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Abstract
Do vision–language models (VLMs) develop
more human-like sensitivity to linguistic con-
creteness than text-only large language mod-
els (LLMs) when both are evaluated with text-
only prompts? We study this question with a
controlled comparison between matched Llama
text backbones and their Llama Vision coun-
terparts across multiple model scales, treating
multimodal pretraining as an ablation on per-
ceptual grounding rather than access to im-
ages at inference. We measure concreteness
effects at three complementary levels: (i) out-
put behavior, by relating question-level con-
creteness to QA accuracy; (ii) embedding ge-
ometry, by testing whether representations or-
ganize along a concreteness axis; and (iii) atten-
tion dynamics, by quantifying context reliance
via attention-entropy measures. In addition,
we elicit token-level concreteness ratings from
models and evaluate alignment to human norm
distributions, testing whether multimodal train-
ing yields more human-consistent judgments.
Across benchmarks and scales, VLMs show
larger gains on more concrete inputs, exhibit
clearer concreteness-structured representations,
produce ratings that better match human norms,
and display systematically different attention
patterns consistent with increased grounding.

1 Introduction

Human meaning is not uniformly “linguistic”:
some concepts are tightly linked to perception and
action (e.g., apple, run), while others are largely re-
lational and context-dependent (e.g., stronger, jus-
tice). A long tradition in cognitive science treats
concreteness as a graded dimension of concep-
tual representation, with concrete words benefiting
from richer sensory codes and exhibiting robust
behavioral advantages over abstract words (Paivio,
1990; Barsalou, 2008). Concreteness therefore of-
fers a rare bridge between cognitive theory (how
humans represent meaning) and computational di-
agnostics (how models encode and use meaning),
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Figure 1: Comparison of concreteness rating distribu-
tions for selected words. For each word, we plot the
empirical distribution of model-generated token ratings
from Llama Vision (VLM) and Llama Text (LLM),
alongside human norms from Brysbaert et al. (2014).

enabling measurable tests of cognitive alignment
between humans and modern language systems
(Coltheart, 1981; Brysbaert et al., 2014). More
broadly, recent work in language acquisition argues
that neural models can serve as hypothesis genera-
tors and testers for cognitive theories, provided we
design analyses that connect internal mechanisms
to behavioral signatures (Portelance, 2022a).

A central tension is that contemporary large lan-
guage models (LLMs) learn from text alone, raising
questions about whether “meaning” can be recov-
ered from form without grounding (Harnad, 1990;
Bender and Koller, 2020). While distributional
learning can capture many semantic regularities,
the absence of perceptual experience may be espe-
cially consequential for concreteness: in humans,
concrete concepts are supported by sensorimotor
simulations and imagery-like codes (Paivio, 1990;
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Barsalou, 2008). Vision-language models (VLMs)
offer a natural testbed for this debate. By align-
ing text with visual representations (e.g., CLIP-
style contrastive learning and cross-modal projector
alignment), VLMs may develop more human-like,
graded concreteness representations than compa-
rably sized text-only LLMs (Radford et al., 2021;
Alayrac et al., 2022; Liu et al., 2023; Touvron et al.,
2023). Yet prior evidence connecting concreteness
to model behavior and representations is difficult
to interpret as a vision effect. On one hand, multi-
modal/distributional semantics work links concrete-
ness to perceptual grounding and visual consistency
(Hill et al., 2014; Hessel et al., 2018; Mickus et al.,
2023); on the other hand, separate lines probe con-
creteness as an axis in embedding spaces using text-
derived features (Charbonnier and Wartena, 2019;
Wartena, 2024). However, these strands rarely pro-
vide a controlled ablation that isolates the contri-
bution of visual input, and they typically analyze a
single level (task performance or representations)
rather than jointly linking behavior, geometry, and
processing dynamics.

This motivates a controlled LLM–VLM ablation
in which the language backbone is held as com-
parable as possible and the primary difference is
access to vision, allowing the contribution of visual
grounding to be isolated. In this work, concrete-
ness awareness is evaluated under this ablation by
triangulating evidence across three complementary
levels of analysis. First, at the output level, we
ask whether VLM accuracy on question answer-
ing increases with the concreteness of the queried
concepts. We further elicit model-produced con-
creteness ratings (token-level) and measure their
alignment with human norms (Figure 1) (Coltheart,
1981; Brysbaert et al., 2014). Second, at the em-
bedding level, we test whether token representa-
tions organize by graded concreteness by project-
ing token-level embeddings into a low-dimensional
space (t-SNE) and measuring within-bin compact-
ness via intra-cluster dispersion across concrete-
ness bins. Third, at the attention level, we quan-
tify contextual dependence as the entropy of each
token’s self-attention distribution: if abstract mean-
ing is more compositionally supported by surround-
ing context, abstract tokens should exhibit broader,
higher-entropy attention, whereas concrete tokens
should exhibit sharper, lower-entropy attention con-
centrated on fewer positions. This prediction aligns
with classic context availability accounts of con-
creteness effects in psycholinguistics, which argue

that abstract words benefit more from supportive
context for comprehension than concrete words
(Schwanenflugel and Shoben, 1983; Schwanen-
flugel et al., 1992).

Our analyses are designed as a vision ablation
for semantic grounding: holding the base language
model family and scaling regime as constant as
possible, we ask what changes to the language
models when vision is introduced. This yields a
coherent story linking classic cognitive accounts
of concreteness—dual coding and grounded cogni-
tion (Paivio, 1990; Barsalou, 2008)—to measurable
signatures in modern foundation models: (i) behav-
ioral sensitivity to concreteness in downstream QA,
(ii) representational geometry that recovers a con-
creteness ordering, and (iii) contextual dependence
reflected by attention entropy.

Contributions. We make following contribu-
tions: (1) a controlled LLM–VLM ablation study
that isolates the effect of visual grounding on con-
creteness awareness across matched model fami-
lies and scales; (2) output-level evidence that tests
concreteness sensitivity in QA and quantifies align-
ment between model-elicited concreteness ratings
and human norms; (3) internal diagnostics con-
necting grounding-based accounts to model repre-
sentations and processing, including concreteness-
conditioned clustering in embedding space (t-SNE
with intra-cluster dispersion) and attention-entropy
measures of contextual dependence motivated by
context-availability theories of abstract meaning.

2 Related work

2.1 Measuring concreteness in language

Concreteness is a graded psycholinguistic prop-
erty that captures how directly a concept can be
experienced through the senses, and it has been ex-
tensively measured through human norming stud-
ies. Classic resources such as the MRC Psycholin-
guistic Database provide lexical attributes includ-
ing concreteness/tangibility judgments (Coltheart,
1981), and later large-scale norms substantially ex-
pand coverage and improve reliability for modern
evaluation settings (Brysbaert et al., 2014).

In parallel, computational work has proposed
algorithmic approximations of concreteness. Early
NLP approaches connected concreteness-related
cues to figurative language phenomena, using
concrete vs. abstract contextual signals for lit-
eral/metaphorical sense identification (Turney et al.,
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2011). More recent methods treat concreteness pre-
diction as a supervised estimation problem over
distributional features and contextual representa-
tions (Charbonnier and Wartena, 2019). A partic-
ularly relevant line incorporates visual informa-
tion: “visual concreteness” can be operational-
ized via cross-image consistency within multi-
modal datasets (Hessel et al., 2018), and visually
grounded learning objectives can shape linguis-
tic structure and representations (Shi et al., 2019).
Given known context sensitivity (a word’s per-
ceived concreteness can shift with discourse and
reference), human norms provide an external an-
chor for evaluation, while model-produced ratings
can be treated as context-conditioned distributions
rather than fixed type-level attributes.

2.2 Grounding and vision language models
Grounding-based accounts of meaning empha-
size that linguistic symbols ultimately connect
to perception and action, motivating the classic
symbol-grounding problem (Harnad, 1990). In
NLP, grounding has been studied through both def-
initional discussions and benchmark/task design,
with critiques highlighting that “grounding” can
mean different things depending on modality, in-
teraction, and evaluation protocol. This motivates
evaluating grounding beyond downstream success
rates, using complementary diagnostics that probe
internal representations and processing rather than
relying on task behavior alone (Bisk et al., 2020a;
Chandu et al., 2021; Mickus et al., 2023).

Modern VLMs provide a scalable route to
grounding by learning joint representations of text
and vision. Several models are explicitly designed
to encourage fine-grained grounding via cross-
modal alignment objectives (e.g., word/phrase–
region alignment) (Tan and Bansal, 2019; Chen
et al., 2020), and to evaluate grounded lexical ac-
quisition beyond standard downstream transfer (Ma
et al., 2023). Large-scale contrastive and genera-
tive pretraining has produced general-purpose mod-
els that align linguistic descriptions with visual
features, supporting transfer to many multimodal
tasks (Radford et al., 2021; Alayrac et al., 2022;
Liu et al., 2023).

These strands motivate treating vision as a causal
factor that can strengthen concreteness awareness.
If concrete concepts are more consistently tied to
perceptual regularities (i.e., they have more stable
visual correlates), then adding visual supervision
should preferentially benefit how models recognize

and represent concreteness.

Building on this premise, prior work has es-
tablished foundational links between multimodal
pretraining and the improved processing of con-
crete language. Alper et al. (2023) demonstrate
that vision-and-language pretraining enhances zero-
shot visual language understanding in encoder mod-
els, showing a clear behavioral advantage over
purely unimodal baselines. Similarly, Yanuka
et al. (2024) leverage this phenomenon for mul-
timodal dataset curation, demonstrating that visu-
ally grounded models strongly correlate with hu-
man concreteness judgments at both the lexical and
sentence levels. While these studies provide criti-
cal behavioral evidence that multimodal grounding
enriches the semantic representation of physical
concepts, they primarily evaluate downstream task
outputs. Our study extends this line of inquiry by
transitioning the focus from external behavioral
benchmarking to internal mechanistic interpretabil-
ity, bridging the gap between multimodal ground-
ing and the cognitive probing methodologies dis-
cussed next.

A critical consideration when evaluating vision-
language models is the impact of multimodal align-
ment on the foundational text representations. His-
torically, several studies have observed an align-
ment tax, where extending a language model with
visual supervision degrades its performance on
purely text-based natural language understanding
tasks (Iki and Aizawa, 2021; Madasu and Lal, 2023;
Singh et al., 2022). However, recent methodologi-
cal advances utilizing strictly controlled LM-VLM
minimal pairs, such as the Molmo architecture
(Deitke et al., 2025), have begun to challenge this
consensus. For instance, Qin et al. (2025) explicitly
compare matched language and vision-language
backbones and demonstrate that multimodal train-
ing can actively improve text-only performance,
specifically regarding the deployment of taxonomic
knowledge. Our work aligns with and extends this
minimal-pair paradigm. By evaluating matched ar-
chitectures, we isolate the multimodal tuning phase
to demonstrate that vision-language training does
not generically harm textual representations; rather,
it provides a highly targeted benefit to the process-
ing and internal geometric organization of concrete,
perceptually grounded concepts.
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2.3 Neural models as cognitive probes of
language learning and processing

A growing cognitive-science perspective treats
neural networks as tools for generating and test-
ing mechanistic hypotheses about human learn-
ing, rather than purely as engineering solutions
(Portelance, 2022b). This includes using language
models as “psycholinguistic subjects,” evaluating
whether model-based surprisal and state representa-
tions predict human processing difficulty and syn-
tactic expectations (Goodkind and Bicknell, 2018;
Futrell et al., 2019). Another line tests whether
models acquire human-relevant grammatical gen-
eralizations via targeted syntactic evaluations and
minimal-pair benchmarks (Linzen et al., 2016; Gu-
lordava et al., 2018; Warstadt et al., 2020). More
recent work pushes toward developmental plausi-
bility by constraining data and supervision (e.g.,
BabyLM) or by studying interactive learning dy-
namics (Warstadt et al., 2023; Ma et al., 2025).

A highly relevant dimension of this cognitive
probing literature examines the direct alignment
between neural attention mechanisms and human
visual attention during reading. Prior work estab-
lishes that neural attention weights correlate signifi-
cantly with human eye-tracking metrics, such as fix-
ation durations and gaze patterns, during machine
reading comprehension tasks (Sood et al., 2020a).
Furthermore, researchers have successfully inte-
grated these human gaze signals as a supervisory
signal in neural attention layers to improve perfor-
mance across various downstream natural language
processing tasks (Sood et al., 2020b). Building
on this correspondence, recent research demon-
strates that explicitly guiding or masking trans-
former attention using real-life or model-predicted
eye-tracking data can actively enhance model ca-
pabilities in question-answering (Zhang and Hol-
lenstein, 2024). Because our methodology utilizes
layer-wise attention entropy to quantify how mod-
els distribute contextual reliance, this established
neural-gaze correspondence directly supports our
treatment of internal attention dynamics as a valid
empirical proxy for human cognitive processing
effort. Together, these efforts motivate treating
representational properties of language models as
empirical objects for studying human cognitive con-
structs.

3 Experiment Setup

Models The study compares matched pairs
of text-only LLMs and vision-language models
(VLMs) at two parameter scales. For the LLMs,
the backbone is Meta’s Llama 3.1 family (an 8B
and a 70B Text-only Model) (Meta AI, 2024a). For
VLMs, the corresponding vision models from the
Llama Vision 3.2 family (an 11B and a 90B vision
LLM) (Meta AI, 2024b) were chosen that utilize
the Llama 3.1 text-only models as a backbone. The
text-only models are fitted with a vision adapter
and then trained on a multimodal dataset to create
the vision models. We refer Appendix A for details.
Unless otherwise stated, evaluation uses text-only
prompts (no images), so the LLM–VLM compar-
ison functions as an ablation on access to visual
supervision during training rather than access to
images at inference.

Measuring concreteness Token-level concrete-
ness C(w) is obtained from the human ratings
in the 40k English words (Brysbaert et al., 2014)
(40K). For each word that appears in 40K, its con-
creteness score is set to the corresponding 40K
mean rating. For out-of-vocabulary proper nouns
(e.g., named entities) that are not covered by 40K,
the score is set to the maximum concreteness value
on the 40K scale (5). For function words without a
clear concreteness interpretation (e.g., articles and
prepositions) that are also absent from 40K, the
score is set to 0. Sentence-level concreteness for an
input string x with word tokens w1:n is the mean
of token scores:

C(x) =
1

n

n∑

i=1

c(wi). (1)

For subword-tokenized model inputs, word-level
scores are propagated to constituent sub-tokens to
enable tokenwise analyses.

Text datasets Evaluation uses standard text-
only QA benchmarks covering diverse reasoning
demands and a broader range of question con-
creteness: ARC-Easy and ARC-Challenge for
grade-school science multiple-choice questions
(Clark et al., 2018); BoolQ for naturally occur-
ring yes/no questions (Clark et al., 2019); Wino-
Grande for adversarial pronoun/coreference resolu-
tion (Sakaguchi et al., 2020); CommonsenseQA for
commonsense multiple-choice QA (Talmor et al.,
2019); Social IQA for reasoning about social in-
teractions and implications (Sap et al., 2019) and
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PIQA for physical commonsense reasoning (Bisk
et al., 2020b). Performance is measured by ac-
curacy under a unified prompting format. We re-
fer Appendix B and C for details on datasets and
prompts.

3.1 Research questions and methods

This section describes how each hypothesis is oper-
ationalized and tested. All analyses are conducted
for both model scales to assess scaling effects.

Does the VLM outperform the LLM on QA
questions as question concreteness increases?
For each benchmark dataset, each question is
scored as correct or incorrect under a unified
prompting format. To summarize performance as a
function of concreteness, sentence-level concrete-
ness scores are pooled across all datasets and dis-
cretized into six equal-width bins of size 0.6, span-
ning [1.8, 4.8] (the observed range is [1.96, 4.67]).
For each bin, accuracy is computed as the mean cor-
rectness over questions whose sentence concrete-
ness falls in that interval. In addition, the bin-wise
accuracy gap between the VLM and its matched
LLM is reported, ∆Acc = AccVLM −AccLLM, to
quantify where vision provides an advantage. We
hypothesize that ∆Acc is expected to be larger in
higher-concreteness bins, indicating that the VLM
is relatively more robust on concrete questions than
the text-only model.

Do VLM token representations exhibit tighter
within-concreteness clusters than LLM token
representations? Each word (w) covered by 40K
is rounded to a discrete concreteness bin b(w) ∈
{1, . . . , 5}. For each model, we extract last-layer
contextual representations and average over occur-
rences to obtain a type vector h̄(w). To measure
within-bin dispersion, we fit h̄(w) with 2D t-SNE,
yielding z(w). Within this t-SNE space, dispersion
is measured as the mean pairwise cosine distance
among tokens with the same label, where lower
values indicate more compact clusters:

D = Eℓ Ew ̸=w′∼Wℓ

[
1− cos

(
z(w), z(w′)

)]
(2)

where Wℓ represents the discretized concreteness
bin. Lower D indicates tighter within-concreteness
clusters.

Do abstract tokens exhibit higher-entropy at-
tention distributions than concrete tokens, and
is this abstract–concrete separation sharper

in VLMs? For each layer ℓ and head h, self-
attention weights follow the standard Transformer
definition (Vaswani et al., 2017):

A(ℓ,h) = softmax

(
Q(ℓ,h)K(ℓ,h)⊤

√
dk

)
,

where A
(ℓ,h)
i,j is the attention paid by token i to

token j and forms a probability distribution over
j due to softmax normalization. For each token i,
attention entropy is computed as:

H(ℓ,h)(i) = −
∑

j

A
(ℓ,h)
i,j logA

(ℓ,h)
i,j . (3)

Entropy is then averaged across heads for each
layer to obtain a per-token entropy score. At each
layer, we test the association between token con-
creteness c(wi) and attention entropy via Pearson’s
r. We expect a negative correlation (r < 0): ab-
stract tokens should exhibit higher attention en-
tropy (more diffuse context integration), whereas
concrete tokens should exhibit lower entropy (more
focused attention), consistent with concreteness
effects in comprehension (Schwanenflugel and
Shoben, 1983; Schwanenflugel et al., 1992). More-
over, we predict this effect is stronger in VLMs
than LLMs (i.e., more negative r in VLMs), reflect-
ing a sharper abstract–concrete separation.

Do model generated concreteness judgments
align better with human norms for VLMs?
Each model is prompted to output a concreteness
rating for every word token in each question on
the 40K scale. We refer Appendix C for prompt
details. To elicit reliable concreteness judgments
and enforce a consistent output format, we use the
instruct variants of the larger models (70B text-
only and 90B vision-language). Because the same
word type can appear in multiple contexts, each
word w induces an empirical distribution over rat-
ings under a model m:

pm(r | w) ∝
∑

x∈X (w)

1[r̂m(w, x) = r] (4)

where X (w) are contexts containing w and
r̂m(w, x) is the model-produced rating for token w
in question x. We construct an analogous human
distribution pH(r | w) from the 40K annotations
and quantify human–model agreement with the
symmetric KL divergence:

DKL(w) =
1
2 [KL(pm∥pH) + KL(pH∥pm)] (5)
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Figure 2: Top row: accuracy by question concreteness
for Llama Text vs. Llama Vision. Bottom row: the
VLM–LLM accuracy gap.

where smaller DKL(w) indicates better alignment.
We expect (i) DKL(w) decreases as human con-
creteness increases, and (ii) this decrease is steeper
for VLMs than for LLMs. To test the trend, we bin
words by human concreteness in 0.5-wide bins and
regress binned DSKL on bin center, reporting slope,
R2, and p-value.

4 Analysis and discussion

VLM outperform their LLM counterpart on
QA questions and the gaps widen on more con-
crete questions. Figure 2 shows that, across all
concreteness bins, VLMs consistently outperform
their text-only counterparts at both scales. Across
all datasets, for the smaller pair, accuracy increases
from 68.0% (LLM) to 77.5% (VLM), and for the
larger pair from 78.8% (LLM) to 85.5% (VLM).
Since each VLM is trained from the same model
family as its LLM counterpart, these gains indi-
cate that multimodal training transfers to improved
textual QA. We refer Appendix D for additional
per-dataset results.

Crucially, the advantage is not uniform across
question types: the bottom row of Figure 2 shows
that the VLM–LLM gap increases with question
concreteness in both scales, with the strongest sep-
aration in the most concrete bin. This pattern sug-
gests that visual grounding disproportionately bene-
fits questions whose successful resolution depends
on perceptible entities, attributes, and events (e.g.,
shape, material, spatial relations), consistent with

grounded accounts in which perceptual experience
provides an additional scaffold for semantic rep-
resentations (Harnad, 1990; Barsalou, 2008; Bisk
et al., 2020a). A plausible mechanism is that vision–
language training strengthens the association be-
tween concrete lexical items and perceptually an-
chored image features (e.g., object properties and
spatial configurations), making the relevant evi-
dence easier to retrieve and compose when answer-
ing concrete questions. In other words, the VLM’s
gains appear concentrated where the QA signal can
be supported by grounded semantics rather than
purely symbolic co-occurrence.

At the same time, the effect is smaller (and some-
times flatter) in lower-concreteness bins, where per-
formance may depend more on abstract relations,
discourse-level inference, or world knowledge not
directly supported by perceptual grounding. More-
over, abstract language tends to be more polyse-
mous and context-dependent, which can reduce the
benefit of any single additional modality. Together,
these results suggest that multimodal training pro-
vides an asymmetric benefit: it reliably improves
QA overall, but disproportionately improves the
processing and use of concrete concepts, which
we further probe via representation geometry and
attention diagnostics in subsequent experiments.

VLM token representations form tighter within-
concreteness clusters than LLMs. Given that
VLMs outperform their text-only counterparts on
QA, we ask whether vision-text training also re-
shapes the geometry of token representations along
a graded concreteness dimension. Figure 3a pro-
vides a qualitative view: in both the smaller and
larger models, the VLM embeddings display a visi-
bly tighter and less dispersed cluster for the highest
concreteness category (bucket 5). This effect is
more pronounced in the larger model. This pattern
suggests that visual grounding encourages repre-
sentations of perceptually grounded words to oc-
cupy a more coherent subregion of the space, con-
sistent with grounded accounts of meaning and
the symbol-grounding perspective (Harnad, 1990;
Barsalou, 2008; Bisk et al., 2020a).

We quantify this effect using within-bin intra-
cluster dispersion (Eq. 2) computed in the t-SNE
space. Table 1 shows that VLMs achieve lower
dispersion than LLMs at every concreteness level
in both families. The effect is largest for the
most concrete bin (c=5.0): dispersion drops from
0.76→0.66 in the 8B family and from 0.87→0.77
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Figure 3: t-SNE of average last-layer token representations for Llama Text vs. Llama Vision, colored by human
concreteness.

in the 70B family. Notably, dispersion is highest in
the mid-concreteness range (roughly c ∈ [2, 4]) and
drops sharply for the most concrete words, which is
compatible with the idea that mid-range words are
more heterogeneous (e.g., broader senses or mixed
perceptual/abstract usage) while highly concrete
words admit more stable, visually grounded seman-
tics. The analysis and visualization in figure 3 and
table 1 were done on t-SNE projections of the ac-
tual embeddings, for results on actual embeddings
we refer to Appendix F.

Taken together, the qualitative structure in Fig-
ure 3a and the consistent quantitative reductions in
Table 1 support our hypothesis that VLM represen-
tations encode graded concreteness more cleanly
than LLMs. This geometry offers a representa-
tional account of the concreteness-dependent QA
gains. If highly concrete word types occupy a
tighter region of the space, their representations are
more consistent across contexts, reducing the need
for context-dependent disambiguation and making
grounded attributes easier to retrieve and compose.
In turn, this should improve robustness on ques-
tions that hinge on perceptual properties (e.g., ma-
terials, shapes, spatial relations).

Concrete tokens show lower attention entropy,
with a stronger effect in VLMs. Motivated by
the representational results showing tighter within-

8B model family 70B model family

Conc. Text-only ↓ Vision ↓ Text-only ↓ Vision ↓
1.0 0.87 0.75 0.93 0.82
2.0 0.94 0.87 0.98 0.94
3.0 0.98 0.96 1.00 0.99
4.0 0.99 0.96 1.00 0.99
5.0 0.76 0.66 0.87 0.77

Table 1: Within-concreteness cluster dispersion (mean
pairwise cosine distance in 2D t-SNE; lower is tighter).

concreteness clustering in VLMs, we next test
whether models also differ in how much context
they integrate for abstract versus concrete words.
Prior psycholinguistic work suggests that concrete
words tend to be easier to interpret and rely less
on contextual support than abstract words, which
are more context-dependent (Schwanenflugel and
Shoben, 1983; Schwanenflugel et al., 1992). We
operationalize contextual reliance using attention
entropy (Eq. 3): higher entropy corresponds to
more diffuse attention over many tokens, while
lower entropy reflects more concentrated attention.

Figure 4 plots, for each layer, Pearson’s r be-
tween token concreteness and token attention en-
tropy (head-averaged), for both model scales. We
report full Pearson’s R values and their p−values
in Appendix G. Across most layers, correlations
are negative (or near zero), indicating that more
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Figure 4: Layerwise Pearson’s r between token con-
creteness and head-averaged attention entropy. Colored
dash lines are sigmoid fitted curves.

concrete tokens exhibit lower attention entropy
(i.e., they attend more selectively) whereas abstract
tokens show higher entropy, consistent with the
hypothesis that abstract meaning requires broader
contextual integration. The effect is strongest in
earlier-to-mid layers: both model families display
more negative correlations in roughly the first half
of the network, followed by a gradual attenuation
toward later layers. This layerwise result suggests
that context concreteness sensitivity is primarily
expressed early in processing, while later layers
may shift toward task-level integration that is less
directly tied to lexical concreteness.

Importantly, VLMs show a consistently stronger
negative correlation than their text-only counter-
parts. Averaging Pearson’s r across layers yields
r = −0.12 (LLM) vs. r = −0.16 (VLM) for
the smaller models, and r = −0.02 (LLM) vs.
r = −0.10 (VLM) for the larger models, indicat-
ing a sharper abstract–concrete separation in VLM
attention behavior. One interpretation is that vision-
text training provides an additional grounding sig-
nal that stabilizes the representations of concrete
words, allowing the model to resolve them with
more focused attention (lower entropy) and reduc-
ing the need to distribute attention broadly across
other tokens. The results so far were obtained from
the Llama model pairs. For additional discussion

on Qwen model pairs, we refer to Appendix E.

VLM concreteness ratings align more closely
with humans than LLM as concreteness in-
creases. Finally, if the performance, represen-
tation geometry, and attention analyses reflect a
human-like graded concreteness sensitivity, we
should also observe human-aligned concreteness
judgments from the models. Figure 5 plots hu-
man concreteness against human–model agreement
measured by symmetric KL divergence (lower is
better). Overall, the VLM exhibits lower diver-
gence than the LLM (mean DKL: 9.4 vs. 10.1),
indicating closer alignment to human norms from
(Brysbaert et al., 2014).

More importantly, agreement improves with con-
creteness: as human ratings increase, DKL de-
creases for both models, but the trend is substan-
tially sharper for the VLM. A linear fit on binned
concreteness shows that the VLM’s alignment in-
creases reliably with concreteness (slope= −1.810,
R2 = 0.857, p < 0.001), whereas the LLM trend
is weaker and not statistically reliable (slope=
−1.048, R2 = 0.328, p > 0.1). This suggests that
vision-text training does not merely shift ratings
globally, but preferentially calibrates judgments
for perceptually grounded words—precisely where
vision provides an additional supervisory signal.

Because concreteness is an interpretable, human-
normed semantic axis, improved human–model
alignment makes model behavior easier to diag-
nose: it supports using concreteness as a principled
factor for error analysis (e.g., when failures concen-
trate in abstract language) and as an interpretable
control variable when comparing model families,
aligning with calls for more rigorous, task-relevant
interpretability evaluations (Doshi-Velez and Kim,
2017; Guidotti et al., 2019). Mechanistically, con-
creteness alignment provides a concrete target for
circuit-level analysis: one can localize where con-
creteness enters computation (layers/heads/MLP
features) and test causal interventions, complement-
ing transformer reverse-engineering frameworks
(Elhage et al., 2021; Geva et al., 2022).

Model concreteness behaviour carries through
scale. Across all analyses, the concreteness ef-
fects observed in the 8B model family qualitatively
mirror in the 70B family: VLMs show larger gains
on concrete QA, tighter within-concreteness clus-
tering, more negative concreteness–entropy corre-
lations, and stronger human-aligned rating trends.
This consistency suggests that concreteness organi-
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Figure 5: Human–model alignment of token-level concreteness judgments. Each point is a word with human
concreteness on the x-axis and symmetric KL divergence between the model’s rating distribution and the human
(40K) distribution on the y-axis (lower is better). Larger dots show bin averages; dashed lines are linear fits over
bins. The VLM (left) exhibits lower divergence and a steeper decrease in divergence with concreteness than the
matched text-only LLM (right).

zation is not specific to small models, but a stable
property that persists under scaling, with vision-
text training providing an additive grounding signal
rather than a scale-specific artifact.

5 Conclusion

We presented a controlled test of whether visual
supervision during training induces more human-
like concreteness sensitivity in foundation models.
Holding the language backbone family and scaling
regime as constant as possible and using text-only
evaluation prompts, we compared matched Llama
3.1 LLMs against their Llama Vision 3.2 coun-
terparts, treating the LLM–VLM contrast as an
ablation on access to perceptual grounding rather
than access to images at inference. Across diverse
QA benchmarks, VLMs achieved higher accu-
racy overall and, crucially, showed larger improve-
ments on questions with higher concreteness, con-
sistent with grounded cognition and dual-coding
accounts in which perceptual experience dispro-
portionately supports concrete semantics (Paivio,
1990; Barsalou, 2008; Harnad, 1990). Internal anal-
yses converged on a coherent mechanistic picture:
VLM token representations formed tighter within-
concreteness clusters in low-dimensional projec-
tions, suggesting more stable type-level semantics
for highly concrete words; and attention-entropy
diagnostics indicated a sharper abstract–concrete
separation in contextual reliance, aligning with psy-
cholinguistic theories that abstract meaning draws
more heavily on supportive context (Schwanen-
flugel et al., 1992; Schwanenflugel and Shoben,

1983). Finally, elicited token-level concreteness
ratings agreed more closely with human norms in
VLMs, with a stronger improvement in human–
model alignment as concreteness increased, indi-
cating that vision–text training preferentially cali-
brates judgments precisely where perceptual super-
vision is informative.

Beyond the performance gap, our results po-
sition concreteness as a principled, interpretable
axis for comparing model families and diagnosing
grounding-related behavior. This provides a use-
ful bridge between cognitive constructs and mod-
ern interpretability practice: concreteness offers a
measurable target for localizing where grounded
semantic information enters computation.

Limitations

Single model family. To provide initial evidence
of cross-architecture generalizability, we conducted
the attention entropy analysis on an additional min-
imal pair (Qwen2 and Qwen2-VL), which success-
fully replicated the stronger abstract-concrete sepa-
ration observed in the vision model, as detailed in
the Appendix. However, a full replication requires
repeating the entire experimental pipeline, includ-
ing downstream QA evaluation, embedding geome-
try, and human-alignment elicitation, on additional
matched pairs. Evaluating architectures such as
the Molmo and OLMo pair, or expanding on the
multilingual Qwen family, will test whether these
comprehensive concreteness effects persist across
different model structures, languages, and training
recipes (Bai et al., 2023; Wang et al., 2024).
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Token frequency as a confound. Some apparent
concreteness effects may be partly explained by
lexical frequency/contextual diversity rather than
grounding, but we cannot access true pretraining
token counts. To reduce this confound, we can
add frequency proxies (tokenizer-matched counts
from large open corpora, plus average surprisal on
held-out text) as covariates, or frequency-match
concrete vs. abstract item sets before running the
main regressions.

Developmental trajectory. We only analyze fi-
nal checkpoints, so we cannot determine when con-
creteness sensitivity and human-alignment emerge
or how this depends on scale. An immediate follow-
up is a developmental-style study over intermedi-
ate checkpoints (or staged training) to track the
concreteness–accuracy slope and internal separa-
bility over training time for each model scale.
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A Model and Compute Details

Model Architecture We evaluate models from
the Llama 3.1 (text-only) and Llama 3.2 (vision-
language) families. The vision-language models
(VLMs) utilize the corresponding text-only mod-
els as their language backbone, augmented with
a vision tower and cross-attention adapters. The
architectural details for the text backbones are pro-
vided in Table 2.

For the vision models (Llama 3.2 11B and 90B),
the vision tower is a ViT-H/14 based encoder. The
11B VLM utilizes the 8B text backbone, while
the 90B VLM utilizes the 70B text backbone. All
models use Grouped-Query Attention (GQA) and
are trained with a context window of 128k tokens.

Compute Resources All inference and evalua-
tion experiments were conducted on a cluster of
8 NVIDIA A40 GPUs. Models were loaded in
bfloat16 precision to match the training dtype.
The total compute budget for the evaluation of all
benchmarks and concreteness scoring was approxi-
mately 2 Days of GPU hours.

B Dataset Details

We utilize seven standard QA benchmarks cover-
ing distinct reasoning domains. Statistics for the
evaluation splits used are detailed in Table 3. For
datasets where the official test set is hidden (BoolQ,

WinoGrande, CommonsenseQA, PIQA), we report
results on the canonical validation/development
split. For ARC, we use the test split. All datasets
and model checkpoints are obtained from the pub-
lic Hugging Face Hub (via the datasets and
transformers libraries). The benchmarks con-
sist of generic multiple-choice questions and do
not require any user-provided inputs. We do not
collect, store, or process personally identifying in-
formation. Accordingly, our experiments pose min-
imal risk of identity disclosure, and we report only
aggregate accuracy metrics without releasing any
per-example outputs that could contain sensitive
content.

We calculated the exact lexical overlap with the
Brysbaert et al. (2014) norming dataset. Across
the core commonsense benchmarks (CQA, PIQA,
SIQA, Winogrande), we observed a high coverage
of 76% of unique content vocabulary. The spe-
cialized science (ARC) and encyclopedic (BoolQ)
datasets showed lower coverage ( 65% and 45%,
respectively), reflecting their higher density of ab-
stract technical entities and proper nouns (for e.g.
rutile, agonist, Rhimes) which appropriately lack
general physical norms.

C Prompts

QA Evaluation (Non-Instruct Models) For the
base (non-instruct) models, we utilized zero-shot
prompting templates tailored to the task format. For
multiple-choice datasets (ARC, CommonsenseQA,
PIQA, WinoGrande), we used a standard comple-
tion format that lists options and prompts for an
immediate answer:

You are a helpful assistant.
Answer the question immediately
with just the option letter (A,
B, C, D) or number.
Question: {question}
Options:
A. {choice_a}
B. {choice_b}
C. {choice_c}
D. {choice_d}
Answer:

For the reading comprehension dataset (BoolQ),
we employed a template that conditions the binary
response on the provided passage:

Read the following passage and
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Model Family Size Layers Hidden Dim Attn Heads KV Heads

Llama 3.1 (Text) 8B 32 4096 32 8
Llama 3.2 (Vision) 11B 32 4096 32 8

Llama 3.1 (Text) 70B 80 8192 64 8
Llama 3.2 (Vision) 90B 80 8192 64 8

Table 2: Architectural specifications for the language backbones used in this study. The VLM variants inherit these
text specifications and add vision encoder parameters.

Dataset Domain # Questions Avg. Length

ARC-Easy Grade-school Science 2,376 ∼39 words
ARC-Challenge Grade-school Science (Hard) 1,172 ∼47 words
BoolQ Reading Comprehension (Yes/No) 3,270 ∼120 words†

WinoGrande Commonsense (Coreference) 1,267 ∼32 words
CommonsenseQA General Commonsense 1,221 ∼26 words
PIQA Physical Interaction 1,000 ∼48 words
SIQA Social Commonsense 1,954 ∼36 words

Table 3: Summary of evaluation datasets. †Includes passage length.

answer the question with Yes or
No.

Passage: {passage}
Questions: {question}
Answer:

Concreteness Ratings To elicit concreteness rat-
ings from the the large models (Llama 3.1 70B
and Llama 3.2 90B Vision), we used the following
prompt to ensure the output is aligned with the 1-7
MRC scale.

You are a psycholinguistics
expert. Your task is to rate the
’concreteness’ of every content
word in the following text on a
scale from 1.0 (very abstract)
to 7.0 (very concrete/tangible).

Defintion:
- **Concrete words** refer to
things you can perceive directly
with your senses (touch, see,
hear, smell). Examples: ’apple’,
’chair’, ’scream’.
- **Abstract words** refer to
concepts, ideas, or emotions that
cannot be directly perceived.
Examples: ’freedom’, ’justice’,
’infinity’.

Input Text: "{text}"

Return your analysis strictly
as a JSON list of objects,
where each object has ’word’ and
’score’. Ignore stop words (the,
a, is, etc.).
Example format:
[
{"word": "apple", "score": 6.2},
{"word": "freedom", "score":
2.77}
]
JSON Output:

D Detailed Results

Table 4 presents the raw accuracy scores for each
model across all five datasets.

E Replication on Additional Model Pair
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Figure 6: 7B Qwen model family.

To investigate the effects of architecture and
training data on our observations, we ran the at-
tention entropy experiment on an additional model
pair. For this experiment we chose the Qwen model
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Small Category Large Category
Dataset Llama 3.1 8B Llama 3.2 11B Llama 3.1 70B Llama 3.2 90B

ARC-Easy 86.45% 89.23% 93.10% 93.90%
ARC-Challenge 65.70% 78.41% 89.08% 91.64%
BoolQ 76.18% 82.02% 85.02% 90.31%
WinoGrande 52.41% 63.30% 69.93% 78.85%
CommonsenseQA 61.51% 71.58% 76.17% 77.15%
PIQA 35.30% 71.90% 54.00% 74.50%
SIQA 64.43% 71.19% 65.10% 78.71%

Average

Table 4: Per-dataset accuracy (%) for all evaluated models. The VLM variants generally perform comparable to or
better than their text-only counterparts, despite receiving no visual input during this evaluation.

family, specifically the text-only and the multi-
modal version of Qwen2 7B. As the figure 6 in-
dicates, the Qwen model pair does not exhibit a
significant gap in correlation between concreteness
and attention entropy across the models. We hy-
pothesize that this difference occurs due to the dif-
ferent make-up of pre-training data used to train
the model families. While the Llama family was
trained on a largerly english based corpus, the
Qwen models are trained on a pre-training mix-
ture of Chinese and English. This means the qwen
models are unable to represent the concreteness of
tokens as well as the Llama family. While this is
a negative result, it opens the door to future work
that looks at concreteness in multilingual data.

F Intra-clustering Analysis on Raw
Embeddings

We provide the intra-clustering analysis data on raw
embeddings for the 8B Llama model pair in table
5. The analysis holds true for the raw embedding
data as well.

G Attention Entropy Significance
Analysis

To confirm that the observed divergence in atten-
tion entropy between the model pairs is systematic,
we conducted paired t-tests on the layer-wise atten-
tion entropy differences. The evaluation compares
the base LLM against its corresponding VLM coun-
terpart across all transformer layers.

As detailed in Table 6, the mean layer-wise
differences are highly statistically significant for
both the 32-layer and 80-layer architectural scales
(p < 0.001). These results formally validate that
the multimodal alignment phase significantly al-
ters the internal attention dynamics of the language
backbone.

The following tables contains the raw correlation
values from the Attention Entropy analysis for both
model , Tables 7–9 contain the Pearson correlation
(R) and Significance (p) with significance levels:
∗∗p < 0.05, ∗∗∗p < 0.01.
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Table 5: Intra-clustering Analysis on Raw Embeddings (11B vs 8B)

Silhouette Mean Intra Disp. (Cos) Near. Cent. (Cos) Count

Concreteness 11B 8B 11B 8B 11B 8B 11B 8B

1.0 0.0045 -0.0108 0.5522 0.6697 0.0148 0.0246 118 116
2.0 -0.0316 -0.0373 0.5707 0.6807 0.0099 0.0146 2384 2392
3.0 -0.0200 -0.0286 0.5514 0.6532 0.0099 0.0146 2172 2194
4.0 -0.0367 -0.0442 0.5482 0.6417 0.0110 0.0165 1938 1928
5.0 0.0646 0.0784 0.4973 0.5690 0.0156 0.0237 1388 1370

Table 6: Paired t-test results comparing layer-wise at-
tention entropy between base LLMs and VLMs. The
divergence is statistically significant (p < 0.001) across
both model scales.

Llama 3.1 70B Llama 3.2 90B
Layer R p R p

Small (32 Layers) 32 0.038 6.63 2.08× 10−7

Large (80 Layers) 80 0.075 13.44 4.22× 10−22

Table 7: Large Scale Models (Part 1, Layers 0–31)

Llama 3.1 70B Llama 3.2 90B
Layer R p R p

0 -0.20 *** -0.20 ***
1 -0.26 *** -0.22 ***
2 -0.26 *** -0.27 ***
3 -0.25 *** -0.30 ***
4 -0.15 *** -0.14 ***
5 -0.19 *** -0.26 ***
6 -0.24 *** -0.26 ***
7 -0.12 *** -0.15 ***
8 -0.19 *** -0.26 ***
9 -0.12 *** -0.19 ***
10 0.04 *** -0.02 0.09
11 0.00 0.82 -0.10 ***
12 0.06 *** 0.03 ***
13 -0.08 *** -0.15 ***
14 -0.03 *** -0.08 ***
15 -0.04 *** -0.11 ***
16 0.04 *** -0.05 ***
17 -0.08 *** -0.11 ***
18 -0.08 *** -0.13 ***
19 -0.22 *** -0.27 ***
20 -0.17 *** -0.23 ***
21 -0.23 *** -0.30 ***
22 -0.15 *** -0.15 ***
23 -0.20 *** -0.23 ***
24 -0.24 *** -0.27 ***
25 -0.25 *** -0.24 ***
26 -0.27 *** -0.34 ***
27 -0.08 *** -0.18 ***
28 -0.06 *** -0.11 ***
29 -0.01 0.21 -0.10 ***
30 0.00 0.74 -0.15 ***
31 -0.01 0.58 -0.10 ***

Table 8: Large Scale Models (Part 2, Layers 32–79)

Llama 3.1 70B Llama 3.2 90B
Layer R p R p

32 0.05 *** -0.08 ***
33 0.05 *** -0.14 ***
34 0.08 *** -0.08 ***
35 0.00 0.78 -0.13 ***
36 0.00 0.84 -0.16 ***
37 0.13 *** 0.02 **
38 0.15 *** 0.05 ***
39 0.11 *** 0.03 **
40 0.20 *** 0.07 ***
41 -0.05 *** -0.22 ***
42 -0.01 0.27 -0.14 ***
43 0.08 *** -0.09 ***
44 0.12 *** -0.02 0.06
45 0.19 *** 0.08 ***
46 -0.02 0.09 -0.07 ***
47 0.11 *** 0.00 0.88
48 0.08 *** -0.03 ***
49 0.10 *** -0.04 ***
50 -0.00 0.87 -0.09 ***
51 0.08 *** -0.03 ***
52 0.14 *** 0.02 0.15
53 0.06 *** -0.02 0.06
54 0.08 *** -0.06 ***
55 0.02 ** -0.15 ***
56 0.15 *** 0.06 ***
57 0.07 *** -0.03 ***
58 -0.06 *** -0.11 ***
59 -0.12 *** -0.19 ***
60 0.14 *** 0.04 ***
61 -0.15 *** -0.15 ***
62 -0.16 *** -0.16 ***
63 -0.02 0.09 -0.11 ***
64 0.02 0.11 -0.02 0.16
65 -0.14 *** -0.15 ***
66 -0.04 *** -0.08 ***
67 0.09 *** -0.00 0.78
68 0.09 *** 0.02 **
69 -0.00 0.83 -0.06 ***
70 0.10 *** 0.03 ***
71 0.11 *** 0.02 **
72 0.14 *** 0.03 ***
73 0.07 *** -0.04 ***
74 0.11 *** 0.06 ***
75 0.10 *** 0.04 ***
76 0.03 *** -0.03 ***
77 0.06 *** 0.02 **
78 0.00 0.82 -0.01 0.31
79 -0.07 *** -0.08 ***
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Table 9: Small Scale Models (Layers 0–31)

Llama 3.1 8B Llama 3.2 11B
Layer R p R p

0 -0.20 *** -0.20 ***
1 -0.32 *** -0.28 ***
2 -0.24 *** -0.25 ***
3 -0.27 *** -0.31 ***
4 -0.27 *** -0.31 ***
5 -0.23 *** -0.28 ***
6 -0.29 *** -0.31 ***
7 -0.21 *** -0.25 ***
8 -0.17 *** -0.19 ***
9 -0.17 *** -0.19 ***
10 -0.13 *** -0.17 ***
11 -0.10 *** -0.13 ***
12 -0.18 *** -0.22 ***
13 -0.18 *** -0.19 ***
14 -0.15 *** -0.22 ***
15 -0.05 *** -0.12 ***
16 0.03 *** -0.01 0.19
17 -0.01 0.27 -0.11 ***
18 -0.10 *** -0.16 ***
19 0.01 0.32 -0.07 ***
20 -0.01 0.24 -0.09 ***
21 -0.03 *** -0.11 ***
22 -0.01 0.38 -0.08 ***
23 -0.09 *** -0.17 ***
24 0.01 0.28 -0.02 **
25 -0.04 *** -0.09 ***
26 0.01 0.22 -0.02 **
27 -0.01 0.25 -0.06 ***
28 -0.07 *** -0.10 ***
29 -0.13 *** -0.12 ***
30 -0.07 *** -0.09 ***
31 -0.08 *** -0.04 ***
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