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Abstract

Vision-Language Models (VLMs) excel at pho-
torealistic generation, yet often struggle to rep-
resent abstract meaning such as idiomatic in-
terpretations of noun compounds. To study
whether photorealistic detail interferes with
symbolic grounding, we introduce DIVA, a con-
trolled benchmark that replaces photorealistic
noise with schematic iconicity by generating
paired, sense-anchored visualizations for literal
and idiomatic readings. We further propose
Semantic Alignment Gap (A), an architecture-
agnostic metric that quantifies divergence be-
tween literal and idiomatic visual grounding.
To enable cross-paradigm comparison between
the “gut feeling” of latent embeddings and the
“deliberate thought” of generative reasoning,
we instantiate A via three access-dependent
signals: (i) embedding geometry for discrim-
inative encoders, (ii) Likelihood of Idiomatic
Distinction (LID) from token probabilities for
open generative models, and (iii) behavioral
confidence elicitation for proprietary systems.
Evaluating 8 recent VLMs, we reveal a con-
sistent Literal Superiority Bias: model scale
alone does not resolve literal preference, and in-
creased visual fidelity can coincide with weaker
symbolic alignment, indicating cognitive in-
terference from hyper-realistic imagery. Our
findings suggest that improving compositional
understanding requires de-noising visual input
and anchoring interpretation and generation in
intended meaning.

1 Introduction

Text-to-image generation models have achieved
remarkable proficiency in synthesizing photoreal-
istic imagery, driven by foundational architectures
(Rombach et al., 2022; Saharia et al., 2022) and
refined by recent scaling efforts (Podell et al., 2024;
Betker et al., 2023; Labs et al., 2025). Concurrently,
Vision-Language Models (VLMs) have developed
robust capabilities for decoding the literal content
of such synthetic imagery (Saakyan et al., 2025).
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Figure 1: Overview of the Visual De-Noising Frame-
work. We operationalize the transition from Iconicity
(high-fidelity simulation) to Symbolism (abstract code)
to measure the “Literal Bias” in VLMs.

However, a fundamental cognitive gap remains:
while these models excel at treating images as sim-
ulations of reality, they struggle to interpret them as
signs or symbols (Short, 2007; Thrush et al., 2022;
Yuksekgonul et al.; Hsieh et al., 2023; Saakyan
et al., 2025; Kundu et al., 2025). This limitation
is particularly evident in the processing of Noun
Compounds (NCs), where the visual representation
often requires an abstraction from literal “iconic-
ity” to idiomatic “symbolism” (Nakov and Hearst,
2013; Tratz and Hovy, 2010; Kumar et al., 2024).
When presented with abstract concepts, current ar-
chitectures frequently succumb to spurious correla-
tions and superficial cues, prioritizing high-fidelity
visual details over semantic alignment (Yuksek-
gonul et al.; Hsieh et al., 2023; Thrush et al., 2022;

Seth et al., 2025; He et al., 2025). o
To address this, we introduce DIVA (Distilled

Idiomatic Visual Abstraction), a new benchmark
that operationalizes the shift from photorealistic
simulation to symbolic abstraction (See Figure 1).
For each target NC, we generate sense-controlled
iconographic renderings—schematic, low-detail
images—for both literal and idiomatic readings.
By using specific textual anchors to enforce the
intended sense while systematically suppressing



photorealistic cues (e.g., texture, lighting, back-
ground clutter), we create a controlled testbed that
minimizes the confounds of visual hyper-realism.
This design aligns with recent findings that visu-
ally minimalist templates (e.g., “Basic Object Fo-
cus”) enhance semantic alignment and accessibility
(Souayed et al., 2025). We release the resulting
images, sense/anchor metadata, and generation pro-
tocol under an open license to support reproducible
comparisons.

Beyond idiom disambiguation, the paired align-
ment of our data offers a controlled testbed for
text—visual simplification: enabling the training
and evaluation of systems that produce visually
minimal, schematic representations while pre-
serving meaning. This motivation aligns with
accessibility-driven NLP, where text is translated
into pictographs or simplified visual symbols to
support Augmentative and Alternative Communi-
cation (AAC) (Norré et al., 2021; Schwab et al.,
2020).

Measuring the efficacy of this symbolic align-
ment requires a rigorous metric capable of spanning
diverse architectures. We propose Semantic Align-
ment Gap (A), a unified framework that quanti-
fies the divergence between a model’s literal and
idiomatic visual interpretations. Unlike previous
metrics restricted to specific architectures, A is cal-
culated via a tri-fold methodology tailored to the
accessibility of the model:

¢ Intrinsic Alignment for open-weights dis-
criminative models (e.g., CLIP (Radford et al.,
2021)), utilizing the geometry of the embed-
ding space.

* White-Box VQA Confidence for open-
source generative models, employing a novel
“Likelihood of Idiomatic Distinction” (LID)
based on next-token probabilities.

* Extrinsic Confidence for closed-source pro-
prietary models, utilizing behavioral prompt-
ing to extract explicit reasoning scores.

This approach enables a novel cross-paradigm
comparison between the “gut feeling” of latent em-
beddings and the “deliberate thought” of generative
reasoning.

Our contributions are as follows:

1. Dataset: We introduce DIVA, a controlled
benchmark that replaces photorealistic noise
with schematic iconicity. By generating

paired, sense-anchored visualizations for
Noun Compounds (NCs), we operationalize
the hypothesis that visual minimalism en-
hances semantic alignment—a design choice
validated by recent work in accessible genera-
tion (Souayed et al., 2025).

2. Metric: We formalize the Semantic Align-
ment Gap (A), an architecture-agnostic met-
ric quantifying the divergence between literal
and idiomatic visual grounding. To ensure
cross-paradigm comparability, we instantiate
A via three access-dependent methods: (i) em-
bedding geometry (discriminative), (ii) Like-
lihood of Idiomatic Distinction (LID) (open-
generative), and (iii) behavioral confidence
elicitation (proprietary).

3. Benchmarking: We conduct a systematic
evaluation across 8 recent VLMs, revealing
that model scale alone does not resolve “Lit-
eral Bias.” Our results demonstrate that while
proprietary models can reason through ab-
straction, open-source encoders suffer from
severe Cognitive Interference when process-
ing hyper-realistic imagery.

2 Related Work

Multimodal idioms and figurative meaning.
Most vision—language (VL) benchmarks empha-
size literal grounding in photorealistic imagery,
leaving figurative meaning comparatively under-
explored. SemEval-2025 Task 1 (ADMIRE) di-
rectly targets multimodal idiomaticity by evaluat-
ing whether models can align images with literal vs.
idiomatic meanings of MWEs (Pickard et al., 2025).
Recent generative benchmarks have begun to ad-
dress this reasoning gap: T2I-REASONBENCH
identifies “Idiom Interpretation™ as a critical fail-
ure mode for generative models (Sun et al., 2025),
while R2I-Bench and WISE target broader logical
and world-knowledge reasoning (Chen et al., 2025;
Niu et al., 2025). However, these works primarily
focus on generation quality rather than quantifying
the specific semantic alignment gap between literal
and figurative modes. Complementary work frames
figurative understanding as explainable visual en-
tailment, finding that VLMs struggle to generalize
from literal to figurative meaning (Saakyan et al.,
2025).

Noun compounds and visio-linguistic composi-
tionality. Our focus on noun compounds (NCs)



connects to evidence that CLIP-style retrieval mod-
els often underperform on compositional construc-
tions. Major benchmarks such as T2I-CompBench
(Huang et al., 2023) and GenEval (Ghosh et al.,
2023) have formalized the evaluation of attribute
binding and object relationships, confirming that
models suffer from a “bag-of-words” bias. For
instance, models often fail to suppress the literal
rendering of individual constituents (e.g., drawing a
physical “web” for “web site”’) (Rassin et al., 2022).
While these benchmarks address physical composi-
tionality (e.g., “red cube next to blue sphere”), our
work addresses semantic compositionality, where
the combination of nouns creates a new abstract
meaning that defies literal depiction.

Visual abstraction, iconography, and semiotic
grounding. A parallel line of research investi-
gates non-photorealistic visual representations and
their semantic interpretability. IconQA, for exam-
ple, targets reasoning over icon-like diagrams, illus-
trating that abstract visuals can support cognitively
meaningful grounding while reducing reliance on
texture (Lu et al., 2021). In accessibility contexts,
text-to-pictogram translation has been operational-
ized by ImageCLEF’s ToPicto tasks, which con-
vert text into sequences of pictogram terms for
AAC users (Ionescu et al., 2024). Recent work at
the TSAR 2025 workshop explores template-based
prompting for generating cognitively accessible
images, finding that visually minimalist templates
improve semantic alignment (Souayed et al., 2025).
Our work bridges these threads by deriving a con-
trolled, sense-conditioned iconographic benchmark
from ADMIRE, utilizing the semiotic principle that
reducing iconicity (de-noising) enhances symbolic
clarity.

Architecture-agnostic scoring and confidence
elicitation. Finally, our unified metric connects
to prior efforts to evaluate models using signals
available under different access regimes. For
open-weight encoders, cosine similarity in a joint
embedding space remains the standard intrinsic
alignment signal. For generative models, forced-
choice prompting and probability-based scoring
are widely used to stabilize evaluation relative
to free-form generation (Geng et al., 2024). For
closed-source systems, behavioral elicitation of
self-reported confidence is increasingly used as a
lightweight proxy, though it is not guaranteed to
be calibrated (Kadavath et al., 2022; Yang et al.,
2024). These strands motivate our tri-fold instanti-

ation of S, which makes the Semantic Alignment
Gap comparable across discriminative encoders,
open-source generative MLLMs, and proprietary
black-box models.

3 Theoretical Framework: Visual
De-Noising through Semantic
Anchorage

3.1 The Semiotic Gap: Simulation vs. Code

A core difficulty in visual metaphor and idiom
grounding is a mismatch between how linguistic
and pictorial signals typically convey meaning. In
classical semiotics, symbols refer by convention (a
learned code), whereas icons refer by resemblance
(depiction) (Short, 2007).

Text is therefore predominantly symbolic: the
written form CAT bears no intrinsic physical resem-
blance to the animal it denotes, and its meaning is
established by convention. In human reading, the
visual realization of a word (font, size, position) is
largely treated as incidental; word recognition re-
lies on an abstract orthographic code that is tolerant
to such stylistic variation (Dehaene et al., 2005).

Images, by contrast, are typically iconic: they
are interpreted as depictions in which many vi-
sual properties (texture, shading, clutter, back-
ground) may legitimately carry meaning (Short,
2007). Modern vision models trained on natu-
ral images are known to exploit low-level statis-
tics (e.g., texture) as predictive cues, which can
make them sensitive to photorealistic surface detail
even when such detail is semantically irrelevant
(Geirhos et al., 2018). Consistent with this, vision—
language models often exhibit brittle compositional
grounding—e.g., weak sensitivity to relations and
word order—suggesting an over-reliance on super-
ficial correlations rather than the abstract relational
structure required for symbolic interpretation (Yuk-
sekgonul et al.; Thrush et al., 2022; Parcalabescu
et al., 2022).

We refer to this tendency as a Literal Superi-
ority Bias: when faced with competing interpre-
tations, models may privilege visually plausible,
high-fidelity depiction over the intended abstract
(symbolic/idiomatic) meaning.

3.2 Mechanism: De-Noising via Semantic
Anchorage

We introduce “Visual De-Noising” as a framework
to bridge this gap. Here, we redefine ‘noise’ not
as random pixel variance, but as semiotic super-
fluity—the photorealistic textures and lighting that



(a) Photorealistic Simulation (b) Iconographic Symbolism
(High Semiotic Noise): (De-Noised):

Figure 2: Visual De-Noising in Action. Both pan-
els depict the idiomatic meaning of the Noun Com-
pound “Eye Candy”. We illustrate the transition from
the “Noisy” photorealistic domain (Panel a) to the “De-
Noised” iconographic domain (Panel b), which isolates
the semantic core.

distract from the symbolic core. This process oper-
ationalizes the spectrum from Iconic to Symbolic
by systematically reducing the visual fidelity of an
image(See Figure 2).

The mechanism relies on Semantic Anchorage,
where the Noun Compound (NC) serves as the
immutable anchor. By degrading the “simulation”
quality of the image—moving from photorealism
to abstraction—we force the model to abandon
its reliance on physical simulation. When the vi-
sual signal becomes less “analog,” the model is
less likely to default to literal interpretations and is
more prone to adopting a symbolic stance, akin to
how it processes text.

4 Methodology

4.1 Automated Visual De-Noising Pipeline
with Human Verification

To obtain the paired idiomatic and literal visual real-
izations (V;giom, Viiteral) for each noun compound,
we apply a two-stage pipeline.

Stage 1: Generative Abstraction. We utilized
the gemini-3-pro-image-preview (Nano Banana Pro
1) to perform “Visual De-Noising.” We designed
a system prompt based on Iconic-to-Symbolic
Translation, enforcing two key constraints:

1. Semantic Distillation: The model was in-
structed to identify the “core essence” of
the narrative and distill complex scenes into
single, unified glyphs, stripping away back-
ground context.

2. Geometric Reconstruction: To minimize

"https://blog.google/technology/ai/nano-banana-pro/

texture-based noise, we enforced a ‘“Flat
Iconography” style constraint, restricting out-
put to geometric primitives and a limited 3-
color palette.

The full prompt structure is detailed in Appendix
A.

Stage 2: Human Verification. To ensure the gen-
erated symbols accurately retained the semantic
meaning of the original Noun Compound, we im-
plemented a human-in-the-loop selection process.
For each input image, we generated k = 4 candi-
date symbols. A team of annotators was instructed
to select the single candidate that best captured the
abstract meaning of the idiom while adhering to
the “low-noise” geometric constraints. Candidates
that failed to preserve the semantic identity of the
anchor were discarded and regenerated.

4.2 Semantic Alignment Gap (A): A Unified
Metric for Visual Disambiguation

To quantify the model’s ability to distinguish be-
tween the idiomatic (v;q;0m) and literal (viieral)
visual realizations of a noun compound (%), we
define the metric Semantic Alignment Gap (A).
This metric measures the magnitude of the model’s
preference for one visual interpretation over the
other.

Formally, we define A as the absolute difference
in semantic fit:

A(t) = |S(Uidiom7 t) - S(Uliteral’ t)| (1)

Where S(v, t) is a scoring function representing
the model’s assessment of semantic fit. We propose
three distinct implementations of S to account for
the architectural differences between discrimina-
tive, open-generative, and closed-generative mod-
els.

4.3 Intrinsic Alignment: Latent Geometry
(Discriminative Models)

For open-weights models such as CLIP and SigLIP,
we utilize the intrinsic geometry of the embedding
space. Here, Sy;5. is defined as the cosine similarity
between the normalized text embedding e; and the
image embedding e,:

€y - €
lew|lllet]

A high S5 implies the model projects the vi-
sual representation v into the same semantic neigh-
borhood as the textual anchor ¢.

Sdisc(v; t) = (2)



4.4 White-Box Confidence: Token Probability
(Open-Source Generative)

For open-weights generative models where we have
access to token logits (e.g., LLaVA), we utilize
a robust “White-Box” VQA Confidence method
(Lin et al., 2024). This approach forces a binary
“Yes/No” decision to calculate a “Likelihood of
Idiomatic Distinction” (LID).

Following prior work on token-probability confi-
dence elicitation (e.g., P(True)), we compute Syper,
from the normalized likelihood of the full answer
string (“Yes” vs “No”), rather than assuming a
single-token mapping.

We define the score as the probability of the “Yes”
token relative to the “No” token:

exp(gYes)
exp(gYes) + exp (gNo)

Sopen (Ua t) = (3)

Where ¢ represents the logit value of the spe-
cific token. This method allows us to bypass the
variability of long-form text generation.

4.5 Extrinsic Confidence: Explicit Reasoning
(Closed-Source Generative)

For proprietary models where internal weights are
inaccessible, we validate Explicit Reasoning Confi-
dence as a behavioral proxy. We prompt the model
to output a normalized score vy, interpreting high
~ as high self-reported confidence (not necessarily
calibrated) and low -y as uncertainty.

Sclosed(v7t) = 17%

where vy € [0,100] (4)

This tri-fold approach enables the novel compar-
ison of “gut feeling” (latent embeddings) against
“deliberate thought” (generative reasoning) within
a single analytical framework.

Why minimize the Gap (A)? We posit that a
lower A indicates superior semiotic reasoning. A
high A reflects a “bag-of-words” bias, where the
model’s object detection circuits overpower its sym-
bolic understanding (e.g., seeing “Eye Candy” only
as physical eyes) (Ghosh et al., 2023). Minimiz-
ing A demonstrates a model’s capacity to suppress
these superficial literal associations in favor of ab-
stract intent, addressing the reasoning deficits iden-
tified in recent generative benchmarks (Sun et al.,
2025).

S Experiments

5.1 Dataset: The DIVA Benchmark

While ADMIRE evaluates whether models can
align images with the literal vs. idiomatic meaning
of MWESg, its images are photorealistic and may
introduce distracting surface cues (Pickard et al.,
2025). DIVA controls for this by replacing photo-
realistic depictions with iconographic (schematic,
low-detail) renderings that systematically suppress
texture, lighting, and background clutter, following
the motivation that visual minimalism can improve
semantic alignment in accessibility-oriented text-
to-image settings (Souayed et al., 2025).

From DIVA, we utilize the complete set of 200
English Noun Compound (NC) MWEs sourced
from the ADMIRE task. The full DIVA cor-
pus contains 1,000 iconographic images, provid-
ing a dense 5-image contrast set for each NC
that spans the semantic spectrum: High-Idiomatic,
High-Literal, Weak-Idiomatic, Weak-Literal, and
Distractor.

Instance structure. For evaluation, each item is
filtered into a controlled triplet (¢, vy;z, Viq):

* Text (¢): the noun compound expression (e.g.,
Eye Candy).

 Literal rendering (v;;;): the High-Literal
iconographic depiction (i.e., schematic com-
position of the constituent nouns).

e Idiomatic rendering (v;q): the High-
Idiomatic iconographic depiction (i.e.,
schematic depiction of the conventional
meaning).

These visual representations are derived from
the ADMIRE concepts but rendered through our
Visual De-Noising pipeline. By automating this
transformation, DIVA curates effective semantic
contrasts across 1,000 candidates without incurring
the prohibitive annotation labor typically required
for de novo scene creation.

Photorealistic vs. iconographic conditions. To
isolate the effect of visual de-noising, we evaluate
models under two matched conditions for the same
set of NCs: (i) the original photorealistic images
from ADMIRE (Photo), and (ii) the corresponding
iconographic images from DIVA (Icon). We com-
pute A(t) within each condition, enabling paired
comparisons of disambiguation strength with and
without photorealistic surface detail.



5.2 Evaluated Models

We benchmark 8 recent Vision—Language
model checkpoints, spanning three architectural
paradigms. For model families with multiple
scales, we evaluate multiple checkpoints and count
them separately.

1. Discriminative Models (Open-Weights):
These models calculate A via Intrinsic Alignment
(embedding geometry).

* SigLIP 2 (So400M/14)>: A modern CLIP-
style encoder with improved pretraining and
scaling behavior (Tschannen et al., 2025).

« EVA-CLIP (18B)*: A large-scale contrastive
encoder serving as a strong open embedding
baseline (Sun et al., 2024).

» MetaCLIP 2*: A CLIP-family encoder em-
phasizing worldwide data scaling and multi-
lingual robustness (Chuang et al.).

2. Open-Source Generative Models (White-
Box): These models calculate A via Token Proba-
bility (LID), using access to logits.

* Qwen2.5-VL (32B)’: Open multimodal mod-
els with strong instruction following and high-
resolution vision understanding (Bai et al.,
2025).

+ InternVL3 (78B)°: Open MLLMs with
strong multimodal reasoning and competitive
benchmark performance. (Zhu et al., 2025)

« LLaVA-OneVision (7B)’: A unified visual-
instruction model spanning single-image,
multi-image, and video settings. (Li et al.,
2024)

3. Proprietary Generative Models (Black-Box):
These models calculate A via Explicit Reasoning
(Behavioral Prompting).

* GPT-5 (OpenAl) 8. A current-generation
frontier multimodal model.

*https://huggingface.co/google/siglip2-so400m-patch14-
384

3https://huggingface.co/BAAI/EVA-CLIP-18B

*https://huggingface.co/facebook/metaclip-2-worldwide-
huge-quickgelu

Shttps://huggingface.co/Qwen/Qwen2.5-VL-32B-Instruct

®https://huggingface.co/OpenGVLab/InternVL3-78B

"https://huggingface.co/llava-hf/llava-onevision-qwen2-
7b-ov-hf

8https://platform.openai.com/docs/models/gpt-5

* Claude 4.5 Sonnet’: A frontier model with
strong instruction adherence and long-context
behavior(Anthropic, 2025).

5.3 Implementation Details

All open-weights models (Discriminative and
White-Box Generative) were evaluated on a com-
pute cluster equipped with NVIDIA A100 (80GB)
GPUs using the HuggingFace Transformers li-
brary'?.

For Intrinsic Alignment (Sg;s.), embeddings
were normalized to the unit hypersphere before
calculating cosine similarity. For White-Box Con-
fidence (Sypen), We extracted raw logits for the
tokens “Yes” and “No” directly from the causal lan-
guage modeling head, applying a softmax function
to derive the final scalar probability.

Proprietary models were accessed via their re-
spective APIs. To mitigate non-deterministic be-
havior in Extrinsic Confidence (Sjyseq) €valuation,
we sampled £k = 5 responses and averaged the
reasoning scores to ensure stability in the measure-
ment of A.

6 Results and Analysis

6.1 Quantitative Benchmarking: The
Hierarchy of Understanding

Table 1 and Figure 3 summarize the Semantic
Alignment Gap (A) across all evaluated architec-
tures. We observe distinct behavioral patterns
across the three model families:

1. Discriminative Models. Contrary to early as-
sumptions, Discriminative models (e.g., SigLIP,
CLIP) exhibit the largest alignment gaps (A =
0.25). Lacking a deep reasoning module, these
architectures rely heavily on surface-level feature
matching. This causes them to conflate the visual
presence of constituent objects (e.g., detecting an
“eye”) with the abstract semantic concept (“Eye
Candy”).

2. Generative Models (The Reasoning Improve-
ment). Open-Generative models (e.g., InternVL3,
Qwen2.5-VL) demonstrate significantly lower gaps
(A =~ 0.14). This suggests that the inclusion of an
LLM backbone enables “White-Box™ reasoning
that can partially override visual literalism. How-
ever, a non-negligible gap remains in the Photore-
alistic domain.

*https://www.anthropic.com/news/claude-sonnet-4-5
https://huggingface.co/



Model | Method [ A on ADMIRE (Photo) | A on DIVA (Icon) |

Discriminative Models (Intrinsic Alignment)

SigLIP 2 (So400m) Cosine 0.245 0.178
EVA-CLIP-18B Cosine 0.262 0.191
MetaCLIP 2 Cosine 0.251 0.184
Open-Generative Models (White-Box LID)

InternVL3 (78B) Logit Prob 0.138 0.089
Qwen2.5-VL (32B) Logit Prob 0.145 0.095
LLaVA-OneVision (7B) | Logit Prob 0.176 0.122
Proprietary Models (Extrinsic Reasoning)

GPT-5 Prompting 0.065 0.021
Claude 4.5 Sonnet Prompting 0.072 0.028

Table 1: Semantic Alignment Gap (A) under photorealistic vs. iconographic data. We report A computed on
the original ADMIRE images (Photo) and our de-noised DIVA images (Icon). Lower A indicates more balanced
alignment between literal and idiomatic interpretations under a fixed text anchor.

Impact of Iconographic Data on Semantic Alignment Gap (A)
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Figure 3: Visual comparison of the Semantic Alignment Gap (A). The chart illustrates the consistent reduction
in A when shifting from photorealistic (ADMIRE, blue) to iconographic (DIVA, pink).

3. The De-Noising Effect. Crucially, shifting to
the DIVA dataset consistently reduces A across
all architectures, as visualized in Figure 3. For in-
stance, GPT-5’s alignment gap drops to near-zero
(A ~ 0.02) when utilizing iconographic data. This
confirms our hypothesis that “style” is a distracting
variable: the reasoning capacity of modern models
is often suppressed by the noise of photorealis-
tic texture, and identifying the “core essence” via
icons releases this latent capability.

6.2 Qualitative Failure Analysis

To understand why photorealism suppresses sym-
bolic reasoning, we categorize two primary failure
modes using visual anchors from our dataset.

6.2.1 Failure Type I: The Hyper-Realism Trap

We observed that as model size increases (e.g.,
moving from LLaVA-OneVision-7B to InternVL3-
78B), the rejection of literal visual bias does not
scale linearly (App,ot, improves only marginally
from 0.176 — 0.138; see Table 1). This supports
a “Cognitive-Interference” hypothesis: the model’s
training objective—which rewards the precise re-
construction of physical details like reflections and
textures—creates a bias where high visual fidelity
is conflated with semantic correctness.

6.2.2 Failure Type II: Semantic Drift

An effective model must not only accept the correct
symbol but also withstand the pull of semantically
adjacent yet literal visuals. We found that Discrim-
inative models (e.g., SigLIP, EVA-CLIP) remained



highly prone to this “Semantic Drift,” retaining sig-
nificant alignment gaps (A = 0.18-0.19) even on
iconographic data (Table 1). This suggests their
embeddings are heavily influenced by pixel-level
feature overlap (e.g., the shape of an eye in “Eye
Candy”). In contrast, reasoning-heavy models (like
GPT-5) successfully utilized the DIVA abstraction
to neutralize this literal bias, achieving near-perfect
alignment (A =~ 0.02) and demonstrating that sim-
plifying the visual input is critical for isolating
abstract semantic concepts.

7 Discussion

7.1 Cross-Paradigm Comparability

A key challenge in multimodal benchmarking is the
incompatibility of scoring distributions: discrimi-
native models utilize cosine geometry, while gen-
erative models operate on token probabilities. We
posit that while absolute scores (.5) are architecture-
dependent and incomparable, the Semantic Align-
ment Gap (A) serves as a universal, architecture-
agnostic measure of bias.

By defining A as a relative divergence within a
model’s own scoring manifold (A = Sy — Siq),
we normalize for architectural differences. A A
of 0.1 represents a consistent “preference inten-
sity”’—indicating that the model’s confidence in
the literal depiction exceeds its confidence in the
idiomatic symbol by a significant margin relative
to its own baseline—allowing for valid side-by-
side comparison of discriminative and generative
paradigms in Table 1.

7.2 The Semiotic Cost of Hyper-Realism

Our empirical results (Table 1) isolate a counter-
intuitive trade-off: while recent architectures have
achieved unprecedented fidelity in visual simula-
tion (Iconicity), this realism often actively com-
petes with symbolic interpretation.

The persistence of “Literal Bias” in the photore-
alistic domain—where even 78B-parameter mod-
els retain a significant alignment gap (Apnoto ~
0.14)—suggests that current pre-training objec-
tives are over-optimized for physical reconstruction.
This supports the “Cognitive-Interference” hypoth-
esis: when a model dedicates capacity to resolving
high-frequency details, such as the texture of a
“potato” or the specular reflection on an “eye,” it re-
inforces the analog nature of the image. According
to our framework, this amplification of visual noise
strengthens the “contract of perception”—where

visual form equals physical reality—thereby sup-
pressing the abstract, metaphorical meaning of the
idiom.

In contrast, the dramatic reduction of this gap
on DIVA (Ajcon = 0.02 for GPT-5) implies that
visual abstraction is functional, not just stylistic.
For Al to truly grasp human-level symbolism, we
may need to decouple high-fidelity generation from
semantic reasoning—essentially teaching models
to “read” schematic glyphs before they attempt to
“render” photorealistic realities.

8 Conclusion

In this work, we addressed the “Literal Superiority
Bias” in Vision-Language Models through the lens
of Cognitive Semiotics. We introduced DIVA, a
controlled benchmark of 1,000 iconographic repre-
sentations, and the associated ‘“Visual De-Noising”
framework. We demonstrated that reducing the
iconicity of an image—shifting it from a simulation
of reality to a symbol of meaning—significantly
enhances a model’s ability to align with abstract
concepts.

To rigorously quantify this phenomenon, we de-
fined the Semantic Alignment Gap (A), a uni-
fied metric capable of benchmarking discrimina-
tive, open-generative, and closed-proprietary archi-
tectures within a single analytical space. Our evalu-
ation of § state-of-the-art models reveals that while
current systems struggle to look beyond the “noise”
of photorealism, shifting to DIVA’s iconographic
inputs effectively neutralizes this interference, re-
ducing the alignment gap to near-zero for frontier
models.

9 Future Work

Multilingual and Cross-Cultural Expansion.
Idiomatic ambiguity is deeply rooted in culture.
Future work will extend DIVA to a multilingual
benchmark, investigating how visual metaphors
shift across languages (e.g., English “Green thumb”
vs. French “Main verte”). This will test whether
VLMs possess true multicultural reasoning or
merely overfit to Western visual tropes.

Methodological Enhancement. Beyond bench-
marking, we aim to close the “Semantic Align-
ment Gap” by developing a Contrastive Idiom Tun-
ing (CIT) framework. By leveraging our dataset’s
paired structure, we will explicitly train models to
distinguish between literal and symbolic imagery.



Limitations

While our Visual De-Noising framework offers a
novel lens for VLM evaluation, we acknowledge
several limitations:

e Dataset Specificity: Our evaluation is
grounded in Noun Compounds (NCs) from
the SemEval-2025 task. While NCs are ex-
cellent proxies for compositional ambiguity,
they do not represent the full breadth of visual
metaphors or cultural symbols.

* Prompt Sensitivity: The Extrinsic Confi-
dence metric (Sgjpseq) for proprietary mod-
els relies on self-reported scoring. While we
mitigated variance via temperature reduction
(7 = 0.0), black-box models may still exhibit
“alignment faking,” reporting high confidence
to please the user regardless of internal cer-
tainty.

Visual Style Bias: Our “Symbolic” anchors
(v4¢) utilized specific artistic styles (e.g., flat
design, vector art) to reduce noise. It is pos-
sible that some models have inherent biases
against these specific styles, unrelated to their
semantic understanding.
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A Visual De-Noising System Prompt

To ensure reproducibility of the Symbolic Anchors
(Vigiom), We provide the exact system instructions
used to transform the SemEval-2025 dataset im-
ages.

Task: Analyze the input image and trans-
form it into a minimalist, abstract sym-
bolic icon.

1. Conceptual Instructions (De-
Noising):

* Identify the Core Essence: Deter-
mine the fundamental meaning or
action of the image. Ignore spe-
cific details, individuals, or environ-
ments.

* Abstract & Merge (Metonymy):
If the image contains multiple el-
ements forming a narrative, distill
them into a single, unified glyph
that represents the entire concept
(e.g., instead of “person watching
loud TV,” create a symbol for “in-
tense viewing”).

* Remove Context: Eliminate all
background elements, environ-
ments, and secondary objects.

2. Stylistic Instructions (Flat Iconog-
raphy):
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* Geometric Reconstruction: Re-
build the concept using only pure
geometric primitives (perfect cir-
cles, squares, triangles, and clean,
uniform arcs). Avoid organic or
sketchy lines.

¢ Strict Flat Design: There must be
absolutely zero gradients, shadows,
textures, or lighting effects. All col-
ors must be solid flats.

* Bold Outlines: Encase all major el-
ements in thick, uniform black out-
lines.

* Limited Palette: Restrict the color
palette strictly to Black, White, and
a maximum of two highly contrast-
ing solid accent colors derived from
the most prominent color in the in-
put image.

* Composition: The final output
should be a clean, centered logo
icon on a plain white background.

B Examples
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High-Literal Weak-Literal Weak-Idiomatic High-Idiomatic Distractor

AdMIRe (Photo)

DIVA (Ours)

Figure 4: Visual De-Noising in Action (AdMIRe vs. DIVA). Top Row: The original photorealistic images from
ADMIRE, where high-frequency texture creates “semiotic noise.” Bottom Row: Our corresponding DIVA icons. By
systematically de-noising the images across the full semantic spectrum (from Litera to Idiomatic), DIVA provides a
clean, structure-aware testbed for multimodal reasoning.
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