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Abstract

Vision-language models (VLMs) can answer
image-based questions confidently, and often cor-
rectly, even when no image is provided. This mi-
rage behavior inflates benchmark scores without
reflecting visual grounding. Prior work treats this
as a single failure mode. We argue it is two. Us-
ing Mirage Probes, a contrastive probing frame-
work that pairs paraphrased question variants with
matched mirage and non-mirage labels on the
same image, we show that mirage behavior is lin-
early decodable from internal activations across
four target sites in two open-source VLMs. A
Naive Bayes text baseline fails to recover this sig-
nal, ruling out surface lexical confounds. Cross-
benchmark separability patterns and a novel Prior
Harnessing Index (PHI) measuring text-only an-
swerability expose two distinct regimes: textual
biases, where the model answers from language
priors without engaging visual representations,
and spurious images, where it constructs false
visual content in latent space and answers as if
grounded. The distinction has direct mitigation
consequences: text-distribution cleaning can ad-
dress the first regime but cannot reach the second,
since spurious-image mirages live in the model’s
visual representations rather than its text. Faithful
visual grounding will require interventions at the
representational level. Code is available here.

1. Introduction
Vision-language models (VLMs) are increasingly used for
tasks that require faithful visual understanding, including vi-
sual question answering (Antol et al., 2015; Kafle & Kanan,
2017), document analysis (Mathew et al., 2021; Kim et al.,
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2022), scientific reasoning (Lu et al., 2022), and medical im-
age interpretation (Li et al., 2023a; Moor et al., 2023; Zhang
et al., 2023). In such settings, a correct answer is insuffi-
cient unless it is grounded in the visual input. Yet recent
work on mirage behavior (Asadi et al., 2026) challenges
the assumption that benchmark success reflects faithful vi-
sual reasoning: VLMs can answer image-based questions
confidently, and sometimes correctly, even when the image
is absent. This suggests that performance on multimodal
benchmarks such as MMMU (Yue et al., 2024) and VQA-
RAD (Lau et al., 2018) may partly reflect textual priors,
dataset regularities, or benchmark-specific shortcuts rather
than genuine use of visual evidence.

To remediate this behavior, we must understand what gives
rise to it internally. Prior work largely treats mirages as
a single failure mode (Asadi et al., 2026), but the same
output-level behavior may be facilitated by different latent-
space mechanisms. A model may form internal represen-
tations consistent with unsupported visual content, effec-
tively behaving as though a spurious image were present.
Alternatively, it may answer directly from textual biases
(benchmark-specific or distributional priors) without form-
ing any false visual representation. These mechanisms,
illustrated in Figure 1, imply different interventions: text-
distribution cleaning may reduce shortcut-driven mirages,
but may be insufficient when mirage behavior is associated
with unsupported visual inference.

In this work, we introduce Mirage Probes, a representation-
level framework for studying mirage behavior in VLMs. We
construct datasets of mirage-associated and non-mirage-
associated image-conditioned responses by comparing
model generations with and without visual input, and we
build contrastive pairs from lightly paraphrased question
variants that preserve image-question semantics while yield-
ing different mirage labels, reducing surface-level tex-
tual confounds. We then probe internal activations from
open-source VLMs at four sites (namely, residual stream
states, MLP outputs, post-attention outputs, and individ-
ual attention-head outputs), using probe families that test
whether mirage information is encoded as a single linear
direction, requires a nonlinear transformation, or is most
cleanly recovered from relational structures.
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Q: Are the kidneys present 
in this image?

A: Yes, the kidneys are ...

Q: Are the kidneys present 
in this image?

Q: This bacteriorhodopsin
protein has quaternary 

structure.

A: True, bacteriorhodopsin ...

….Bacteriorhodopsin exists as 
trimers in the purple….with three 
….which qualifies as quaternary
structure….

Q: This bacteriorhodopsin
protein has quaternary 

structure.

….Bacteriorhodopsin exists as 
trimers in the purple….with three 
….which qualifies as quaternary
structure….

A: Yes, the kidneys are ...

A: True, bacteriorhodopsin ...

Figure 1. Two distinct mirage mechanisms. VLMs seem to exhibit two different kinds of mirage behavior, spurious images and textual
biases, depicted here. Each row shows a mirage response to the same question with and without an image present. In the first example, the
model achieves mirage behavior by building and referring to a false visual representation. Differently, in the second case, the model does
not utilize visual information at all, relying solely on textual priors provided by the rich question distribution to reach the correct response.

Our results show that mirage behavior is linearly decodable
from VLM latent representations across all four activation
sites when images are provided, indicating that it is not
merely an image-absent or output-level artifact. Two-layer
MLP probes do not meaningfully outperform linear ones,
and contrastive difference probes recover the signal most
cleanly. Together, these results are consistent with mirage
information being encoded along recoverable linear direc-
tions rather than requiring nonlinear extraction. A Naive
Bayes textual baseline trained on response text is consis-
tently weaker than our contrastive probes, suggesting that
this signal is not reducible to surface lexical features. Sepa-
rability nonetheless varies sharply across benchmarks: it is
strongest on VQA-RAD (Lau et al., 2018), where questions
typically require specific visual evidence and provide little
textual context, and weaker on benchmarks where answers
can more often be inferred from textual priors. We propose,
as a hypothesis motivating further mechanistic work, that
behavioral mirages conflate at least two representational
regimes – spurious images and textual biases – rather than
constituting a single phenomenon. More broadly, our find-
ings raise concerns for VLM training and evaluation: reduc-
ing textual shortcuts is necessary, but may not be sufficient
to ensure faithful visual grounding.

Our contributions are:

1. We show mirage behavior is linearly decodable
from image-present VLM latent space. Linear
probes distinguish mirage-associated from non-mirage-
associated image-conditioned generations across mul-
tiple activation sites, and contrastive difference probes
recover this signal most cleanly.

2. We introduce Mirage Probes, a contrastive probing
framework for mirage behavior. By pairing seman-
tically similar question variants with different mirage

labels, our framework reduces surface-level textual con-
founds, as confirmed by comparison against a Naive
Bayes textual baseline.

3. We hypothesize two distinct mirage mechanisms.
Cross-benchmark separability patterns suggest that
prior behavioral definitions group together spurious-
image and textual-bias mirages, though we leave causal
validation of this distinction to future work.

4. We argue that text-only mitigation may be insuffi-
cient. Text-distribution cleaning targets textual-bias
mirages but is unlikely to address spurious-image mi-
rages, since the latter are associated with internal rep-
resentations rather than surface textual patterns.

2. Related work
Hallucination in vision-language models. Hallucination
in VLMs has been studied extensively, primarily as the
assertion of visual content not present in the input image.
Object hallucination benchmarks such as POPE (Li et al.,
2023b) and CHAIR (Rohrbach et al., 2018) probe whether
models invent objects, while subsequent work has extended
the analysis to attribute and relational hallucinations (Sun
et al., 2024; Jiang et al., 2024). Recent works provide broad
treatments of the phenomenon, its causes, and mitigations
(Liu et al., 2024; Bai et al., 2024; Goldfeder et al., 2026).

Image-absent generation and modality bypass. A grow-
ing line of work examines cases in which VLMs appear to
bypass visual input. Tong et al. (2024) and Li et al. (2024)
show that state-of-the-art VLMs frequently fail on visual
questions that humans answer trivially. Lee et al. (2025)
find that VLMs answer many questions incorrectly due to
an over-reliance on language priors. Hua et al. (2025) study
VLM behavior when modalities present conflicting infor-
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Q: <image 1> of Louis 
Black, believed to be a 
formerly enslaved man, 
was painted by which 
artist?Image 1 

: Mutation 
Instruction 

Q: This is a painting of 
Louis Black, believed to 
be a formerly enslaved 
man. Which artist 
painted this?

Image 1 

Q: This is a painting of 
Louis Black, believed to 
be a formerly enslaved 
man. Which artist 
painted this?

Image 1 

A: James Irvine
was a commercial 
illustrator ...

A: James Irvine 
was a commercial 
illustrator ...

Regex Matching

No Mirage

Mirage Like

Figure 2. Contrastive dataset construction overview. In order to produce contrastive pairs, we mutate each base question four times with
GPT-4o-mini and generate with and without-image responses to each variant. Then, for each pair of responses, we use cosine similarity
and a regex annotator to identify mirage and non-mirage behavior. If a base question’s group contains at least one mirage and non-mirage
pair, we store each pair’s with-image response to form a contrastive example.

mation. Furthermore, Yin et al. (2026) demonstrate that
truthful inference and visual perception rely on different
subsets of attention heads, and Rudman et al. (2026) show
that ablating the correct subset of heads can reduce prompt-
induced hallucination. Most directly, Asadi et al. (2026)
introduce the term mirage for the observation that VLMs
produce confident, often correct answers to image-grounded
questions even when no image is provided, and hypothe-
size that the same mechanism may operate when images
are present. We aim to test this hypothesis at the level of
internal representations.

Probing and mechanistic interpretability. Linear probes
on intermediate representations have a long history in NLP
interpretability, from early diagnostic classifiers (Alain &
Bengio, 2016; Belinkov, 2022) to syntactic probes (Hewitt
& Manning, 2019) and the broader study of what linear di-
rections encode in language model representations (Tenney
et al., 2019; Park et al., 2023; Lomasov et al., 2025; Theodor-
idis et al., 2026). Contrastive probe constructions (Burns
et al., 2024; Marks & Tegmark, 2024) have proven particu-
larly effective at recovering features otherwise masked by
surface confounds, and we adopt a contrastive-pair design
for the same reason. We extend this line of work by tar-
geting a specific behavioral failure, mirage generation, and
showing that it has a recoverable latent representation that
further admits a two-mechanism decomposition.

3. Methods
3.1. Mirage Behavior

Let M denote a vision-language model. For each example
i, let xi be the image, qi be the textual question, and let

rimg
i = M(xi, qi), r∅i = M(∅, qi)

denote the model response with and without the image,
respectively. Mirage behavior occurs when the model pro-

duces an image-grounded answer even when the image is
absent. In this case, the model may appear to use visual
evidence, while actually relying on textual priors, dataset
regularities, or unsupported internal visual assumptions.

We define a binary mirage label yi ∈ {0, 1} for each with-
image response. The label yi = 1 denotes a mirage-like
response, and yi = 0 denotes a non-mirage-like response.
Since a with-image mirage cannot be directly observed from
the output alone, this label is treated as a behavioral proxy
obtained by comparing rimg

i and r∅i . The goal of our probing
setup is to test whether this behavioral label is recoverable
from the model’s internal representations.

3.2. Dataset Construction

Annotation Scheme. Our goal is to assemble labeled ex-
amples of mirage and non-mirage with-image responses.
Whether a given with-image generation is actually a mi-
rage cannot be determined from the output alone, so we
rely on a heuristic. Following the hypothesis from Asadi
et al. (2026) that distribution shift between with-image and
without-image responses signals genuine reliance on pro-
vided visual input, we adopt the following labeling scheme.

A response is mirage-like if the with-image and without-
image generations produce the same answer and have a bag-
of-words vector cosine similarity above 0.7. A response
is non-mirage-like if the without-image generation explic-
itly expresses uncertainty due to missing visual context or
states that answering is impossible without the image, both
detected through regex checks. A response is ambiguous
if the without-image generation is itself mirage-like but
the with-image answer differs in either answer or content
similarity. We choose to include an explicit ambiguous
label because in such cases, it is impossible to determine
whether the with-image generation represents a legitimate
use of visual information or is just a different mirage answer
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Tokenization Activation Recording

Q:  Is there evidence of pneumonia
in the right lung?
A:  Yes, consolidation is visible in
the right lower lobe.

System Prompt + Image 
+ Question + Response

<sys>You are given a radiology image...</sys>
<image>...</image>
<user>Is there evidence of pneumonia</user>
<asst>Yes, consolidation is visible in the right lower 
lobe.</asst> 
<|special|>

… +

Vision Tokens Special
Token

Response 
Tokens

VLM Transformer Layer 

VLM Transformer Layer  ℓ

Residual
Stream

MLP
Output

Post-
Attention

Attn
Heads

… +

VLM Transformer Layer 

…

Sys:  You are given a radiology image 
... [[your answer]]… [[Yes]] or …

Query Tokens

Figure 3. Activation extraction overview. The VLM first generates a response to a user query, following system prompt instructions and
referring to attached images if any are provided. The full conversation, model response included, is then chat-template tokenized and
fed into the VLM for extraction. Any images are first processed by the model’s vision encoder and then projected into vision tokens,
which are prepended to the user’s query. Then, the model conducts an LLM decoder-only pass over the full conversation, and we extract
activations from the residual stream, MLP outputs, post-attention outputs, and individual attention head outputs at each layer.

triggered by the distribution shift of including the image.

We also tried two alternative schemes. Folding ambiguous
responses into the mirage-like class and labeling non-mirage
examples with the B-Clean criterion described by Asadi et al.
(2026) (questions that cannot be answered correctly without
the image are considered safe), both reduced probe accuracy
substantially. Thus, we select the scheme above for our
main experiments.

Benchmarks. We draw questions from four widely-used
visual question answering benchmarks chosen to span medi-
cal and general expertise, along with free-form and multiple-
choice formats. VQA-RAD (Lau et al., 2018) contains
clinically generated free-form and yes/no questions about
radiology images. MMMU-Pro (Yue et al., 2025) is a
multiple-choice expert-level reasoning benchmark spanning
college-level subjects across many disciplines, designed
to be more robust to text-only shortcut solutions than its
predecessor (Yue et al., 2024). MedXpertQA (Zuo et al.,
2025) provides expert-level multiple-choice medical ques-
tions targeted at reasoning rather than recall. MicroVQA
(Burgess et al., 2025) consists of multiple-choice questions
over biomedical microscopy images.

Contrastive Pairs. Linear probes benefit substantially
from training on contrastive pairs, where positive and nega-
tive examples differ only in the property of interest (Burns
et al., 2024; Marks & Tegmark, 2024). Without con-
trastive structure, surface-level features (topic words, re-
sponse length, question style) often correlate with labels,
causing probes to learn unintended shortcuts rather than the
target representation.

For each base question, we generate four mutations using
GPT-4o-mini (Hurst et al., 2024). A mutation rephrases or
rearranges the question while preserving its meaning and
adding no new information. The intent is mild distributional

perturbation, sufficient to flip behavior between mirage and
non-mirage for some questions while keeping the image and
the underlying intent fixed. When the responses to a base
question and its four mutations together contain at least one
mirage-like and one non-mirage-like response, we draw a
single contrastive pair from that question set. We never draw
more than one pair per base question to preserve diversity.

We construct two datasets per evaluated model. The
contrastive-pairs dataset contains only such pairs, with
the same image and near-identical question content across
both classes. The all-examples dataset contains every re-
sponse annotated as mirage-like or non-mirage-like, capped
at one example per class per base question. The contrastive
split aims to test whether the mirage signal survives with-
out surface-level confounds, while the all-examples split
contains a larger quantity of examples, which may aid gen-
eralization if textual confounds do not override the desired
direction. Our dataset construction procedure is summarized
in Figure 2.

3.3. Model Architecture and Activation Extraction

We probe three open-source vision-language models span-
ning different model sizes and architectures. Ovis2.5-2B
(Lu et al., 2024) is a 2B-parameter VLM that aligns vision
and language representations through a structured embed-
ding scheme. GLM-4.6-flash (Team GLM et al., 2024) is
the smaller variant in the GLM multimodal series. Qwen3-
32B-VL-Instruct (Bai et al., 2025) is the 32B-scale vision-
language model in the Qwen3 family. Standard VLM design
glues a vision encoder to a language model through a learned
projection that maps image patch features into the language
model’s embedding space (Li et al., 2022; Liu et al., 2023).
In our experiments, image tokens are prepended to the user’s
textual query, after which the language model performs stan-
dard causal attention.
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Table 1. Residual and attention probing results. We train four probing strategies on our contrastive and all-examples datasets, filtered
to each individual benchmark first and then all at once. Results targeting the residual stream are presented on the left, while results on
attention heads and post-attention outputs are shown on the right. Our results indicate that mirage behavior is linearly represented in
image-present latent space, with consistent non-trivial accuracy across benchmarks and targets.

Residual
Strategy VQA-RAD MMMU-Pro MedXpertQA All

Ovis – Contrastive
LogReg 75.00% 65.00% 68.00% 72.20%
MLP 72.20% 62.60% 64.00% 72.80%
Concat 67.00% 58.20% 52.00% 64.00%
Diff 97.40% 90.80% 71.00% 91.80%

Ovis – All Examples
LogReg 68.09% 73.10% 57.14% 71.36%
MLP 67.23% 75.17% 60.00% 70.12%
Concat 58.72% 64.14% 51.43% 68.64%
Diff 98.30% 88.97% 57.14% 92.10%

Qwen – Contrastive
LogReg 72.00% 57.80% 57.20% 61.20%
MLP 72.40% 59.60% 57.40% 60.40%
Concat 67.40% 53.40% 50.60% 57.00%
Diff 96.00% 79.40% 76.20% 77.40%

Qwen – All Examples
LogReg 61.43% 65.06% 63.17% 59.04%
MLP 73.80% 76.35% 70.43% 72.69%
Concat 70.14% 72.87% 68.70% 70.41%
Diff 95.77% 80.70% 76.52% 84.38%

Attention
Strategy VQA-RAD MMMU-Pro MedXpertQA All

Ovis – Contrastive
LogReg 74.67% 68.00% 70.00% 73.67%
MLP 77.33% 69.00% 73.33% 71.00%
Concat 75.67% 66.33% 66.67% 72.33%
Diff 87.67% 91.33% 71.67% 85.00%

Ovis – All Examples
LogReg 75.18% 77.01% 85.71% 74.07%
MLP 75.18% 75.86% 90.48% 73.25%
Concat 73.76% 71.26% 80.95% 73.25%
Diff 90.78% 87.36% 90.48% 88.89%

Qwen – Contrastive
LogReg 81.00% 63.67% 69.33% 64.33%
MLP 75.67% 66.67% 71.67% 64.00%
Concat 75.33% 64.33% 65.00% 61.33%
Diff 95.67% 81.67% 83.33% 82.33%

Qwen – All Examples
LogReg 69.05% 69.62% 67.07% 61.52%
MLP 75.12% 75.07% 74.88% 73.97%
Concat 73.71% 75.94% 71.01% 73.52%
Diff 95.77% 82.32% 78.74% 85.39%

We extract activations at four targets within each model:
the residual stream at every layer, the MLP output at
every layer, the post-attention output at every layer, and
every individual attention head output at every layer.
We initially included the vision encoder and the projection
layers but found their representations carried no detectable
mirage signal under any probing strategy and accordingly
dropped them from our main analysis.

For each model and each annotated dataset, we run
the model on chat-formatted conversations and cache
activations under three pooled token-position aggre-
gations, building on the position scheme introduced
by Theodoridis et al. (2026). The first aggrega-
tion, text-nonspecial-mean, averages activations
over all non-special response text tokens. The sec-
ond, vision-tail, averages over all vision tokens
and the last special token in the response. The third,
vision-text-mean, averages over all vision tokens and
all non-special response text tokens jointly. Our activation
extraction procedure is illustrated in Figure 3.

Final per-model dataset sizes are presented in Appendix A.
GLM-4.6-flash produces too few non-mirage responses on
three of four benchmarks to support stable probing, so we
drop it from the main results. MicroVQA yields too few
non-mirage responses for stable probing across models, so
it is also dropped from the main results. Qualitatively, we
note that MicroVQA has the lowest visual reliance among
the four benchmarks, which is likely related to its extremely
high associated mirage rate. Ovis2.5-2B produces a rela-
tively small viable dataset for some benchmarks, but we
retain the model nonetheless, as consistent results across
Ovis2.5-2B and Qwen3-32B-VL-Instruct rule out scale-
specific artifacts and increase the robustness of our findings.

3.4. Latent Space Probes

We train four families of probes, each motivated by a dif-
ferent prior on how mirage information could be encoded.
Let hℓ,i ∈ Rdℓ denote the activation of example i extracted
from layer or component ℓ. In our setting, ℓ may correspond
to a residual stream state, an MLP output, a post-attention
output, or an individual attention-head output. A probe is
a classifier gϕ trained to predict the mirage label from the
activation:

ŷi = gϕ(hℓ,i).

Thus, probe accuracy measures whether mirage behavior is
decodable from the model’s latent space.

Logistic regression is a standard linear probing strategy
(Alain & Bengio, 2016; Goldowsky-Dill et al., 2025). It
predicts

p(yi = 1 | hℓ,i) = σ(w⊤hℓ,i + b),

where w and b are learned parameters and σ is the sigmoid
function. Above-chance accuracy implies the target property
is linearly decodable from the model’s representation space,
which is the cleanest evidence that the model encodes that
property as a feature direction.

Two-layer MLP probes test whether mirage information
is decodable through a lightweight nonlinear transform but
not as a single linear separator. A gap between linear and
MLP accuracy points to distributed or nonlinear encoding.

Logistic regression on concatenated activations trains a
linear probe on the concatenation of activations from all
model layers at once. If the model has L layers, we define

h̄i = [h1,i;h2,i; . . . ;hL,i],
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Table 2. Naive Bayes classifier. In order to determine whether or not our probes are simply picking up on surface level confounds,
we train a text-based Naive Bayes classifier. The model’s performance indicates that our contrastive probes pick up on deep mirage
mechanisms, while all-examples probes are likely distracted by surface-level features.

Model (Setting) VQA-RAD MMMU-Pro MedXpertQA All
Ovis (Contrastive) 61.88% 57.67% 66.67% 64.85%
Ovis (All Examples) 75.38% 81.11% 67.50% 75.74%
Qwen (Contrastive) 59.08% 54.80% 45.45% 52.24%
Qwen (All Examples) 77.08% 81.50% 79.64% 72.80%

and train logistic regression on h̄i. Such probes allow us to
determine whether mirage behavior is sparsely represented
across layers instead of cleanly identifiable at a specific
point.

Logistic regression on the difference of activations trains
on the elementwise difference between with-image and
without-image activations for each example. Let himg

ℓ,i de-
note the activation when the image is provided, and let h∅

ℓ,i

denote the activation when the image is removed. We define

∆hℓ,i = himg
ℓ,i − h∅

ℓ,i.

A linear probe trained on ∆hℓ,i tests whether the represen-
tational shift caused by adding the image separates mirage-
like responses from non-mirage-like responses.

3.5. Experimental Setup

We train all four types of latent space probes on per-layer
activations generated with Ovis and Qwen on conversations
from our contrastive and all-examples datasets. Data points
where the with-image response is fewer than 10 tokens long
are excluded. For each combination of probing strategy,
model, and dataset, we conduct four training runs, one on
examples exclusively from each of our three retained bench-
marks and one on all three benchmarks combined. MLP
probes are trained with 2 layers, a hidden dimension of 512,
and a GELU activation function. All probes are trained with
an Adam optimizer and a learning rate of 0.03, and features
are train-set normalized before training.

Residual stream probes. When targeting the resid-
ual stream, we aggregate activations with all three
options (text-nonspecial-mean, vision-tail,
vision-text-mean). Contrastive probes are trained us-
ing a 90/10 train/valid split (approximated with hard-coded
values for Ovis) and then evaluated on a held-out class-
balanced, benchmark-stratified dataset that consist of up to
100 data points from the all-examples dataset. This pro-
cedure allows us to maintain robust evaluation while also
using our limited contrastive data to the greatest effect. All-
examples probes are trained using a 70/10/20 train/valid/test
split. We train probes on 5 seeded splits with 3 random
initializations per seed and a 4-option L2 regularization hy-
perparameter sweep (0, 1, 10, 100) per random initialization,
resulting in 12 probes trained per seed. The best of the 12

probes, selected through early stopping on validation accu-
racy (max 800 epochs), is tested, either once on the held-out
portion of the split in the all examples setting or averaged
over an additional 5 held-out dataset seeds in the contrastive
setting. This procedure is repeated independently for each
aggregation strategy. We take our final accuracy for one
experimental configuration as the averaged held-out test ac-
curacy across the 5 seeded splits for the aggregation strategy
that performed best.

MLP and Attention Probes. In order to keep our
experiments tractable while adding a huge number of
additional targets, we slightly modify the above pro-
cedure. First, we only aggregate activations with
text-nonspecial-mean, as this strategy generally
performs best in the residual setting. Next, we remove
the 3 random initializations per seed, drop the number of
split seeds to 3, and drop the number of held-out contrastive
setting test seeds to 3. All other aspects of the experimental
setup are the same. For attention probes, we report the best
accuracy for each experimental configuration as the best
held-out test accuracy across all of the attention head and
post-attention outputs at all layers.

Prior Harnessing Index. In addition to reporting held-out
test set probe accuracies, we calculate and report a novel
metric, Prior Harnessing Index (PHI), which represents the
amount of information a model is able to glean regarding a
correct final answer from a purely textual input distribution.
Concretely, we define PHI as

PHI(Q) = log p(a∗ | Q)− log p(a∗ | Q∅).

Here, p(a∗ | Q) represents the model’s probability of the
correct answer a∗ after conditioning on the question Q,
while p(a∗ | Q∅) represents the model’s baseline probability
of a∗ under a null prompt (i.e., ”What is the answer?”).

4. Results
4.1. Mirage Mechanisms Are Linearly Represented in

Image-Present Latent Space

As presented in Table 1, we demonstrate that mirage behav-
ior is clearly represented across model layer components
through non-trivial probing accuracy. When targeting the
residual stream, in Ovis’s contrastive and all-examples set-
tings, we achieve linear probe accuracies of up to 75% and
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Table 3. Image reliance per benchmark. We use GPT-5-mini to annotate perceived image reliance across three benchmarks: VQA-RAD,
MMMU-Pro, and MedXpertQA. We find that VQA-RAD is the only dataset wherein questions that generate mirage responses are
consistently classified as image-reliant, supporting a notion of a distinct, spurious-image-based mirage mechanism.

VQA-RAD MMMU-Pro MedXpertQA

+ Mirage - Mirage

Image-Free 60 3
Image-Reliant 2909 236

+ Mirage - Mirage

Image-Free 836 18
Image-Reliant 1139 1421

+ Mirage - Mirage

Image-Free 2399 15
Image-Reliant 2413 260

73%, respectively. Similarly, in Qwen’s contrastive and
all-examples settings, we achieve linear probe accuracies
of up to 72% and 65%. Attention head and post-attention
targets show similar results, with Ovis accuracies of up
to 74% and 85% and Qwen accuracies of up to 81% and
69%, respectively. Generally, across all contrastive settings,
multi-layer perceptron and concatenated-activations probes
do not significantly outperform logistic regression, indi-
cating that mirage mechanisms are represented linearly in
latent space. We note that difference-in-activations probes
achieve remarkably high accuracy, motivating their use as
mirage-behavior classifiers. Probe strategy results on MLP
targets, which follow a generally similar trend, are presented
in Appendix E.

4.2. The Mirage Probes Framework Effectively Reduces
Surface Level Confounds

Because with-image mirages are invisible from a black-box
perspective, we cannot use causal steering to verify that
our probes have truly picked up on a mirage representation.
Accordingly, we train a Naive Bayes textual classifier fol-
lowing a similar procedure to that used for probe training
in order to determine whether or not our probes are detect-
ing surface-level patterns or deeper mirage mechanisms.
Detailed training details are discussed in Appendix B, and
results are presented in Table 2. Overall, we find that our
contrastive Mirage Probes framework significantly reduces
surface-level separability due to its low semantic and topical
variance across class examples. In particular, we note that
contrastive setting accuracy ranges from 45% to 66% while
all-examples setting accuracy ranges from 67% to 81%, em-
phasizing the reduction in confounds our framework is able
to achieve. Crucially, contrastive logistic regression probe
accuracy remains higher than Naive Bayes accuracy across
all models, benchmarks, and targets, indicating with high
confidence that our probes pick up on deeper mechanistic
features. However, we note that increases in probe accuracy
on the MMMU-Pro and MedXpertQA benchmarks in the
all-examples setting are directly and consistently correlated
with sharp increases in surface-level separability, indicating
that these probes are likely picking up on textual cues in-
stead of identifying the desired mirage mechanism. Further

analysis of per-dataset textual confounds is presented in
Appendix D.

4.3. Two Distinct Mirage Mechanisms: Spurious Images
and Textual Biases

Across both models and targets, in the contrastive setting,
we notice that VQA-RAD examples are consistently more
separable than those drawn from the other two datasets.
Furthermore, we note that the accuracy achieved by VQA-
RAD probes is often higher than the accuracy achieved
by training on all three datasets together. We attribute this
higher separability to the presence of two markedly different
mirage mechanisms, spurious images and textual biases,
which are determined by different directions in latent space
and thus impede separability when simultaneously present
across mirage-labeled examples. We define the usage of
spurious images as the use of information pulled from visual
priors, or in other words cases where the model constructs
false images in latent space in order to answer the user’s
query. Differently, we define the usage of textual biases
as the use of purely textual priors to answer the provided
question, with the model ignoring the presence of visual
information altogether.

We hypothesize that these two distinct mechanisms are nat-
ural consequences of VLM reward hacking (Skalse et al.,
2025) during the reinforcement learning process and should
thus respectively occur when they represent the path of least
resistance to answering a question correctly. More con-
cretely, we believe that textual priors will be used to answer
any question wherein the model is able to determine a single
answer with high confidence without any access to visual
information. Spurious images will only be created when
the provided textual distribution is not sufficiently rich to
answer the question but is instead able to evoke false visual
priors that can lead to a correct answer.

We provide evidence for this interpretation in Table 3 and Ta-
ble 4. First, in Table 3, we use a few-shot prompted version
of GPT-5-mini (Singh et al., 2025) to annotate each bench-
mark’s questions for perceived image dependence, marking
questions that a human could not answer without referencing
the provided visual material as image-reliant, and questions
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Table 4. VLM image-reliance is not equivalent to human image-reliance. The table on the right shows results attained by training
contrastive logistic regression probes on only human-perceived image-free or image-reliant examples from the MMMU-Pro and
MedXpertQA datasets. Human-perceived image-reliance conditioning does not improve probe separation. The table on the left shows
mirage correlation with PHI scores and mean PHI scores per benchmark. VQA-RAD is the only dataset wherein the question text itself
does not significantly boost answer confidence and there is a strong correlation between low PHI and mirage behavior.

(a) Ovis PHI

Dataset Mirage Corr. Mean PHI

VQA-RAD -0.36 -0.41
MMMU-Pro -0.23 1.20
MedXpertQA 0.14 0.30

(b) Reliance-conditioned training

Train Image-Free Train Image-Reliant

Test Image-Free 60.00% 58.20%
Test Image-Reliant 61.36% 58.00%

that a human could answer from the text alone as image-
free. We find that VQA-RAD is the only dataset among
the three wherein mirage-like examples are almost always
image-reliant, while in the other two datasets, questions
are evenly split. This supports the hypothesis that lower
probe accuracy for the other benchmarks may be caused
by competing mirage directions, as it seems likely that per-
ceived image-reliance is correlated with the richness of the
provided textual distribution, and thus VQA-RAD mirages
mostly utilize spurious images while the other benchmarks’
mirages rely equally on both mechanisms.

However, as illustrated in Table 4 (right), notions of human
image-reliance and VLM image-reliance are not identical.
We train contrastive logistic regression probes on Qwen
activations using only image-reliant and non-image reliant
examples, respectively, from the MMMU-Pro and MedX-
pertQA benchmarks. We find that filtering training examples
solely based on this criterion does not increase separability.
Accordingly, we develop Prior Harnessing Index (described
in Section 3.5) as a more accurate representation of VLM
image-reliance, as it quantifies the amount of information
the model itself is able to get out of the textual distribution
without relying on visual cues. As presented in Table 4 (left),
while Ovis is able to gain significant correct answer confi-
dence from the textual distributions found in MMMU-Pro
and MedXpertQA questions, VQA-RAD questions differ-
ently increase uncertainty. Furthermore, only in VQA-RAD
are mirage labels highly correlated with low PHI, again
explaining why mirage probe separability is higher in the
VQA-RAD setting. We thus conclude that it is a combi-
nation of perceived image-reliance and the richness of the
provided textual distribution that determine which mirage
mechanism will be activated for a given question.

5. Conclusion
We introduce Mirage Probes, a representation-level frame-
work for studying mirage behavior in VLMs. Across
two open-source VLMs and three VQA benchmarks, we
find that mirage-associated generations are linearly decod-
able from image-present internal activations across residual
stream, MLP, post-attention, and attention-head sites. Con-

trastive difference probes recover this signal most cleanly,
while two-layer MLP probes do not meaningfully outper-
form linear probes, suggesting that mirage information is
encoded along recoverable linear directions rather than re-
quiring nonlinear extraction. A Naive Bayes text baseline
remains weaker, indicating that the contrastive probe signal
is not reducible to surface lexical features.

Our results further suggest that behavioral mirages are not a
single phenomenon. Cross-benchmark separability patterns
are consistent with two regimes: spurious images, where the
model behaves as though unsupported visual content were
present in latent space, and textual biases, where it answers
from text-distributional priors without engaging visual rep-
resentations. We view this decomposition as an empirically
motivated hypothesis, not a causal claim, and validating
it will require interventions such as steering, ablations, or
activation patching. The mirage mechanism distinction mat-
ters for mitigation: text-distribution cleaning may reduce
textual-bias mirages, but spurious-image mirages likely re-
quire representational interventions. The Mirage Probes
framework provides a starting point for diagnosing and ulti-
mately improving faithful visual grounding in VLMs.

6. Limitations
Several limitations qualify our findings. Our mirage and
non-mirage labels rely on heuristic criteria, which could
introduce label noise. Because with-image mirages are not
observable from outputs, we cannot causally validate probe-
identified directions; our Naive Bayes baseline rules out a
specific class of surface-feature confounds, but the central
claim remains correlational. Our two-mechanism account
(spurious images versus textual priors) is based on cross-
benchmark separability differences and should be read as a
hypothesis motivating further mechanistic work rather than
a settled finding.
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Broader Impact
As diagnostic interpretability research, this work does not
introduce new generative capabilities. Its primary positive
impact is enabling more faithful evaluation of VLMs in
safety-critical domains such as medical image interpretation,
where ungrounded mirage responses pose direct risks to
users. We do not see a direct path to negative societal impact
beyond risks already present in the underlying open-source
models we probe.
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Appendix

A. Dataset Sizes

Table 5. Post-filtering dataset sizes for contrastive and all-examples probe datasets.

Model Benchmark Contrastive Samples All-Examples Samples

Ovis VQA-RAD 98 235
Ovis MMMU-Pro 48 144
Ovis MedXpertQA 18 33
Ovis All 164 406

Qwen VQA-RAD 222 418
Qwen MMMU-Pro 314 792
Qwen MedXpertQA 202 410
Qwen All 738 1356

B. Naive Bayes Training Details
For the Naive Bayes text-confound baseline, we train a Laplace-smoothed binary multinomial model over lexical indicators
extracted from model responses. Each example is represented by the set of unigrams and bigrams present in the response,
using binary presence/absence features rather than counts. Class scores are computed as

log p(y) +
∑
g∈x

log p(g | y),

with add-one smoothing applied to both class priors and feature likelihoods. As in probe training, examples with fewer than
10 response tokens are discarded.

For each model/setting/benchmark configuration, we run five seeds. In the all-examples setting, we first construct a
class-balanced and benchmark-balanced subset, targeting 500 examples per class when available, and then use an 80/20
class-stratified train/test split. In the contrastive setting, we train on the full contrastive pool for the selected benchmark(s)
and evaluate on a class-balanced, benchmark-stratified subset drawn from all-examples responses after removing any overlap
with contrastive training questions.

We report mean accuracy across the five seeds. We additionally report cross-benchmark transfer by training on one
benchmark and testing on another under the same balancing protocol (see below).

C. Naive Bayes Cross-Benchmark Transfer

Table 6. Naive Bayes classifier transfer metrics.

Model (Setting) vqa→mmmu vqa→medx mmmu→vqa mmmu→medx medx→vqa medx→mmmu
Ovis (Contrastive) 52.00% 53.33% 73.62% 16.67% 50.43% 53.83%
Ovis (All-Examples) 54.66% 49.47% 53.10% 50.00% 52.48% 52.05%
Qwen (Contrastive) 51.26% 46.87% 41.84% 49.48% 54.29% 51.36%
Qwen (All-Examples) 46.34% 47.45% 48.66% 51.31% 49.71% 56.92%
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D. Phrase-Group Confounds

Table 7. Phrase-group class separators for Ovis. Cells show mirage-like example match rate minus non-mirage-like example match rate.

(a) Ovis Contrastive

Phrase Group VQA-RAD MMMU-Pro MedXpertQA
reasoning scaffold -8.2% +0.0% -11.1%
image grounding -2.0% +4.2% +11.1%
uncertainty -8.2% -8.3% -11.1%
hedging -2.0% -16.7% +0.0%
answer boilerplate -12.2% +4.2% +0.0%
radiology terms +0.0% +4.2% -11.1%

(b) Ovis All-Examples

Phrase Group VQA-RAD MMMU-Pro MedXpertQA
reasoning scaffold -15.1% -32.8% -11.0%
image grounding +8.7% +7.1% +10.6%
uncertainty -22.6% -3.7% -9.8%
hedging -22.4% -7.6% -7.1%
answer boilerplate -6.4% +11.7% -0.1%
radiology terms -3.9% +10.2% -1.0%

Table 8. Phrase-group class separators for Qwen. Cells show mirage-like example match rate minus non-mirage-like example match rate.

(a) Qwen Contrastive

Phrase Group VQA-RAD MMMU-Pro MedXpertQA
reasoning scaffold +0.0% -1.9% +5.9%
image grounding +1.8% -0.6% -4.0%
uncertainty +0.9% +0.0% -1.0%
hedging +3.6% -4.5% +1.0%
answer boilerplate +0.9% +0.6% -5.9%
radiology terms +0.0% +2.5% +2.0%

(b) Qwen All-Examples

Phrase Group VQA-RAD MMMU-Pro MedXpertQA
reasoning scaffold -4.0% +3.6% +7.8%
image grounding +3.0% -3.8% -32.0%
uncertainty -10.1% -0.1% +0.8%
hedging -14.3% +8.4% +4.9%
answer boilerplate +0.8% +14.7% -8.6%
radiology terms +0.0% +2.6% +0.8%

E. MLP Probe Results

Table 9. Probe strategy performance on MLP-target activations.

Strategy VQA-RAD MMMU-Pro MedXpertQA All
Ovis – Contrastive

LogReg 76.33% 61.67% 63.33% 72.00%
MLP 71.33% 60.00% 66.67% 69.33%
Concat 68.33% 49.00% 53.33% 70.67%
Diff 88.33% 91.33% 58.33% 89.00%

Ovis – All Examples
LogReg 71.63% 67.82% 61.90% 69.96%
MLP 71.63% 65.52% 85.71% 70.37%
Concat 63.83% 66.67% 28.57% 60.49%
Diff 95.04% 86.21% 71.43% 90.95%

Qwen – Contrastive
LogReg 74.00% 59.67% 60.00% 59.67%
MLP 70.33% 60.33% 59.67% 62.33%
Concat 62.67% 56.67% 47.33% 57.00%
Diff 93.33% 78.00% 80.00% 81.67%

Qwen – All Examples
LogReg 59.13% 63.08% 64.23% 56.99%
MLP 71.36% 75.65% 68.60% 72.91%
Concat 67.14% 71.88% 64.25% 69.41%
Diff 95.77% 80.00% 76.81% 84.93%

F. Compute Resources
All experiments are run using one or more NVIDIA RTX A6000s, each with 50 gigabytes of VRAM. Full Ovis runs on
residual or additional targets (MLP, attention heads, post-attention) take around 12 hours to run with tasks orchestrated
across two GPUs. Qwen runs require around 24 hours of activation extraction across four GPUs followed by 12 hours of
probing orchestrated across two. All experiments (except for the Qwen activation extraction) could plausibly be run with
much less powerful GPUs.
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