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Vision-Language Model through the lens of Linguistic Relativity

Rahul Singh Maharjan & Angelo Cangelosi
Centre of Robotics and Al
University of Manchester, United Kingdom
rahulsingh.maharjan @manchester.ac.uk

Abstract

Linguistic relativity proposes that the categorical structure of
a language systematically biases how continuous perceptual
domains are partitioned. While this effect is well studied
in human color perception, it remains unclear whether vi-
sion—language models (VLMs) exhibit a language-conditioned
categorical structure analogous to it. In this work, we treat VLM
as an artificial subject and adapt psycholinguistic paradigms to
test for Whorfian effects in a multimodal neural network. Us-
ing a tightly controlled set of color-discrimination triads that
vary only in OKLab lightness, we quantify model decisions
across English and Russian lexical frames. For a contrastive
dual-encoder VLM, we observe a robust shift in the internal
decision boundary between light and dark blue when the lan-
guage of the textual input changes, despite identical visual input.
This boundary displacement disappears in vision-only embed-
dings, demonstrating that the effect is not perceptual in ori-
gin but emerges from vision—language alignment. In contrast,
when languages share the same color lexicon (e.g., English and
French), category boundaries largely overlap, and when generic
labels are used, no stable boundary emerges. Together, these
findings show that a computational analogue of linguistic rela-
tivity can arise in artificial systems, but only when visual rep-
resentations are explicitly aligned with language. Our results
establish a framework for testing cognitive theories in multi-
modal models.

Keywords: linguistic relativity; categorical perception; color
semantics; vision—language models; multimodal cognition;
computational psycholinguistics

Introduction

Linguistic Relativity (Sapir, 1929) is the principle that the
grammatical structures, semantic categories, and habitual ex-
pressions of a language systematically bias how its speakers
perceive, categorize, and remember experience, especially in
domains where the world is continuous or ambiguous (such
as color, time, and space). As such, contemporary work on
linguistic relativity holds that language does not strictly de-
termine cognition, but it systematically biases patterns of at-
tention, categorization, and discrimination (Boroditsky, 2001;
Lucy, 1992; Lupyan et al., 2020; Sapir, 1929; Winawer et al.,
2007).

This effect has been demonstrated most clearly in the do-
main of color perception. Winawer et al. (2007) compared
Russian and English speakers in a color discrimination task.
Russian divides the color blue into two basic lexical categories
- rosty6oii (goluboy) (light blue) and cunnii (siniy)(dark blue)
- whereas English uses a single term, blue. In Winawer et al.

(2007), participants were asked to identify which of the two
bottom color squares matched a top target square. Although
the physical color distance was controlled, Russian speakers
were significantly faster when the two choices crossed their
language’s categorical boundary (rosy6oii (goluboy) vs. cu-
Hwii (siniy)) than when both belonged to the same lexical cate-
gory. English speakers showed no such difference. Crucially,
when Russian participants were given a concurrent verbal
interference task, the categorical advantage disappeared, indi-
cating that linguistic resources were actively engaged during
perception (Gilbert et al., 2006). Similarly, Forder and Lupyan
(2019) argues that hearing a color word can immediately bias
visual color discrimination.

Parallel effects have been found outside of color. Boroditsky
(2001) showed that speakers of English and Mandarin, which
differ in how they spatially metaphorize time (horizontal vs.
vertical), display corresponding differences in temporal rea-
soning. Similarly, Levinson (2003) demonstrated that speak-
ers of languages that use absolute spatial frames of reference
(e.g., north/south rather than left/right) exhibit superior ori-
entation abilities and encode spatial relations differently in
memory. Together, these findings support a moderate ver-
sion of linguistic relativity: language does not impose rigid
cognitive limits, but it guides default interpretive strategies
by highlighting some distinctions while backgrounding oth-
ers. The influence of language is therefore probabilistic and
context-sensitive rather than deterministic.

Recent advances in artificial intelligence have introduced a
new class of models called Vision-Language Models (VLMs),
which jointly learn from visual and textual data to per-
form tasks that require multimodal reasoning, such as im-
age captioning, visual question answering, and cross-modal
retrieval (Jia et al., 2021; Li et al., 2023; Liu et al., 2023;
Radford et al., 2021). This training paradigm implicitly in-
troduces linguistic structure into the visual representation it-
self: objects, attributes, and relations are encoded not only
by visual similarity but also by their lexical and semantic
categories. Consequently, VLMs do not possess a purely per-
ceptual vision system; rather, their internal representations
reflect language-conditioned perceptual organization (Bisk et
al., 2020; Goh et al., 2021). Furthermore, Marjieh et al.
(2024) argued that Large-Language Models (LLMs) encode
substantial structure about human perception despite the lack
of direct sensory experiences.

This design choice invites a deeper inquiry: Do VLM ex-
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hibit a form of linguistic relativity analogous to that ob-
served in humans? If human perception is biased by the
categorical structure of language, then VLMs—whose vi-
sual representations are optimized to align with linguistic to-
kens—may display similar category-dependent biases. Since
color is both perceptually continuous and linguistically dis-
crete (Berlin & Kay, 1991), it provides an ideal testbed for
examining whether linguistic categories shape VLM behavior
in a manner consistent with the linguistic relativity hypothesis.

Despite growing interest in the interpretability and cogni-
tive plausibility of multimodal models, relatively little work
has examined whether their internal representations exhibit
language-specific categorical effects rather than merely re-
flecting visual similarity. Recent computational studies sug-
gest that neural models can develop categorical color repre-
sentations that resemble human color categories (Akbarinia,
2025; Arias et al., 2025; Yuksekgonul et al., 2022), but it re-
mains unclear whether such effects in VLMs arise from vision-
only structure or from language-conditioned category bound-
aries. Distinguishing between these possibilities is crucial for
determining whether any observed categorical behavior con-
stitutes a genuine analogue of linguistic relativity or merely an
artifact of visual clustering. Investigating linguistic relativity
in VLMs is therefore important for three reasons. First, it
provides a framework for analyzing how language shapes in-
ternal perceptual representations in artificial systems. Second,
it allows direct comparison between human and model cog-
nition using an established psycholinguistic paradigm. Third,
it clarifies whether multimodal models encode meaning in a
fundamentally symbolically biased manner rather than in a
perceptually grounded manner.

In the present study, we adapt classic color-categorization
paradigms from the linguistic relativity literature (following
Winawer et al. (2007)) to a controlled multimodal evalua-
tion of VLM. By testing whether model performance differs
across language-specific color boundaries (e.g., Russian ro-
Jy6oit (goluboy) / cunmii (siniy) vs. English blue) under
matched perceptual conditions, we assess whether VLMs ex-
hibit language-conditioned categorical biases analogous to
those found in human cognition.

We test whether category responses differ across languages
for identical stimuli, and whether any such effect disappears
in vision-only embeddings. In this study, we restrict our anal-
ysis to a contrastive dual-encoder model, using Jina-CLIP v2
Koukounas et al. (2024) as a representative model, to test
whether language-conditioned category structure emerges di-
rectly in aligned embedding spaces.

Methods

Stimuli Generation

Color stimuli were generated in OKLab color space (Ottos-
son, 2020) to ensure approximately perceptual uniformity
across lightness steps. Patches were sampled from a re-
stricted blue region of color space, with lightness varied sys-
tematically and hue and chroma constrained to narrow ranges

a. Within-category triad (Lt=0.640, Ld=0.620)

©

Figure 1: (a) Each trial presents a target (top), an identical
match (bottom-left), and a distractor (bottom-right) differ-
ing only in OKLab lightness. (b) Example within-category
(top) and cross-category (bottom) triads with equal physical
lightness difference. Only the cross triad spans the reference
boundary. (c) Lightness continuum (L* = 0.45-0.80) used
for stimulus sampling. The dashed line marks the reference
boundary for labeling; it was not shown to the models.

(L* € [0.45,0.80], C € [0.06,0.16], h € [210°,265°]). Hue
and chroma were randomly jittered within this subspace to
avoid pixel-level artifacts, but only lightness (L*) was used
for analysis. This design isolates categorical effects along a
single continuous perceptual axis while holding other visual
properties approximately constant. Each trial consisted of a
triad (Figure 1A) comprising a target, a physically identical
match, and a distractor differing from the target primarily in
lightness. Perceptual distance between target and distractor
was calibrated using AE»o (Fairchild, 2013), and all patches
were embedded on a uniform neutral white background to
minimize contrast effects.

To construct category conditions, we defined a reference
lightness L. = 0.62 approximating the Russian blue bound-
ary (Winawer et al., 2007). This boundary was used only for
labeling, not imposed on the model: triads were labeled within
if L; and L fell on the same side of L..f, and cross otherwise.
The difference in physical lightness was held constant across
conditions. The full stimulus set comprised 600 triads per
language condition, rendered as 224 x 224 RGB images.

This controlled sampling strategy ensures that any ob-
served categorical effects cannot be attributed to low-level
color statistics or clustering in hue—chroma space, but must
arise from how the model maps continuous visual input onto
language-conditioned semantic categories.
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Language-conditioned color boundary in Contrastive VLM
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Figure 2: Language-conditioned color boundaries in a contrastive VLM. Category score as a function of OKLab lightness
for identical stimuli under different language framings. Solid lines show linear fits; shaded bands indicate 95% confidence
intervals; the dashed line marks the zero-crossing boundary. (a) English vs. Russian: the Russian boundary occurs at higher
lightness. (b) English vs. French: boundaries largely overlap, showing no shift.

Formalization of model scores and category
boundaries

We denote a visual stimulus by x and a language context by
L (e.g., English or Russian). If linguistic relativity holds for
a VLM, then its response function satisfies:

[l L) # f(x, L), 6]

for two distinct languages L # L’ given identical visual
input x.

To test linguistic relativity in VLM, we require a way to
convert each model’s response to a color stimulus into a con-
tinuous scalar that reflects its categorical bias. Rather than
relying solely on discrete labels, we define a category score
that measures the model’s relative preference for competing
lexical categories (e.g., light vs. dark). This score serves
as a psychometric analogue of response probability in human
experiments and allows us to estimate an internal decision
boundary.

By modeling the relationship between category score and
physical lightness, we obtain a continuous psychometric func-
tion whose zero-crossing defines the model’s implicit category
boundary. This procedure mirrors psychophysical approaches
in which perceptual thresholds and category transitions are in-
ferred from fitted response curves rather than from single-trial
judgments (Gescheider, 2013; Hautus et al., 2021). Similar
curve-based boundary estimation has been widely used in
studies of categorical perception of color and speech (Gold-
stone, 1994; Harnad, 2003; Winawer et al., 2007). This for-
mulation enables direct quantitative comparison of category
boundaries across languages.

The same framework can be applied at multiple representa-
tional levels—joint vision—language embeddings and vision-

only embeddings —allowing us to distinguish language-
conditioned categorical structure from intrinsic perceptual
organization. The formalization provides a bridge between
human psychophysics and artificial cognition.

Stimulus categories. Each trial is a triad with a target patch
of OKLab lightness L;, a physically identical match, and a
distractor patch of lightness L;. We define within vs. cross
categories relative to a reference boundary L. that is used
only to label stimuli for analysis and visualization; it is not
provided to the model and does not constrain the model’s fit-
ted boundary. This mirrors standard categorical-perception
designs in which a hypothesized category boundary is used to
construct matched stimulus pairs, while the observer’s bound-
ary is inferred from responses (Gescheider, 2013; Harnad,
2003; Winawer et al., 2007). Formally,

(Lt = Lref) = (Ld = Lref)’
otherwise.

within,
2

Cross,

condition = {

This construction is motivated by the human color studies,
which show that discretizing a continuous color space into
lexical categories (e.g., basic color terms) can induce categor-
ical advantages around language-specific boundaries (Berlin
& Kay, 1991; Winawer et al., 2007). Recent machine learning
studies also suggest that neural models can develop category-
like color representations, and that these representations shift
when the models are aligned across modalities (Akbarinia,
2025; de Vries et al., 2022).

Contrastive model score. For a contrastive VLM (CLIP-
style), we embed the stimulus image x into an image vector

ex and embed language-specific labels into text vectors el(iggt
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and egfr;(. Contrastive VLMs are trained to align matched

image—text pairs in a shared embedding space using cosine
similarity, making differences of cosine similarities a natural
decision variable (Radford et al., 2021). We define a category
score:

s(x,L) = COS(é‘X, el(éﬁt) - cos(ex, eéaLIL) . 3)
Positive values indicate that the image embedding is closer to
the light label than the dark label in the joint space, yielding a
graded analogue of a psychometric response function. Using a
continuous score draws on psychophysics practice: thresholds
and category transitions are inferred from response curves,
which are more stable and comparable across conditions than
single-trial decisions (Gescheider, 2013).

Boundary estimation. To estimate the model’s implicit cat-
egory boundary for each language, we model the relationship
between score and physical lightness with a simple parametric
psychometric approximation:

s(x,L) =arL; + by, 4

and define the model’s boundary as the point of indifference

(score zero), )
" L
Li=-2. 5)

This approach mirrors how category boundaries are estimated
in human perception: the boundary is taken to be the point
where the stimulus provides equal support for each category
(often where a logistic fit crosses P = 0.5) (Gescheider, 2013;
Harnad, 2003). The language-conditioned boundary shift is
then:

AL* = L%, - L%,. 6)
A non-zero AL* provides a simple quantitative test of linguis-
tic relativity: identical stimuli x gives rise to different category
transitions when the linguistic label changes. This parallels
language-conditioned boundary effects in human color cate-
gorization (Winawer et al., 2007) and echoes recent work on
emergent categorical structure in neural networks (Akbarinia,
2025; de Vries et al., 2022).

Vision-only discrimination margin. To separate language-
conditioned effects from intrinsic visual structure, we evaluate
the same triads using only the vision encoder. We compute
target—match similarity and target—distractor similarity in the
visual embedding space and define a discrimination margin:

m(x) = |cos(e;, em) — cos(er, ea)l, @

where e;, e, and ey denote target, match, and distractor
visual embeddings. This margin is a machine analogue of
discriminability: a larger m(x) indicates that the distractor is
less confusable with the match given the target. A categorical-
perception-style prediction would be that cross-category pairs
become more separable than within-category pairs at matched
physical distance. The corresponding null hypothesis is:

E[m | cross] ~ E[m | within]. (8)

This control is motivated by both human work distinguish-
ing perceptual from lexical contributions (Winawer et al.,
2007) and computational findings that category boundaries
can either (i) emerge within vision-only representations or (ii)
be strengthened by task/label structure (Akbarinia, 2025; de
Vries et al., 2022).

Model

All experiments in this work were conducted using a sin-
gle contrastive VLM: Jina-CLIPv2 (Koukounas et al.,
2024). Jina-CLIPv2 follows the CLIP-style dual-encoder
model (Radford et al., 2021), jointly trained to align image
and text embeddings in a shared semantic space. We selected
Jina-CLIPv2 because it combines multilingual text encoders
with a high-capacity visual backbone and has demonstrated
strong performance on zero-shot image retrieval in multi-
lingual settings. This makes it particularly well-suited for
testing language-conditioned category structure across dif-
ferent lexical systems. Both image and text embeddings
were {>-normalized prior to all similarity computations. This
study focuses exclusively on contrastive vision—language rep-
resentations. We do not evaluate generative vision—language
models in the present work, in order to isolate language-
conditioned structure in joint embedding spaces rather than
prompt-dependent generation behavior.

For each language L, category scores were computed by
comparing each image embedding to a fixed set of language-
specific text prompts representing the light and dark cate-
gories. The prompts were chosen to reflect natural, commonly
used color terms in each language.

For English, we used light blue for the light category and
dark blue for the dark category. For Russian, we used rosy-
o6oit for light blue and cunwuit for dark blue to account for
grammatical gender. For French, we used bleu clair and bleu
foncé for the light and dark categories, respectively.

All text prompts were encoded with the corresponding mul-
tilingual text encoder of Jina-CLIPv2. No other parameters
or inputs were changed across languages.

Results

Language-conditioned category boundaries in a
contrastive VLM

Figure 2 visualizes how a contrastive VLM partitions the same
continuous color continuum under different linguistic fram-
ings. Each point corresponds to one stimulus triad, and each
curve summarizes the model’s graded preference for the light
versus dark label under a given language. The visual stim-
ulus is identical across language conditions; only the textual
inputs differ. Therefore, any systematic shift in the curves
cannot be attributed to changes in perceptual input, but must
arise from the interaction between visual representations and
language-specific semantic structure.

Language-dependent decision geometry. In Figure 2 (a),
the English and Russian curves cross the indifference line
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at markedly different lightness values. For a wide region of
the continuum, the same visual stimulus is categorized as light
under English but dark under Russian. This demonstrates that
the model’s internal decision geometry is not fixed in visual
space, but is instead reparameterized by language. In other
words, the linguistic frame shifts how the model interprets
the same visual axis, producing different category partitions
without altering the underlying visual encoding.

Why this constitutes a Whorfian effect. Although the fit-
ted functions for all languages remain monotonic in L; (Eq. 4),
their intercepts differ by language, shifting the location of the
zero crossing. This indicates that language shifts where cate-
gory boundaries fall along a continuous perceptual axis, with-
out changing the underlying geometry. The same x can yield
different signs of s(x, L) across languages, directly satisfying
Eq. 1.

Specificity to linguistic category structure. Figure 2 (b)
shows that when two languages (English and French) share
the same color lexicon, the fitted functions yield overlapping
L7 values under Eq. 5. Consequently, AL* tends to be very
small in Eq. 6, confirming that the boundary shift depends on
genuine semantic differences rather than token variation.

Re-anchoring rather than distortion. While the slope ar,
in Eq. 4 remains smooth and monotonic across languages (En-
glish, Russian, and French), the intercept b, varies, shifting
the zero crossing L} . Thus, language adjusts the categorical
reference point while leaving the visual continuum unchanged.

Implications for artificial categorical perception. The
non-overlapping confidence intervals around the zero cross-
ings indicate that the differences in L} are statistically reli-
able, yielding a non-zero AL* in Eq. 6. This establishes that
the model encodes language-conditioned category structure
rather than a single, language-invariant boundary.

Figure 3 shows the same effect from another angle. The
English curve shifts from low to high values at much lower
lightness levels than the Russian curve. As a result, for in-
termediate colors, the model consistently assigns different
category labels based solely on the linguistic context.

Boundary displacement. The midpoint of each curve cor-
responds to the zero crossing of the score function (Eq. 5). The
separation between these midpoints matches the displacement
measured by AL* (Eq. 6), confirming that the two analyses
capture the same underlying boundary shift.

Categorical sharpening. The steeper transition of the Rus-
sian curve reflects a larger absolute slope ar, in Eq. 4, meaning
that small changes in L, lead to larger changes in s(x, L) near
the boundary. This corresponds to stronger categorical com-
mitment around L7 .

Psychometric choice curve: P(light) + 95% Cl

1.0
language

—8— en
ru

light) (binned)
1) I5)
o ©

N
IS

P(pred

0.2

0.0 1
0.45 0.50 0.55 0.60 0.65 0.70 0.75 0.80
Lt (OKLab lightness)

Figure 3: Psychometric choice curves for a contrastive
VLM. Binned probability of predicting the light label as a
function of target lightness for English and Russian prompts
(95% ClIs). The Russian curve is shifted rightward and is
steeper, indicating a later and more categorical boundary than
English for identical stimuli.

Language-dependent classification of identical stimuli.
Within the intermediate region, the same x yields opposite
signs of s(x, L) across languages. By definition of the deci-
sion rule tied to Eq. 3, this means that category labels differ
solely because L differs, while x is fixed.

Lexical specificity. From Figure 4, we can see that, when
generic labels are used (light vs. dark, without providing
blue label), the fitted function never satisfies s(x,L) = 0,
and thus no L} exists under Eq. 5. In contrast, Russian
anchors yield a valid zero-crossing. This demonstrates that
category structure arises only when the language supplies
distinct semantic reference points.

Vision-only control: absence of categorical
sharpening

Figure 5 evaluates the null hypothesis in Eq. 8. Because
within- and cross-category margins overlap across L;, we fail
to reject the null, showing that categorical sharpening does
not arise from the visual encoder alone.

Overall interpretation. Taken together, these results
demonstrate that the contrastive VLM does not simply encode
a continuous perceptual color axis and then read out labels in
a language-agnostic manner. Instead, the same visual repre-
sentation is re-anchored to different lexical reference points
depending on the language context, yielding distinct category
boundaries for identical stimuli. Crucially, this boundary
shift is not accompanied by any categorical sharpening in the
vision-only control, indicating that the visual encoder itself
preserves a smooth, continuous representation of lightness.
The categorical structure, therefore, arises only at the level of
vision—language alignment.
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Language-conditioned color boundary in Contrastive VLM
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Figure 4: Language-conditioned color boundary with generic
vs. categorical anchors. English uses generic labels
(light/dark) and shows no zero crossing, while Russian uses
lexical blue categories (goluboy/siniy) and exhibits a clear cat-
egory boundary.

The observed effect satisfies the criterion of linguistic rel-
ativity expressed in Eq. (1): for fixed visual input x, the
model’s categorical response function differs across linguis-
tic contexts, f(x,L) # f(x,L"). At the same time, the null
result in the vision-only margin analysis supports Eq. (8),
showing that intrinsic visual geometry alone does not impose
discrete boundaries. The model’s behavior thus parallels the
classic human dissociation in which categorical perception
disappears under verbal interference (Winawer et al., 2007).

We therefore interpret the boundary shift not as a change
in perception, but as a change in the decision geometry in-
duced by language. In this sense, the model implements a
computational analogue of moderate linguistic relativity: lan-
guage does not determine what is seen, but it systematically
reshapes how continuous perceptual information is partitioned
into categories. This demonstrates that Whorfian-like effects
can emerge as a property of multimodal alignment itself, rather
than from symbolic rules or hand-coded semantics.

Limitations

Our stimuli vary primarily along a single perceptual dimen-
sion (lightness), whereas human color categories are shaped
by interactions among hue, chroma, and contextual factors. In
addition, this study examines only one model and one seman-
tic domain, so it is unclear how broadly the effect generalizes
to other architectures or categories. Moreover, all results are
based on a single contrastive vision—language model, so we
cannot determine whether the observed effects are specific to
this particular model or representative of contrastive VLMs
more broadly. We also focus exclusively on a contrastive
vision—language model; it remains an open question whether
similar language-conditioned boundary shifts would emerge
in large generative VLMs (Achiam et al., 2023; Alayrac et al.,

Vision-only discrimination margin by condition (+95% Cl)
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Figure 5: Vision-only control: no categorical sharpening.
Discrimination margin as a function of target lightness for
within- and cross-category triads. Cross-boundary pairs are
not more discriminable than within-category pairs, indicating
that categorical effects do not arise from vision-only embed-
dings.

2022; Li et al., 2023), where text—image alignment is medi-
ated through autoregressive decoding and instruction tuning
rather than a shared embedding space. Finally, the model’s
responses are deterministic and do not reflect the perceptual
noise, uncertainty, or attentional dynamics that characterize
human judgments, so the findings should be interpreted as
properties of representational alignment rather than as evi-
dence of human-like perception.

Conclusion

We showed that a contrastive vision—language model ex-
hibits language-conditioned categorical perception.  Us-
ing controlled color triads, we found that the model’s
light—dark boundary in OKLab space shifts systematically
across prompts, despite identical visual inputs. The result-
ing psychometric functions display sigmoidal structure and
boundary displacement, paralleling classic findings in hu-
man categorical perception. Although the polarity of the
effect does not match human data, the presence of a language-
dependent boundary demonstrates a computational analogue
of linguistic relativity: language reshapes the model’s percep-
tual decision structure without altering the visual representa-
tion itself.
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