

3.2 Validation Plan

Detecting semantic deviation requires two capabilities. The first
is to describe the place affordance from a background image. This
corresponds to the validity of the formulation (Eq. 3) that v, se-
mantically describes the place affordance. The second is to extract,
from the embedding difference between the observation and the
background, the action component that deviates from the place
affordance. This corresponds to whether the difference operation
(Eq. 4) cancels the typical component aligned with the place affor-
dance and surfaces the deviating component. Questions 1 and 2 in
Section 1 correspond to these two points. We validate Question 1 in
Experiment 1 (Section 4) and Question 2 in Experiment 2 (Section 5),
with a metric chosen for the nature of each question: ROC AUC for
how well the cosine similarity separates typical from atypical pairs,
and the relative rank of the action performed in the observation
image among the candidate actions for the discriminability within
an image.

Yoshiki Watanabe et al.

4 Experiment 1: Zero-Shot Place Affordance
Description

This section addresses Question 1: can a multimodal embedding
model describe place affordances in a zero-shot manner? We evalu-
ate ImageBind [9] on its ability to distinguish typical from atypical
(place, action) pairs, and we compare four prompt formats.

4.1 Dataset and Reference

We use SUN397 [23] as the image dataset and SUN Action [21] as
the human reference for place affordances. SUN Action aggregates
participants’ freeform responses about the actions they imagine
taking in each SUN397 scene category, which corresponds to our
notion of place affordance. We reconstruct the annotations from
the raw responses released by the SUN Action authors, following
the original aggregation procedure.

SUN Action uses separate action vocabularies for outdoor and
indoor scenes to exclude clearly mismatched pairs such as washing
dishes at the beach. Specifically, 38 outdoor actions and 23 indoor
actions receive vote counts, with 9 actions shared between the
two sets (Table 1). Following this design, we select the action set
according to each scene’s indoor/outdoor attribute. The evaluation
covers 94,111 images in total.

4.2 Metric and Prompts

For each (scene image I, action a) pair, we use the cosine similar-
ity between the ImageBind image embedding f(I) and the action
prompt embedding f(t,) as the typicality score:

S(La) = cos(f(I), f(ta)). (6)

Following the SUN Action paper, we derive a binary ground
truth label from vote counts so that the evaluation focuses on
unambiguous cases:
¢ Human Typical (positive): votes > 20.

e Human Atypical (negative): votes = 0.
Pairs with intermediate vote counts are excluded, since their typi-
cality admits multiple interpretations.

We report the ROC AUC of the cosine similarity for this bi-
nary task; higher values indicate better separation of typical from
atypical pairs.

Because ImageBind’s output depends on the wording of the
text prompt, we compare four prompt formats that differ in how
explicitly they describe the action (Table 2). The placeholder A is
replaced with the action verb phrase (e.g., c1imb).

4.3 Results and Discussion

Figure 2 shows the ROC curves. All four prompt formats exceed
an AUC of 0.7 (word: 0.733, photo: 0.759, photo_people: 0.785,
people: 0.822), with the best result obtained by people, the simple
prompt that focuses on the person. Prompt choice produces an AUC
gap of about 0.089.

These results suggest that ImageBind can describe place affor-
dances to a certain extent in a zero-shot manner. Associations
between places and actions, accumulated during pretraining at web
scale, appear to be reflected in ImageBind’s embedding space and
do not depend strongly on a particular prompt format. This gives
a partial affirmative to Question 1. However, detecting semantic
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Table 1: Composition of the action vocabulary in SUN Action.

Outdoor scenes only (29 actions)

Indoor scenes only (14 actions)

Shared by both (9 actions)

cheer, climb, cross bridge, dig, drive, explore, farm, fly, garden, bowl, cook, dance, do laundry, exercise, eat, learn, pray, relax, shop, sit,

go fishing, harvest, have a picnic, hike, live, open door, park, gamble, listen, play game, play pool, sleep, swim, work

play, play baseball, play golf, ride, ride train, run, sail, sightsee, read, study, wait, wash dish, watch

skate, ski, smell flower, take a walk, take picture

Table 2: The four prompt formats compared. A denotes the
verb phrase of the target action.

Prompt Format

word A

photo a photo of A

photo_people a photo of a place where people A
people people A

ROC Curves

True Positive Rate (Typical judged as Typical)

’a —— Prompt: word (AUC = 0.733)

/ Prompt: photo (AUC = 0.759)
- —— Prompt: photo_people (AUC = 0.785)
" —— Prompt: people (AUC = 0.822)

0.0 0.2 0.4 06 08 10
False Positive Rate (Atypical judged as Typical)

Figure 2: ROC curves for discriminating typical from atypical
pairs with the four prompt formats.

deviation also requires extracting from an observation image the
action component that departs from the place affordance. The next
section addresses Question 2 by evaluating the proposed difference
vector indicator.

5 Experiment 2: Extracting Deviating Action
Components

This section addresses Question 2: can the difference vector indica-
tor, defined as the embedding difference between an observation
image and its background, extract the action component in the
observation image that deviates from the place affordance? The
case of interest for semantic deviation is the atypical combination
of action and background. For each action, we obtain the rank of the
action performed in the observation image among many candidate
actions. We compare this rank under the difference vector indicator
and under the score computed from the background alone, and
examine what the difference operation contributes.

Table 3: Mapping between SUN Action and representative
MPII actions.

SUN Action Representative MPII action Images
bowl bowling 25
climb rock climbing 102
cook cooking or food preparation 226
dance’ ballet, modern, or jazz 115
dig digging, spading garden 44
do laundry laundry (home activities) 55
eat eating, sitting 53
exercise yoga 554
farm farming, rice, planting 76
garden planting, potting seedlings 159
go fishing fishing, general 275
harvest picking fruits/vegetables 33
hike backpacking 67
play baseball softball, general 79
play golf golf 104
play pool billiards 26
ride horseback riding 85
run running 98
sail sailing 21
shop food shopping, standing or walking 22
skate skateboarding 207
ski skiing, downhill 210
swim swimming, general 62
take a walk walking, general 42
wash dish wash dishes 37
Total (25 candidates) 2,777

TExcluded from the evaluation because no atypical background can be constructed.

5.1 Synthetic Observation Images

Validating Question 2 requires observation images in which the typ-
icality of the action and background pair is controlled. We generate
such images by compositing person and object regions extracted
from the MPII Human Pose Dataset [2] onto SUN397 [23] scenes.
A person and object region is an image area containing a person
performing an action together with the objects involved in that
action.

We extract MPII actions that map one to one to SUN Action
actions and, after manual screening, retain the 25 actions with at
least 20 image samples. Table 3 lists the mapping and image counts.
The action dance is excluded because no SUN397 category has zero
votes for it, so no atypical background can be constructed. The final
evaluation covers the remaining 24 actions.

For each action we randomly sample 20 source images and gen-
erate two composites per source as follows:

(1) Typical background. Randomly pick a SUN397 category in
which action A receives > 20 votes in SUN Action, then ran-
domly pick one image from that category.
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(2) Atypical background. Randomly pick a SUN397 category in
which action A receives 0 votes, then randomly pick one image
from that category.

(3) Compositing. Using the extracted person and object mask,
overlay the person and object region onto both the typical and
the atypical background, yielding two observation images.

Person and object regions are extracted with the method of [18]. The
background image Ij, is the SUN397 image used as is for compositing.
With 24 actions X 20 samples we obtain 480 person and object
regions, each composited onto a typical and an atypical background,
for a total of 2480 = 960 samples (480 typical pairs and 480 atypical
pairs). Figure 3 shows example person and object regions and the
resulting composites.

5.2 Metric and Prompts

For an (image I, action a) pair we compare three ways of computing
the typicality score. Let v, be the observation embedding, v, the
background embedding, and t, the action prompt embedding.

e Background Only: Cosine similarity between the background
embedding and the action prompt: S (I, a) = cos(vp, ts).
e Observation Only: Cosine similarity between the observation
embedding and the action prompt: Sops (I, a) = cos(vo, tg).
o Difference: Cosine similarity between the difference vector vy =
v, — Vp and the action prompt: Spig (1, a) = cos(vg, tg).
Difference is the proposed indicator, and Background Only repre-
sents what the place alone suggests. Observation Only represents
what the observation image alone suggests without any background
suppression. It lets us test whether the difference operation adds
signal beyond simply scoring the observation image directly. We
compare the three to examine the effect of the difference operation.
Let the target action of an observation image denote the action
performed by the person in the image and used to generate the
composite. What we want to measure is the discriminability within
the image: how well each score separates the target action from
the other candidates inside the same image. The rank of the target
action among the candidates captures this separation in an intu-
itively interpretable form, and it is unaffected by the fact that a
cosine similarity that counts as high for one background can be
ordinary for another. We therefore rank all candidate actions within
each image and report the normalized relative rank of the target
action. For an observation image I and target action aarget, with
action set A drawn per image from the SUN Action vocabulary as
in Experiment 1 (23 indoor actions when the background scene is
indoor, 38 outdoor actions when it is outdoor, from the union of 52
actions), we compute

|{ai eA: S(L ai) < S(I: atarget)}l 7

A1 - ™
RelRank = 1.0 means the score function S ranks aige; at the top
of the action set, and 0.0 at the bottom. Results are aggregated over
the 24 actions in Table 3.

The prediction differs between the two conditions. On atypical
pairs, the place does not suggest the target action, so the relative
rank under Background Only should be low to begin with. If the
difference operation extracts the deviating action component, the
rank under Difference should exceed it by a large margin. On typical

RelRank(aarget) =

Yoshiki Watanabe et al.

Table 4: Mean relative rank of the target action under Back-
ground Only (BG), Observation Only (Obs), and Difference
(Diff), by condition. Bold marks the highest score in each
row.

Atypical Typical
Prompt BG Obs Diff BG Obs  Diff
word 0.415 0.606 0.732 0.803 0.886 0.659
photo 0.362 0.609 0.753 0.842 0911 0.676
photo_people 0.324 0.640 0.814 0.870 0.934 0.746
people 0.328 0.632 0.826 0.814 0.919 0.781

pairs the action component is cancelled together with the typical
component of the background, so the rank under Difference may
instead drop. To capture this, we compute two rank gain quantities
per action: Apg, the mean relative rank under Difference minus
that under Background Only, and Agps, the same quantity against
Observation Only. The following section reports the number of
actions with a positive gain and the mean gain over all actions,
for both conditions. The former captures the breadth of actions
for which Difference outranks the corresponding baseline, and the
latter captures the average size of that shift across actions. As in
Experiment 1, we evaluate the four prompt formats.

5.3 Results and Discussion

Table 4 summarizes the aggregate results. On the atypical pairs,
Observation Only already gives the target action a moderate rank
(mean 0.61 to 0.66 across the four prompts), reflecting that the
person and involved objects visible in the observation image carry
action information on their own. Difference adds signal on top. It
exceeds Background Only by +0.317 to +0.498 (positive for 18 to 23
of 24 actions) and Observation Only by +0.126 to +0.193 (positive
for 14 to 23 actions). The largest gains occur under the people
prompt, consistent with Experiment 1.

Figure 4 shows the per action breakdown on the atypical pairs
under the people prompt. Actions whose Background Only rank is
very low (left) receive the largest gain from Difference (e.g., cook,
play baseball, play golf). Actions whose Background Only
rank is already high (right, e.g., take a walk, garden) receive
little or negative gain, but this is not a failure of the difference
operation itself. ImageBind gives the target action a nontrivial
similarity even to backgrounds humans labeled "atypical,’ so the
premise of atypicality does not hold in the embedding space for
these actions, leaving little room for the difference operation.

On typical pairs the sign reverses. Difference falls below both
baselines (Apg from —0.17 to —0.03, Agps from —0.24 to —0.14),
and only 1 to 5 of 24 actions gain rank over Observation Only.
When the background is itself aligned with the action, subtracting
the background embedding also removes the action component,
pushing the rank down. This is consistent with the formulation in
Section 3. The difference operation suppresses the component that
the place explains and surfaces the component that deviates from
it.
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Action Category

Figure 4: Relative rank per action on atypical pairs under Background Only, Observation Only, and Difference (people prompt).

The added value of the difference vector indicator over scoring
the observation image directly is therefore conditional. It materi-
alizes when the background is atypical for the target action, and
disappears or reverses when the background is typical.

6 Discussion and Future Work

6.1 Integrated Interpretation

The two experiments answer both questions affirmatively: Image-
Bind describes place affordances from a background image in a
zero-shot manner (Question 1), and the difference vector indica-
tor lifts the target action’s rank in the majority of atypical cases
(Question 2). The effect is not perfect, but it shows preliminary
effectiveness as a foundational signal for semantic deviation detec-
tion.

6.2 Limitations

Our evaluation covers a limited setting, and the evidence should
be regarded as preliminary. The following points should be kept in
mind when interpreting the results.

o Single model. We evaluated only ImageBind. Whether the ob-
served behavior is a general property of the pretraining regime
of the CLIP family or specific to ImageBind remains open. Repli-
cation on other multimodal embedding models is left to future
work.

Synthetic observation images. Experiment 2 used composites
of person and object regions and backgrounds. Composites have
imperfect illumination, perspective, and visual integration with
the background, so part of the signal picked up by the difference
operation may stem from compositing artifacts rather than from
the action itself; disentangling the two requires evaluation on

natural images where an action genuinely deviates from its sur-
rounding scene. In real deployment the background image would
be obtained via background modeling from video rather than
supplied as ground truth.

Limited action coverage. The 24 evaluated actions are restricted
to those with a tight one to one mapping between MPII and SUN
Action. Generalization to a broader range of everyday actions
is not established. The applicability of the indicator depends
both on the action class and on ImageBind’s place affordance
description capability; for action groups where the latter is weak
(e.g., take a walk, garden) the difference operation also helps
less.

6.3 Future Directions

ImageBind’s place affordance description capability (Experiment 1)

and the preliminary effectiveness of the difference vector indicator

(Experiment 2) suggest that strengthening the representation of the

acting agent in multimodal embedding models is a central research

direction. Natural extensions of our framework include:

e integrating embedding models specialized for action recognition
or video understanding to strengthen the extraction of the action
component, and the world knowledge of large language models
(LLMs) to complement the place affordance description, and

e a hierarchical formulation that applies the difference vector indi-
cator to features at the scene, pose, and object levels separately
and combines them.

This problem setting also connects directly to the foundational
agenda of the Internet of Realities (IoR) [1, 26]. Computationally
representing an individual’s subjective interpretation of the world
requires inferring an actor’s intent and situation from observable



UbiComp Companion ’26, October 11-15, 2026, Shanghai, China

behavior, and semantic deviation from place affordance is a promis-
ing observable signal in that direction. Our study is a first step
toward computationally describing semantic deviation; the natural
next step is to extend the framework to infer the actor’s intent and
situation from the detected deviation. The findings reported here
offer concrete design guidance for future work on computationally
modeling the semantic relation between place and action.

7 Conclusion

Semantic deviation detection captures how much a person’s behav-
ior deviates from what is typical of a place. This study framed the
task as a foundational problem of the Internet of Realities (IoR),
which seeks to computationally handle each individual’s subjective
interpretation of the world, and as a challenge shared with action
recognition and video anomaly detection. Toward this goal, we
evaluated the multimodal embedding model ImageBind on the two
foundational capabilities required: describing place affordances,
and extracting the action component in an observation image that
deviates from those affordances.

The two experiments answered both questions affirmatively:
ImageBind described place affordances from a background image
in a zero-shot manner (Question 1), and the proposed difference
vector indicator lifted the relative rank of the target action in the
majority of atypical cases (Question 2). We position these results
as foundational signals for semantic deviation detection and as
preliminary evidence that multimodal embedding models can be

applied to the problem.
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