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Abstract

Vision-Language Models (VLMs) have shown strong zero-shot performance in generating
free-form image descriptions. However, most evaluations focus on hallucinated content, while
less attention is given to whether models preserve specific object identities. This study
investigates whether zero-shot generative VLMs retain fine-grained semantic information or
tend to produce broader category labels. We introduce the Generic Downgrade Rate (GDR),
a metric that measures predictions that are correct at a general category level but incorrect at
the specific class level. A controlled zero-shot experiment was conducted using BLIP-2 (OPT-
2.7B) on a balanced subset of Food-101 containing 101 classes and 10 images per class (N =
1,010). Model outputs were evaluated using Fine Accuracy, Coarse Accuracy, and GDR. Fine
Accuracy was 0.0099, while Coarse Accuracy reached 0.3069. The resulting GDR of 0.2970
indicates that many predictions captured the general food category but failed to preserve the
specific class identity. Bootstrap confidence intervals showed that the difference between fine-
and coarse-level accuracy was stable across resampled data. Overall, the results indicate a clear
loss of semantic specificity in zero-shot generative outputs. By distinguishing general semantic
correctness from exact class identification, this evaluation provides a more detailed view of
how VLMs preserve different levels of semantic information.
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INTRODUCTION

Vision-Language Models (VLMs) such as
CLIP, BLIP-2, LLaVA, and MiniGPT-4 rapidly
advance multimodal reasoning by aligning visual
and textual representations within a shared
embedding space. These models demonstrate
strong zero-shot generalization and generate
image descriptions without task-specific fine-
tuning. In many applications, they operate in
what is commonly called open-ended caption
generation. In this setting, the model is not
restricted to a predefined list of labels. Instead, it
freely produces a natural language sentence
describing the image content. The output can
vary in wording and structure, as long as it reflects
the visual input.

Recent empirical studies show that
reliability problems still appear, especially in
zero-shot settings. Two issues often reported are
hallucination and misidentification (Guan et al.,
2024; Jing et al., 2024; Wu et al., 2024).
Hallucination happens when the model mentions
objects or attributes that are not actually in the
image. Misidentification happens when the
object is present, but the model gives it the wrong
name. The sentence may sound natural and
fluent, but this does not mean the model has
correctly identified what is truly in the image.

Large-scale  benchmarks such as
HallusionBench, AUTOHALLUSION, BEAF,
and FAITHSCORE show that hallucination
persists across architectures and prompting
strategies (Guan et al., 2024; Jing et al., 2024; Wu
et al., 2024; Ye-Bin et al., 2025). However, these
evaluations primarily examine whether generated
content is faithful to the visual input rather than
whether a model preserves the semantic
specificity of the object being described.

Beyond hallucination, recent literature
notes that evaluation frameworks for VLMs are
fragmented and often assess only limited
dimensions of semantic quality (Qiu et al., 2024).
Some recent metrics attempt to measure
faithfulness, reasoning quality, and uncertainty
(Farquhar et al., 2024). However, less attention is
given to hierarchical semantic specificity. It
remains unclear whether models preserve
detailed object identity or shift toward broader
category names during generation.

To clarify this distinction, we refer to two
levels of semantic representation: coarse semantic
and fine-grained semantic. Coarse semantics
refers to general or higher-level categories in a
concept hierarchy. At this level, the model
recognizes the overall type of object but does not
provide a specific identity. Fine-grained
semantics refers to more precise and detailed
labels that distinguish between closely related
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classes. For example, if an image depicts
“gnocchi,” a prediction such as “pasta” is correct
at the coarse level but not at the fine-grained level.
Only the prediction “gnocchi” preserves full
categorical precision. This difference between
general category recognition and specific identity
preservation is central to our study.

The issue also appears in domain-specific
settings. Studies in biomedical and specialized
benchmarks show that VLMs may recognize
general categories while failing to identify specific
subtype (Marzullo et al., 2025; Patel et al., 2024).
These findings further indicate that maintaining
detailed object identity remains challenging for
current multimodal models.

Recent studies propose mitigation
strategies such as adjusting the model’s internal
signals during generation, asking the model to
check its own answer before finalizing it, and
comparing multiple possible outputs to choose
the most consistent one (Lu et al., 2025; Su et al.,
2025). Most of these studies measure simple
outcomes, such as whether the answer is correct
or whether it contains hallucinated content. They
mainly focus on counting errors. Few studies
examine semantic downgrade behavior, where
the object in the image is correctly recognized but
described using a more general name instead of
the exact label.

In open-ended caption generation, because
the model produces free-form natural language
rather than selecting from fixed labels, semantic
abstraction can occur naturally during wording.
A model may correctly recognize that an image
depicts a food-related object, yet replace the exact
dish name with a broader term such as “cake” or
“curry.” This output is semantically plausible and
does not introduce nonexistent objects. However,
it reduces specificity. We refer to this
phenomenon as semantic specificity degradation.
It differs from classical hallucination because the
model does not invent new objects. Instead, it
abstracts upward within the semantic hierarchy.

Traditional caption metrics such as BLEU
and CIDEr (Papineni et al., 2001; Vedantam et
al., 2015) were not designed to tell the difference
between naming an object exactly and describing
it with a broader term. They mainly look at how
many words overlap between the generated
sentence and the reference. But similar words do
not always mean the same level of detail. A
general term can still sound correct while losing
important specificity. For example, -calling
“gnocchi” simply “pasta” keeps the broad
category, but the exact identity is no longer
preserved. FAITHSCORE evaluates
hallucination by assessing the faithfulness of
generated content to visual input, while VALOR-
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EVAL evaluates coverage and faithfulness across
multiple dimensions (Qiu et al., 2024). However,
neither explicitly measures cases in which a
prediction remains correct at a broader semantic
level while losing its fine-grained identity. GDR
is designed to directly measure this semantic
specificity downgrade.

For this reason, this study focuses on the
degradation of semantic specificity in zero-shot
generative  Vision-Language Models. We
evaluate BLIP-2 (OPT-2.7B) on a balanced subset
of Food-101 to see whether the model keeps the
exact class name or instead shifts its predictions
toward broader semantic categories. To make this
analysis measurable, we introduce the Generic
Downgrade Rate (GDR). This metric captures
how often the model produces an answer that is
correct in general but incorrect at the specific class
level. We report GDR together with Fine
Accuracy (FA), which counts exact class
matches, and Coarse Accuracy (CA), which
reflects correct recognition at a broader category
level. Taken together, these three metrics allow us
to clearly quantify how often detailed object
identity is reduced to a more general label. By
separating semantic downgrade behavior from
hallucination, this study offers a more focused
way to evaluate multimodal reliability. The
results demonstrate that degradation of semantic
specificity can be quantitatively measured in
zero-shot generative settings.

RESEARCH METHODS
A. Research Design

This study followed a quantitative
experimental design to examine semantic
specificity in zero-shot generative Vision-
Language Models (VLMs). Our aim was
analytical, not to improve performance. We
wanted to see whether the model kept the exact
object label or instead replaced it with a broader
category when producing free-form descriptions.

Unlike supervised classification studies
that focus on fine-tuning to boost accuracy, we
evaluated the model in its original pretrained
form. We did not perform task-specific
adaptation, modify parameters, or add further
training. The model was tested exactly as it was
released.

This choice was deliberate. By keeping the
model unchanged, the prediction patterns
reflected its internal representation and natural
generation behavior. In simple terms, the results
show how the model behaves in a zero-shot
setting, not how it performs after being optimized
for a specific dataset.
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B. Dataset

We conducted the experiment using a
balanced subset of the Food-101 dataset (Bossard
et al., 2014). Food-101 contains 101 food
categories at a fine-grained level. Many classes
look very similar, and the differences between
them are often small. This makes the task
difficult. For example, several dishes share
similar ingredients, colors, or presentation styles.
Because of this, the dataset is suitable for testing
whether a model can keep detailed object identity
instead of relying only on general visual patterns.

For the evaluation, we randomly selected
ten images from each of the 101 classes, resulting
in 1,010 images. This sample size was chosen to
keep the evaluation computationally manageable
while maintaining equal representation across all
classes. Because each class contributed equally,
the evaluation metrics were not influenced by
class frequency. As a result, Fine Accuracy,
Coarse Accuracy, and Generic Downgrade Rate
reflected how the model made its predictions, not
how the data were distributed across classes.

All images were processed using the
standard preprocessing pipeline provided with
BLIP-2. The pipeline included standard resizing
and normalization steps that match the original
pretrained setup of the model. We did not add
any extra preprocessing. This ensured that the
inputs followed the same conditions used during
pretraining.

C. Zero-Shot Inference Procedure

All images were evaluated in a strict zero-
shot setting using BLIP-2 (OPT-2.7B) with its
original pretrained weights. No fine-tuning,
gradient updates, or parameter changes were
applied. Using a single model provided a
controlled setting for this initial evaluation,
although it limits the generalizability of the
findings across different VLM architectures.

The same prompt was used for every
image: “Describe the main food dish in the
image. Provide its name if you can.” The prompt
was kept unchanged to avoid variation caused by
different wording. It was designed to direct the
model toward identifying the main dish rather
than generating a long, open-ended description.
This made it possible to examine whether the
generated output preserved the specific class
identity or shifted toward a broader food
category. Because the prompt is more focused
than those typically used for open-ended image
captioning, the findings should be interpreted
within this controlled prompting setting.

We used deterministic decoding to reduce
variation in the generated outputs. At each
decoding step, the model selected the most
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probable next token, and the output length was
limited to avoid unnecessarily long responses.
Sampling methods such as nucleus and top-k
sampling were not used. Each image was
processed independently, and the generated text
was stored in its original form for subsequent
evaluation.

D. Output Normalization

Before evaluation, all generated texts were
normalized to reduce minor differences in
formatting and word form. Each prediction was
converted to lowercase, punctuation was
removed, and extra spaces were standardized.
Simple singular—plural variations were also
treated as equivalent when they referred to the
same dish, such as “burger” and “burgers.”
These steps ensured that fine-level evaluation
reflected differences in semantic content rather
than minor variations in formatting or word
form.

E. Hierarchical Semantic Mapping

To distinguish exact class identification
from broader but semantically related
predictions, we constructed a hierarchical
semantic mapping. Each of the 101 Food-101
classes was mapped to a broader food category
based on its general semantic meaning. For
example, “gnocchi,” “dumplings,” and “ravioli”
were mapped to the broader category “pasta,”
while “steak” was mapped to “meat”. This
structure allowed us to evaluate two levels of
correctness. We could measure whether the
model predicted the exact class name. At the
same time, we could assess whether it at least
identified the correct general type of food.

The coarse-level categories were generated
automatically using WordNet. For each fine-
grained class name, we searched for its noun
entry. If the full phrase was not found, we
searched using the main word in the phrase. If no
suitable entry was available, we assigned a
default coarse label, “dish.”

‘When a valid entry was found, we moved
upward in the semantic hierarchy by selecting a
hypernym, typically two levels above the original
term. To avoid overly general categories such as
“entity” or “object,” we applied a simple stop list.
If the selected term was too broad, we chose a
closer hypernym instead. When no appropriate
broader category could be identified, we again
assigned “dish”. This procedure produced a
single coarse category for each fine-grained label,
stored as a dictionary. Using this mapping, each
prediction was classified into one of three
mutually exclusive outcomes: fine-correct,
coarse-correct but not fine-correct, or incorrect.
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Before evaluation, the mapping was checked to
ensure that all 101 Food-101 classes were
included and that each class was assigned to
exactly one coarse category. The complete
mapping used in the experiment is provided in
Supplementary Table S1.

F. Evaluation Metrics

Fine Accuracy (FA) measured the
proportion of predictions that matched the fine-
grained ground-truth label after normalization. A
prediction was considered correct only when the
generated dish name matched the reference class
label. FA was calculated as:

FA :% (1)

where (N) is the total number of evaluated
samples and Nrene is the number of predictions
that were correct at the fine-grained level.
Coarse  Accuracy (CA) measured
correctness at a broader semantic level. A
prediction was considered correct if it matched
either the exact class label or its corresponding
coarse category defined in the hierarchical
mapping. CA was calculated as:
CA = NfinetNcoarse

()
N

where Neoase 1S the number of predictions that
were correct at the coarse level but not at the fine-
grained level.

The generic Downgrade Rate (GDR)
measures how often the model produced a
correct coarse-level prediction without preserving
the fine-grained class identity. GDR was
calculated as:

NCOG.TSB
GDR = eoarse 3)

Together, FA, CA, and GDR evaluated
model predictions at different levels of semantic
specificity. = FA  measured exact class
identification, CA measured correctness at the
broader category level, and GDR measured how
often a correct broader category was produced
without preserving the specific class identity.

G. Statistical Stability Analysis

To assess the stability of the reported
metrics, we applied non-parametric bootstrap
resampling at the image level with 1,000
iterations. In each iteration, (N) samples were
drawn with replacement from the full set of
predictions, and Fine Accuracy (FA), Coarse
Accuracy (CA), and Generic Downgrade Rate
(GDR) were recalculated. This produced an
empirical distribution for each metric. The 95%
confidence intervals were calculated using the
percentile method. Bootstrap resampling was
used because it provides uncertainty estimates
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without requiring a normality assumption,
making it suitable for the proportion-based
metrics used in this study.

H. Reproducibility

All experiments were conducted in
Google Colab using Python 3.12 and an
NVIDIA T4 GPU. BLIP-2 (OPT-2.7B), using the
Salesforce/blip2-opt-2.7b checkpoint, was run
with the Hugging Face Transformers library
using half-precision inference and automatic
device mapping. The environment included
pandas 2.2.2 and Pillow 11.3.0. Other
dependencies, including PyTorch, torchvision,
Transformers, Accelerate, bitsandbytes, NLTK,
tqdm, SciPy, and NumPy, were used from the
default Google Colab environment without
explicitly pinned versions.

The Food-101 subset was randomly
sampled using a fixed seed of 42, and WordNet
processing was performed using NLTK. Bootstrap
resampling used 1,000 iterations with the same
fixed seed. No fine-tuning, hyperparameter
search, or model modification was performed.
The same model, prompt, preprocessing
procedure, and evaluation settings were applied to
all images.

RESULT AND DISCUSSION
A. Empirical Result

As shown in Table 1, Fine Accuracy (FA)
was 0.0099, while Coarse Accuracy (CA)
reached 0.3069. This large difference shows that
the model rarely identified the exact fine-grained
class, although it more often identified the correct
broader category. The Generic Downgrade Rate
(GDR = 0.2970) further indicates that most
correct predictions at the broader level did not
preserve the specific class identity.

This result shows a consistent shift from
specific labels to more general terms. The model
often recognized the overall type of dish but
replaced the exact name with a broader category.
In these cases, the prediction remained
semantically related to the image but did not
preserve precise category detail. Figure 1
illustrates this upward movement from fine-
grained labels to broader hypernyms.

Table 1. Zero-Shot Performance on Food-101
Subset (N = 1010)

Metric Value 95% CI
Fine Accuracy (FA)  0.0099 0.0040-0.0158
Coarse Accuracy 0.3069 0.2792-0.3366
(CA)
Generic Downgrade  0.2970 0.2703-0.3248
Rate (GDR)
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Fine-Grained Example Broader Semantic Example Unrelated Example

(not semantically related)

(specific identity preserved)

“chocolate cake”

Figure 1. Conceptual illustration of semantic
downgrade hierarchy from fine-grained label to
broader hypernym category

To provide a qualitative illustration of
semantic  specificity changes, a small
supplementary inference was performed on
selected images using the question-answer
prompt “Question: what food is shown in the
image? Answer:”. These examples are provided
for illustration only and are not used in the
calculation of FA, CA, or GDR.

Table 2. Supplementary qualitative examples of
BLIP-2 predictions under a question-answer

prompt
Food-101 label BLIP-2 output
Prime rib Roast beef
Spaghetti Bolognese Spaghetti
Lobster bisque Soup

The difference between FA and CA is
informative. If visual grounding had failed, both
metrics would likely have been similarly low.
Instead, CA remained substantially higher,
suggesting that the model usually captured the
correct semantic family but did not retrieve or
generate the exact label required for precise
identification.

Bootstrap resampling with 1,000 iterations
showed that the results were stable across
resampled data. The 95% confidence intervals
were narrow and remained close to the reported
values. The clear separation between the
confidence intervals for Fine Accuracy and
Coarse Accuracy suggests that the observed
difference was not driven by sampling variability
alone.

B. Mechanisms and Interpretation

From a representational perspective,
transformer-based and vision-language models
organize concepts within structured embedding
spaces. These spaces can show hierarchical
patterns, with related concepts located near one
another (Coenen et al., 2019). Similar patterns
have  been  observed in  image-text
representations, where broader categories may
form more stable regions in the embedding space
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(Alper & Averbuch-Elor, 2024). This structure
may make general concepts easier to access
during generation than more specific ones. Cross-
modal attention also supports alignment between
visual features and textual tokens (Ilinykh &
Dobnik, 2022). While such alignment helps
connect visual and textual information, it may
not always preserve fine-grained distinctions.

Representation geometry may also
contribute to this pattern. During training, deep
networks can develop increasingly structured
class representations (Hong & Ling, 2024; Jiang
et al., 2024; Sukenik et al., 2023). This structure
can support class separation, but it does not
necessarily preserve small differences between
closely related categories. As a result, fine-
grained distinctions may be more difficult to
maintain.

Studies on hierarchy-aware training
further suggest that preserving detailed category
boundaries may require explicit modeling of
semantic hierarchies (Liang & Davis, 2023).
Without such modeling, broader semantic
groupings may be easier to preserve than fine-
level distinctions.

Embedding anisotropy provides another
possible explanation. In anisotropic spaces,
representations are unevenly distributed and tend
to align along dominant directions (Rajaee &
Pilehvar, 2021; Zhou & Srikumar, 2022). Such
concentration may reduce the separation of some
specific concepts and make broader semantic
information easier to retrieve. However, the
present study did not directly examine the
internal embedding geometry of BLIP-2.
Anisotropy should therefore be considered a
possible explanation rather than a mechanism
demonstrated by our results.

Decoding behavior may further contribute
to the observed pattern. During generation, token
selection is influenced by the probability assigned
to candidate words, which can favor high-
probability choices over more specific
alternatives (Josifoski et al., 2023). Models may
also rely on common lexical patterns learned
during training (Jiang et al, 2024).
Consequently, a model may generate a familiar
general term instead of a more specific dish
name. The output can therefore remain
semantically relevant while losing some of its
specificity. This interpretation is consistent with
the large difference between Fine Accuracy and
Coarse Accuracy observed in this study.

This pattern should be distinguished from
object hallucination (Li et al., 2023; Rohrbach et
al., 2018). Hallucination occurs when a model
generates an object that is not supported by the
image, reflecting a failure of visual grounding.
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Recent studies have examined this problem in
terms of grounding errors and possible causal
mechanisms in multimodal systems (Huang et
al., 2025; Shang et al., 2025). The pattern
observed in our study is different. Many
predictions remained correct at the broader
semantic level but failed to preserve the specific
class identity. The main issue was therefore
reduced semantic specificity rather than the
generation of an unrelated object.

C. Model Evaluation and Practical Implications

Traditional captioning metrics such as
BLEU (Papineni et al., 2001) and CIDEr
(Vedantam et al., 2015) mainly evaluate lexical
similarity between generated and reference texts.
They do not directly distinguish between exact
class identification and correctness at a broader
semantic level. For example, a prediction such as
“curry” instead of “beef rendang” may be
semantically related to the reference, but the
specific dish identity is lost. This distinction
becomes important when precise category
identification is required. VALOR-EVAL
provides a broader assessment of coverage and
faithfulness in VLM outputs (Qiu et al., 2024),
but it does not directly measure whether a
prediction shifts from a fine-grained label to a
broader semantic category. GDR addresses this
specific aspect by measuring the loss of semantic
specificity.

Previous domain-specific evaluations
have shown that model robustness can vary
across different contexts (Gilal et al., 2025;
Koddenbrock et al., 2025). More broadly, studies
of robustness and uncertainty have also shown
the limitations of relying on a single performance
measure to describe model behavior (Manvi et
al., 2024; Wenzel et al., 2020). These findings
support the use of multiple evaluation measures
that capture different aspects of model
performance. In zero-shot generative settings,
one aspect that remains less explored is whether
incorrect predictions retain the correct broader
meaning or shift to an unrelated concept.

Measuring semantic  specificity  provides
additional information about this behavior.
This distinction also has practical

implications. In applications that require exact
category labels, a broader but semantically
related prediction may still be insufficient. An e-
commerce system, for example, may require a
specific product category rather than a general
product type. Similarly, some medical imaging
tasks may require identification of a specific
condition rather than a broad diagnostic
category. In such settings, loss of specificity can
affect retrieval, indexing, or structured
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annotation. Systems that require strict taxonomic
alignment may therefore need additional
validation or post-processing to preserve fine-
grained accuracy.

In our experiment, the substantially higher
Coarse Accuracy compared with Fine Accuracy
shows that BLIP-2 often retained broader
semantic information even when it failed to
identify the exact Food-101 class. The high GDR
captures this difference directly. Rather than
treating all incorrect predictions in the same way,
the proposed evaluation distinguishes predictions
that preserve the broader category from those
that fail at both levels. This provides a more
detailed view of semantic errors in zero-shot
generative output and complements existing
approaches that focus on lexical similarity,
general correctness, or hallucination.

D. Limitation

Several limitations should be considered.
First, the evaluation was limited to a balanced
subset of Food-101, so the findings may not
generalize to domains with different visual and
semantic characteristics. Second, only one
model, BLIP-2 (OPT-2.7B), was evaluated.
Comparisons across different VLMs are needed
to determine whether semantic downgrade is
specific to this model or occurs more broadly in
zero-shot generative VLMs. Third, the
hierarchical mapping was based on WordNet
hypernyms and substring matching. This simple
approach may miss some relationships between
the generated text and the reference labels.
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