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OVERVIEW

VISUAL GROUNDING

Localize a specific object in an image
given a natural language description

COUNTERFACTUALS

Benchmarks do not contain
counterfactual captions, i.e.,
describing object that are not present
in the image

APPROXIMATION BEHAVIOR

Models often fallback to
approximation: predicting a plausible
bounding box that satisfies only part
(e.g., the object category) of the
expression

MODELS Donut with hole on

= We analyze two transformer-based the left

models: TransVG [1] and SwimVG [2]

= Such architectures are not designed to output confidence or

counterfactual rejection scores )

ANISOTROPY e
= Anisotropy is the concentration of N
embeddings along few dominant P g
directions \
= Contextual language embeddings

often exhibit strong anisotropy

= This may reduce the discriminability of counterfactual
captions

CONTRIBUTIONS

= Propose a general framework to quantify the impact of
embedding geometry on approximation behavior by
similarity metrics

=  Provide empirical evidence that embedding anisotropy might
not be the underlying cause of approximation
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METHODOLOGY

PARSING CAPTIONS REFCOCO SAMPLE

We use spaCy to split each caption

INto components: IMAGE TEXT

= object, the words referring to the
category

= context, all remaining words
describing attributes

OBJ CTX

MEASURING ANISOTROPY

= We compute the empirical
distribution of cosine similarity
between the embeddings of
uniformly sampled caption pairs [3]

SIMILARITY

AWARE
SAMPLING

= We partition this distribution

using quantiles and obtain K COUNTERFACTUAL
similarity bins SAMPLE
CONTROLLED SAMPLING

We build counterfactual datasets by
either replacing the object or context
component of a caption

= We define vocabularies of candidate
replacements for objects and contexts

= We compute the cosine similarity
between the embedding of the original
caption and of the corresponding edit

= We sample K replacements, one
from each similarity bin
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LANGUAGE ENCODERS ANISOTROPY

= N = 50,000 randomly sampled
caption pairs, K = 5 bins

= BERT representations are more
anisotropic

= CLIP embeddings are more
directionally uniform because
of contrastive multimodal
pretraining [4]

Mean loU (gt vs pred)

RESULTS

I TransVG
B SwimVG

Similarity bin

OBJECT REPLACEMENT

We measure the loU between the
counterfactual prediction and the
original RefCOCO+ ground truth

A high loU indicates that the model
preserves alignment with the original
context rather than responding to the
altered object component

No meaningful correlation for both
models
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CONTEXT REPLACEMENT

= We measure the maximum loU between the
counterfactual prediction and all MS-COCO
bounding boxes of the target category

= A high loU indicates that the model
ignores the altered context and bases its
prediction solely on the original object
component

= No meaningful correlation, SWimVG
exhibits a slightly higher correlation
coefficient (p = 0.125)
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