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Abstract

Visual Grounding benchmarks assume that the object de-
scribed by a referring expression is always present in the
image, and grounding models are therefore rarely evaluated
under semantically mismatched captions. In such cases,
models frequently exhibit approximation behavior, produc-
ing a plausible bounding box that satisfies only part of the
expression (e.g., preserving the original object while ignor-
ing modified contextual cues). Because mismatched cap-
tions represent realistic edge cases, this behavior compro-
mises reliability and raises concerns from an explainability
perspective. ldentifying its underlying causes is thus es-
sential for improving model faithfulness and interpretabil-
ity. Adopting a mechanistic interpretability viewpoint, this
work examines whether embedding anisotropy contributes
to counterfactual failures. A similarity-controlled counter-
factual caption generation protocol is introduced to sys-
tematically perturb object or contextual components within
predefined embedding similarity intervals, enabling a fine-
grained analysis of grounding behavior as a function of
alignment. Experiments on two Transformer-based mod-
els with markedly different embedding geometries (BERT-
based TransVG and CLIP-based SwimVG) reveal no mean-
ingful correlation between cosine similarity and approxi-
mation. These findings suggest that anisotropy alone does
not account for counterfactual errors, and that robustness
requires investigating finer-grained geometric properties of
the embedding space.

1. Introduction

Visual Grounding (VG), also referred to as Referring Ex-
pression Comprehension (REC), requires a model to local-
ize an object in an image given a text description. Recent
Transformer-based architectures have achieved strong per-
formance on standard benchmarks such as RefCOCO [38],

RefCOCO+ [38], RefCOCOg [20], and Flickr30K Enti-
ties [27]. Modern vision-language models [16] typically
rely on large-scale pretrained models both for vision [1, 25]
and language [4, 23] to operate in a shared multimodal em-
bedding space.

Despite this progress, current evaluation protocols rely
on a strong assumption: the object described in the refer-
ring expression is always present in the image. As a con-
sequence, the ability of models to handle counterfactual or
mismatched referring expressions is rarely assessed. Fur-
thermore, most grounding architectures are not designed
to output calibrated confidence scores or explicit rejection
probabilities. When exposed to counterfactual captions, vi-
sual grounding models often exhibit approximation behav-
ior, i.e. predicting a plausible bounding box that satisfies
only part of the expression (e.g., grounding the correct ob-
ject category while ignoring modified contextual cues). An
example of this is shown in Figure 1. This approximation
behavior does not merely result in localization errors. From
an explainability perspective, such predictions undermine
the faithfulness of the model’s output. In realistic edge-case
scenarios, this lack of faithfulness compromises the reliabil-
ity of the system, particularly when incorrect yet plausible
predictions are produced without any indication of uncer-
tainty or rejection.

In this work, we investigate whether the geometric struc-
ture of language embedding spaces contributes to approxi-
mation in visual grounding models. Prior studies in natural
language processing [5, 8] have shown that contextualized
embeddings produced by Transformer architectures exhibit
strong anisotropy: representations tend to concentrate along
a small number of dominant directions rather than being
uniformly distributed in the embedding space. Such geo-
metric biases may reduce discriminability between seman-
tically distinct but lexically similar expressions, potentially
affecting a model’s ability to detect counterfactual descrip-
tions.
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Figure 1. Example of approximation behavior under object replacement and context replacement. In both cases, the model predicts a
bounding box that ignores counterfactual cues (highlighted red text) in the modified referring expression. The original RefCOCO ground-
truth annotation is shown with a dashed green outline, while the model prediction is drawn as a red bounding box.

Since current benchmarks do not allow a systematic
study of the impact of embedding geometry on grounding
behavior, we construct controlled counterfactual datasets
derived from RefCOCO+ by systematically replacing either
the object or the contextual component of each caption. Im-
portantly, replacements are sampled as controlled perturba-
tions in embedding space to achieve predefined similarity
levels with respect to the original caption. This design en-
ables a fine-grained analysis of grounding performance as a
function of embedding similarity.

We compare two state-of-the-art Transformer-based
grounding models employing language encoders with dif-
ferent geometric properties. We first quantify anisotropy
through the average cosine similarity between randomly
sampled caption embeddings. We then measure approx-
imation behavior using the Intersection over Union (IoU)
between predicted bounding boxes and the original ground-
truth annotations under counterfactual conditions.

If anisotropy in language embeddings corresponds to se-
mantically different captions having similar embeddings,
one might hypothesize that stronger anisotropy exacerbates
approximation. However, our analysis reveals no clear cor-
relation between embedding geometry and approximation,
suggesting that this behavior may emerge from more com-
plex multimodal interactions.

This paper’s contributions are:

* We introduce a similarity-aware counterfactual caption
generation procedure that explicitly accounts for the ge-
ometry of the underlying language embedding space.

* We propose a quantitative framework to measure the ap-
proximation tendency of visual grounding models under
controlled counterfactual perturbations.

e We provide empirical evidence that embedding
anisotropy might not be the main reason for the ap-
proximation behavior exhibited by visual grounding
models in counterfactual settings.

2. Related Work

2.1. Visual Grounding

Visual Grounding [2, 3, 11, 14, 30, 36] is the vision-
language task of localizing a specific object in an image
given a natural language description. This task can be
seen as the language-grounded extension of object detec-
tion, analogous to how Referring Expression Segmentation
(RES) [10] extends object segmentation.

Early visual grounding models [18, 39] were closely re-
lated to conventional object detection architectures and are
commonly referred to as two-stage methods.

State-of-the-art visual grounding approaches that are
based on the Transformer architecture [31] are commonly
referred to as one-stage methods [3, 30]. These models are
trained end-to-end, and bounding box coordinates are pre-
dicted directly from multimodal token representations, typ-
ically through dedicated detection/regression heads. While
these architectures achieve strong localization performance,
they are not explicitly designed to deal with semantic incon-
sistencies or counterfactual descriptions.

2.2. Visual Grounding Benchmarks

Standard evaluation protocols for visual grounding rely
on two families of datasets: Flickr30K [37] and its ex-
tension for visual grounding Flickr30K Entities [27], and
RefCOCO [38], RefCOCO+ [38] and RefCOCOg [20], all
based on the MS-COCO [17] dataset.

These benchmarks share a strong assumption: the ob-
ject described in the caption is always present in the cor-
responding image. Consequently, the ability to reject mis-
matched captions remains largely unaddressed, preventing
a proper assessment of the model’s semantically faithful be-
havior under counterfactual perturbations.

Recent work has attempted to address this limitation by
constructing datasets derived from the Ref-COCO family



through random caption shuffling [12, 15] or by automati-
cally editing captions to describe objects not present in the
image [7, 40]. However, automatically generated counter-
factual samples are prone to annotation noise and semantic
inconsistencies, which limit their reliability for training and
evaluating rejection-aware grounding models. This high-
lights the need for cleaner benchmarks explicitly designed
to evaluate robustness to absent or mismatched referring ex-
pressions.

2.3. Automatic Parsing of Captions

Recent advances in multimodal dataset construction have
been largely driven by the increasing capabilities of vision-
language models (VLMs) to bridge visual and linguistic
knowledge and generate detailed image descriptions, en-
abling scalable, automatic collection of annotations for a
wide range of multimodal tasks.

In the context of referring expression comprehension and
segmentation, the objective is to associate image regions
with contextually grounded textual expressions. A com-
mon pipeline consists of generating image-level captions,
extracting noun phrases via syntactic parsing, and aligning
them with visual regions. The authors of [35] first produce
both class-agnostic segmentation masks and rich image cap-
tions, from which noun phrases are extracted and subse-
quently matched to regions using CLIP [28]. Similarly, [32]
generate segmentation masks using SAM [13] with bound-
ing box prompts, where the bounding boxes are obtained by
feeding parsed noun phrases into Grounding DINO [19].

Related works [26, 34] follow similar strategies to con-
struct bounding box-text pairs, by combining caption gen-
eration, phrase extraction, and vision-language alignment.

2.4. Contextual Embeddings

Modern vision-language architectures [3, 30] are
Transformer-based and often adopt dual-encoder or
cross-encoder architectures, where visual and textual
representations are aligned and fused through contrastive
objectives or cross-attention mechanisms to enable object
localization. However, the geometric structure of these
pre-trained embedding spaces, particularly those learned
via contrastive objectives such as CLIP [28], remains a
critical factor influencing downstream performance.

Isotropy, i.e. a uniform distribution of embeddings across
all directions of the representation space, has traditionally
been regarded as a desirable property of static word embed-
dings, although it is not consistently observed in all static
embedding techniques [22].

More recent work has highlighted that contextualized
embedding spaces produced by Transformer architectures
exhibit anisotropy [6, 9], meaning that representations con-
centrate along a small number of dominant directions rather
than being uniformly spread. This geometric bias has been

hypothesized to negatively impact semantic discriminabil-
ity and downstream task performance. However, empirical
evidence has questioned this assumption. In particular, [8]
report that anisotropy in BERT [4] embeddings is unlikely
to be the primary cause of degraded performance in sev-
eral downstream tasks. Similarly, [5] show that Transformer
embedding spaces exhibit a form of local isotropy and do
not significantly benefit from post-hoc isotropy calibration
after training.

Although anisotropy has been studied in the field of nat-
ural language processing, its implications for visual ground-
ing behavior in counterfactual settings remain largely unex-
plored. Recent open-vocabulary grounding approaches [19,
32, 35] further highlight the importance of robustness to ab-
sent or mismatched queries, reinforcing the relevance of our
counterfactual setting.

3. Methodology
3.1. Measuring Anisotropy

Given a visual grounding model, we aim to analyze if the
anisotropy of the embedding space learned by its language
encoder may influence the model’s ability to distinguish
counterfactual semantic perturbations.

Anisotropy is the concentration of the embeddings along
few dominant directions in a hypercone of the embedding
space. The greater the anisotropy, the narrower this cone.

In natural language processing, directions in embedding
space are commonly interpreted as encoding semantic infor-
mation. Accordingly, we adopt cosine similarity as a mea-
sure of proximity between representations, as it captures an-
gular alignment independently of vector magnitude, is geo-
metrically well-defined in high-dimensional spaces, and is
computationally efficient to evaluate at scale.

Specifically, we compute the cosine similarity between
the embeddings of N uniformly sampled pairs of captions.
Following [6], anisotropy is quantified as the average cosine
similarity across all sampled pairs. An average value close
to 1 indicates that randomly selected captions are highly
aligned, reflecting a strong concentration of representations
within a narrow cone of the embedding space. Such a ge-
ometry may reduce directional discriminability, particularly
under small semantic perturbations.

3.2. Building the Approximation Datasets

To gain insights into the behavior of visual grounding mod-
els under counterfactual samples, we construct new datasets
derived from the validation and test sets of RefCOCO+.
We select RefCOCO+ [38] among the RefCOCO variants
because it excludes absolute location terms (e.g., “left”,
“top”), thereby reducing explicit positional bias in the re-
ferring expressions.

We denote a sample from RefCOCO+ as a tu-



ple (I,%,b,¢), where I is the image, ¢ is the caption de-
scribing the target object, b is the bounding box annotation
of that object, and c is the corresponding MS-COCO [17]
category. In the context of this work, a caption is composed
of two parts: (i) the object, i.e., the word(s) referring to the
category ¢, and (ii) the context, comprising all remaining
words that describe the position, attributes, or relations of
the referred object.

We build the approximation datasets by systematically
replacing either the object or the context of a caption.
In contrast to prior approaches [7, 40], this replacement
process is conditioned on embedding similarity, allowing
us to control the degree of perturbation in the language
embedding space. These datasets will be used to assess
the model’s tendency to approximate its predictions under
counterfactual inputs, i.e., predicting a bounding box that
aligns with either only the original object or the original
context component of the input caption. The proposed pro-
tocol allows us to isolate the effect of semantic similarity
while keeping the visual input fixed.

Dependency Parsing RefCOCO+ captions are natural
language descriptions collected through an interactive
game, and objects belonging to the same category are of-
ten referred to using different lexical terms (e.g., the per-
son category may appear as “man”, “person”, “boy”, etc.).
To extract the object component of a caption, we use de-
pendency parsing with spaCy [24] to identify the semantic
head corresponding to the target entity, also handling multi-
word cases, e.g. "teddy bear”. The context is defined as all
remaining words that are not part of the object specification.

Building the replacement datasets, we discard captions
for which the parser is not able to find a clear semantic head,
or multiple candidates are found.

Sampling Replacements Directly sampling vectors from
the language encoder’s embedding space would not yield
semantically valid captions. Instead, we adopt a discrete
sampling strategy defined over structured candidate sets.

We first define two vocabularies O and C, corresponding
to candidate objects and contexts, respectively. In our ex-
periments, O is built from the list of the original MS-COCO
categories expanded with common synsets retrieved from
WordNet [21] to increase diversity. The context vocab-
ulary C consists of all context segments extracted from
RefCOCO+.

For a given model, in order to obtain controlled perturba-
tion levels, we partition the empirical distribution of cosine
similarities between randomly sampled caption embeddings
(as defined in Section 3.1) into K intervals (in our experi-
ments, we set ' = 5). To ensure an equal number of sam-
ples per interval, edges are determined using the distribution
quantiles.

Given a caption ¢ with object component oy, we sample
K replacements, one for each similarity interval. If no can-
didate is found for a given interval, the caption is discarded.
For each candidate o € O, we compute similarity using one
of the two following strategies:

» Word-level similarity: cosine similarity between the em-
beddings of o and oy.

o Sentence-level similarity: cosine similarity between the
embedding of the original caption ¢ and that of the modi-
fied caption obtained by replacing o; with o.

The different strategies for similarity computation allow us

to highlight the sensitivity of the embedding space to dif-

ferent perturbations: lexical or contextual respectively. An

example of object replacement is shown in Figure 1.

To sample a context replacement for caption ¢, we evalu-
ate each candidate ¢ € C by computing the cosine similarity
between the embedding of the original caption ¢ and that of
the caption obtained by substituting its context with c¢. A
replacement is then sampled within the desired similarity
interval. Figure 1 shows an example of a caption generated
by context replacement.

In summary, we construct three datasets derived from
RefCOCO+: (i) a word-level object replacement dataset,
(i1) a sentence-level object replacement dataset, and (iii) a
context replacement dataset. Each dataset isolates a differ-
ent type of controlled perturbation in the caption, allowing
us to analyze how object- and context-level modifications
affect grounding behavior by keeping the image fixed.

3.3. Measuring approximation

From a faithfulness standpoint, a grounding model should
modify its prediction when the caption semantics are al-
tered. Predicting the annotated object under counterfactual
conditions suggests an approximation behavior. To eval-
uate the tendency of a visual grounding model to ignore
components of a counterfactual caption and produce a best-
match prediction, we leverage both the original RefCOCO+
bounding box annotations and the full set of ground-truth
bounding boxes provided by MS-COCO.

In the object replacement setting, we define approx-
imation behavior as the model predicting the original
RefCOCO+ bounding box despite the caption being coun-
terfactual. To quantify this effect, we compute the Inter-
section over Union (IoU) between the bounding box pre-
dicted under the modified object component and the origi-
nal RefCOCO+ ground-truth annotation. Since the model
has no explicit mechanism to output a “not present” deci-
sion, it is forced to return a bounding box for every query.
A high IoU in this setting indicates that the model fails to
revise its prediction in response to the altered object seman-
tics, thereby preserving alignment with the original caption
reference rather than following the modified object in the
counterfactual caption, which is not present in the image.



In the context replacement setting, approximation oc-
curs when the model ignores the counterfactual context and
bases its prediction solely on the (unchanged) object com-
ponent of the caption. Since RefCOCO+ samples are con-
structed to distinguish among multiple entities of the same
category, several ground-truth bounding boxes of the same
MS-COCO category are present in each image. In this case,
any of these bounding boxes constitutes an approximation
behavior. Accordingly, we define the metric as the maxi-
mum IoU between the model prediction and all MS-COCO
bounding boxes associated with the target category in the
image. In this setting, selecting any instance of the correct
category reflects a failure to incorporate contextual infor-
mation rather than a localization error.

4. Results
4.1. Experimental Setup

We conduct our experiments on two state-of-the-art
transformer-based models.

TransVG [3] adopts a dual-encoder structure, with sep-
arate encoders for both visual and linguistic inputs. The
vision and language features are concatenated and fed into
a Vision-Language Fusion Transformer. A special [REG]
token is appended to the full sequence, and the output state
of this token is used to directly predict the four bounding
box coordinates using a regression head.

SwimVG [30] adopts instead a cross-encoder architec-
ture following the early-fusion paradigm in which textual
features are injected into the vision encoder to produce
caption-aware visual representations. Multimodal interac-
tion therefore occurs directly within the vision branch, re-
moving the need for a separate fusion transformer. The
[REG] token is appended to the input sequence of the vi-
sion encoder, and its final representation is used by a regres-
sion head to predict the bounding box coordinates.

4.2. Dataset Qualitative Analysis

During the counterfactual generation process, we apply two

filtering stages:

1. if the parser is not able to find a clear semantic head, the
caption is discarded.

2. if no replacement can be found for a given caption in any
of the bins listed in Table 1, the caption is discarded.
The impact of the filtering pipeline on dataset size is de-

tailed in Table 2. Since parsing is deterministic, the number

of headless captions is identical across all four cases (969);

the first row is therefore only reported for completeness.
As caption generation is fully automatic, concerns may

arise regarding the quality of the edited captions. In partic-
ular, two potential issues can be identified:

¢ in the object replacement setting, the replacement cate-

gory may still refer to objects present in the image;

grey elephant
elephant PARTLY OFFSCREEN

-

Figure 2. An example of context replacement failure. In this case,
the edited caption (bottom row) can still refer to a valid object in
the image.

Model | 1 2 3 4 5 6

SwimVG (CLIP) [30] | 0.0 0303 0352 0398 0459 1.0
TransVG (BERT) [3] | 0.0 0.813 0.898 0.943 0968 1.0

Table 1. Edges for the K = 5 similarity bins computed using
the quantiles of the distribution of the cosine similarity of random
pairs of captions.

¢ in the context replacement setting, the modified context
may result in a caption that remains valid for the image.
An example is shown in Figure 2.

We emphasize that the former case is explicitly avoided in

our approach, as replacement candidates are selected by ex-

cluding all categories annotated in MS-COCO for the cor-

responding image.

To evaluate the impact of the latter issue, we conduct a
manual validation on a subset of 1,200 samples, uniformly
sampled from the two context replacement datasets. This
analysis identifies 238 edited captions that remain plausi-
ble for the image, indicating that approximately 80% of the
generated samples constitute valid counterfactuals.

SwimVG TransVG
object context object context

No semantic head | 969 (13%) 969 (13%) | 969 (13%) 969 (13%)

No replacement | 3604 (55%) 795 (12%) | 6(0%) 2538 (38%)
Caption count 3005 5814 4071 6603
Sample Count 18,030 34,884 24,426 39,618

Table 2. Number of captions discarded after each filtering step.
All settings start from 7,578 initial captions. The Caption count
row reports the number of captions retained after the full filter-
ing pipeline. Each retained caption generates K + 1 samples (KX
counterfactual replacements plus the original), resulting in the fi-
nal sample counts reported in the last row.

4.3. Language Encoders Anisotropy

Figure 3 compares the cosine similarity distributions be-
tween caption embeddings produced by the two models,
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Figure 3. Cosine similarity distribution between the embeddings
generated by the language encoders for randomly sampled pairs of
captions.

Strategy SwimVG TransVG
Pp Ps Pp Ps
Word-level 0.055 0.044 | 0.011 0.011
Sentence-level | 0.063 0.038 | 0.030 0.019
Context-level | 0.125 0.124 | 0.007 0.007

Table 3. Correlation coefficients between IoU score and similarity.
The first two rows correspond to the object replacement setting,
while the last row corresponds to the context replacement setting.
pp is the Pearson correlation coefficient, while p; is the Spearman
rank-order correlation coefficient.

computed over N = 50,000 randomly sampled caption
pairs from RefCOCO+.

The average cosine similarity is approximately 0.38 for
SwimVG (CLIP encoder) and 0.88 for TransVG (BERT
encoder). Since perfect isotropy would correspond to an
average cosine similarity close to zero, both embedding
spaces exhibit anisotropy. However, the substantially higher
average similarity observed for BERT indicates a much
stronger concentration of embeddings within a narrow cone
of the representation space [22]. In contrast, CLIP embed-
dings are more directionally dispersed due to contrastive
multimodal pretraining [33]. This behavior is further re-
flected in the quantiles reported in Table I, which show
that BERT embeddings are concentrated in the similarity
range [0.813,0.968]. Overall, these results suggest that
the BERT language encoder induces a significantly more
anisotropic embedding geometry than CLIP. These differ-
ences imply that these two models can be used appropri-
ately to assess whether global anisotropy affects a model’s
approximation behavior.

4.4. Visual Grounding Approximation

The results of evaluating the models on the object-
replacement and context-replacement datasets are shown in
Figure 4 and Figure 5, respectively. Importantly, each sim-

ilarity bin contains the same number of samples by con-
struction, ensuring a controlled comparison across similar-
ity ranges. In our analysis, we exclude counterfactual cap-
tions derived from samples for which the model’s prediction
on the original caption achieved an IoU score lower than 0.5
with respect to the RefCOCO ground-truth bounding box.
This filtering ensures that approximation is evaluated only
as deviation from the correct grounding behavior.

If embedding anisotropy influenced the emergence of ap-
proximation behavior, we would expect higher similarity
bins showing higher IoU values (as illustrated in the first
row of Figure 7). Instead, in the object-replacement set-
ting (Figure 4), both TransVG and SwinVG exhibit con-
sistent behavior under word-level and sentence-level simi-
larity computations. As previously stated, TransVG relies
on embeddings produced by BERT, whose representations
are strongly anisotropic, with embeddings concentrated in
a narrow cone of the vector space. In such a geometry,
cosine similarity has reduced discriminative power across
directions. By contrast, CLIP’s representation space used
by SwimVG, while not perfectly isotropic, is more direc-
tionally dispersed. Despite these geometric differences, nei-
ther model shows a meaningful correlation between cosine
similarity and localization performance. This observation
is quantitatively confirmed by the near-zero Pearson and
Spearman coefficients reported in Table 3. Therefore, while
embedding geometry differs substantially across models,
anisotropy alone does not explain the visual grounding ap-
proximation behavior observed in our experiments. This
is consistent with other works in natural language process-
ing [5, 8] questioning the assumption that isotropy is a cru-
cial property for contextual embeddings.

Comparing Figure 4 and Figure 5, we further observe
that localization performance under context replacement is
consistently higher than under object replacement across
comparable similarity ranges. This suggests that ground-
ing models are more sensitive to perturbations affecting the
referential noun than to modifications of contextual infor-
mation. In other words, altering the semantic anchor of
the referring expression leads to stronger degradation than
perturbing surrounding descriptive cues, suggesting that
grounding decisions are primarily driven by object-level se-
mantics, while contextual cues play a secondary role. From
an explainability perspective, this indicates a dominance of
noun-driven shortcuts over contextual reasoning.

5. Qualitative results

Figure 6 and Figure 7 provide qualitative results for both
models exhibiting approximation behavior.

In all but one case (middle top row of Figure 7) it is
interesting to observe that the model prediction matches
the ground-truth annotation under the lowest-similarity per-
turbation, while it changes under the highest-similarity re-
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Figure 4. Comparison of the mean IoU score per similarity bin in the object replacement case, using both word-level and sentence-level
similarity computation. IoU is computed between model predictions and the RefCOCO+ ground-truth bounding boxes.
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Figure 5. Comparison of the mean IoU score per similarity bin in the context replacement case. IoU is computed between model predictions
and the best-matching bounding box of the referred category from MS-COCO.

placement. Moreover, the middle caption in the second row
shows that the model can still rely on the object-level se-
mantic anchor even when the modified caption is not fully
coherent from a commonsense perspective.

Moreover, the first row of Figure 7 exemplifies the be-
havior that would be expected if anisotropy and approxima-
tion were strongly correlated: the model correctly localizes
the object for the original caption, fails to reproduce the an-
notated bounding box under the lowest-similarity replace-
ment, and recovers the same bounding box in the highest-
similarity case.

Visual inspection of Figure 6 and Figure 7 indicates that
the predicted bounding boxes correspond to existing objects
in the image, regardless of the caption semantics. A broader
qualitative examination over additional samples reveals that
this behavior holds in the majority of cases. This consis-
tency suggests that both models may rely on an internal

notion of objectness, conceptually analogous to the object-
ness score in Faster R-CNN [29], which steers predictions
toward dominant object regions even under counterfactual
inputs.

6. Conclusions

In this work, we investigated the role of language embed-
ding geometry in approximation behavior observed in vi-
sual grounding models under counterfactual conditions. By
introducing a similarity-controlled counterfactual caption
generation protocol, we were able to systematically control
perturbations in embedding space while keeping the input
image fixed and analyze model behavior as a function of
semantic proximity by cosine similarity.

From an explainability standpoint, we highlight that
counterfactual robustness is crucial to understanding why
visual grounding models fail to revise their predictions
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Figure 6. Qualitative results produced by TransVG on the replacement datasets, showing approximation behavior. The top row corresponds
to object replacement, while the bottom row shows context replacement. From left to right, the columns display results for the original
caption, the edited caption sampled from the lowest similarity bin, and the edited caption sampled from the highest similarity bin.

Figure 7. Qualitative results produced by SwimVG on the replacement datasets, showing approximation behavior. The top row corresponds
to object replacement, while the bottom row shows context replacement. From left to right, the columns display results for the original
caption, the edited caption sampled from the lowest similarity bin, and the edited caption sampled from the highest similarity bin.

when semantically relevant components are altered.

Across models relying on language encoders with differ-
ent geometric structures of the embedding space, our results
reveal only a weak positive correlation between embedding
anisotropy and approximation behavior. These findings
suggest that such phenomenon cannot be solely attributed to
global anisotropy of the embedding space. While our study
rules out this factor as a primary cause, further investigation
is needed to determine whether grounding failures are bet-
ter explained by other geometric properties of the language
space beyond global anisotropy or instead arise from com-
plex multimodal interactions and the reliance on shortcuts
tied to object-level semantic anchors.

Qualitative evidence suggests that both visual grounding
models may learn an internal notion of objectness. Nev-
ertheless, confirming this hypothesis requires a systematic
and quantitative investigation, which is deferred to future

studies.

While our analysis focuses on two representative
Transformer-based grounding models with distinct embed-
ding geometries, the observed behavior is likely to extend
to other models relying on object-centric representations.
Future work should validate these findings on more recent
open-vocabulary and cross-encoder models.

Future work may also focus on extending the pre-
sented experiments by taking into account other aspects
of the embedding space geometry, such as relative dis-
tances and cluster density. Changes in the attention dy-
namics may contribute to the approximation behavior as
well, and should be the object of subsequent studies, ul-
timately aiming to design visual grounding models that
are semantically faithful under counterfactual perturba-
tions.
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