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Figure 1. CONFUSEDTOURIST evaluates the robustness of current state-of-the-art VLMs on grounding single cultural concept within
images that contain distracting cue(s). We demonstrate how geographical-induced perturbation causes massive accuracy drop (flag-
perturbation→) consistently across all cases. Through further interpretability analysis, we also discover that the model’s distractive attention
shift toward the adversarial cue(s) (e.g., Row 1 example where the Brazil flag was attended significantly more than the Adobo cuisine) can
directly explain the decline.

Abstract

Although the cultural dimension has been one of the
key aspects in evaluating Vision-Language Models (VLMs),
their ability to remain stable across diverse cultural in-
puts remains largely untested, despite being crucial to sup-
port diversity and multicultural societies. Existing evalu-
ations often rely on benchmarks featuring only a singular
cultural concept per image, overlooking scenarios where
multiple, potentially unrelated cultural cues coexist. To
address this gap, we introduce CONFUSEDTOURIST , a
novel cultural adversarial robustness suite designed to as-
sess VLMs’ stability against perturbed geographical cues.
Our experiments reveal a critical vulnerability, where ac-

curacy drops heavily under simple image-stacking pertur-
bations and even worsens with its image-generation-based
variant. Interpretability analyses further show that these
failures stem from systematic attention shifts toward dis-
tracting cues, diverting the model from its intended focus.
These findings highlight a critical challenge: visual cultural
concept mixing can substantially impair even state-of-the-
art VLMs, underscoring the urgent need for more culturally
robust multimodal understanding. 12

1Code: https://github.com/patrickamadeus/vlms-
are-confused-tourists

2Data: https : / / huggingface . co / datasets /
patrickamadeus/vlms-are-confused-tourists
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the final published version of the proceedings is available on IEEE Xplore.
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1. Introduction
Recent advances in multimodality have enabled Vision-
Language Models (VLMs) to become more proficient
across a range of tasks, including ones that require domain-
specific knowledge. Multicultural domain fits naturally into
such description, as it requires models to have a cultur-
ally specific understanding to be able to capture relevant in-
sight from rich visual inputs. Prior benchmarks have set the
groundwork for such evaluation, including in the general-
purpose scope [14, 19–21] and in a more fine-grained cat-
egory setting (e.g. cuisine-only [11, 26] or paintings-only
[28]). These systematic large-scale benchmarks were built
to assess whether VLMs can probe and reason about multi-
cultural knowledge beyond basic visual perception.

Although recent numbers3 indicate collective improve-
ment of recent VLMs’ multicultural comprehension ability,
aforementioned benchmarks only assess this understanding
using unambiguous cultural images. These images typically
contain either only a single concept (e.g., a person wearing
a Japanese kimono) or multiple but inherently related cues
(e.g., Indonesian Gamelan musicians playing drums and
gongs next to temple dancers), thereby allowing ground-
ing inference to be assisted by the existence of related cues
that may not refer to the intended concept. This limitation
makes it difficult to disentangle whether the VLM is iden-
tifying an object based on its intrinsic visual features or if
it is overly relying on other contextual cues. Hence, the
ideal setting for stress-testing this robustness is by involv-
ing scenes with simultaneously contrasting cultural cues to
challenge the model’s ability to refer to relevant object.

Prior works have attempted similar perturbation ideas in
the multicultural domain. For instance, Ye et al. [27] con-
ducted a text-modality perturbation check on cross-modal
attention divergence in a cross-lingual setting, indicating
that image understanding levels highly differ between lan-
guages. On the other modality side, Kim et al. [10] at-
tempted to perturb the image by altering the ethnicity of
persons to point out potential bias of VLMs. However,
these works suffer from one or more of the following limita-
tions: (1) primarily involve adversity just in text, (2) involve
concepts that are inherently subjective or culturally biased,
making explicit and objective analysis difficult and poten-
tially leading to uneven treatment of different concepts (for
example: racial or cultural groups in Kim et al. [10]), and
(3) did not include a more comprehensive analysis over the
model’s failure behavior.

In this work, we address these critical gaps by introduc-
ing a novel evaluation suite designed to probe whether state-
of-the-art VLMs are able to identify a specific cultural item
amidst the existence of other perturbing cues. To achieve

3We evaluated recent frontier VLMs to verify this observation; detailed
results are provided in Appendix B.

this, we construct a suite of test images where a target cul-
tural item is deliberately co-presented with a conflicting ge-
ographical symbol or object (such as a flag or landmark).
We include rich multicultural nuances across various cul-
tural domains, concepts, perturbation contexts, image cre-
ation methods, together with empirical and behavioral anal-
yses of notable failure cases. Our contributions are summa-
rized as follows:
1. We present CONFUSEDTOURIST , a VL robustness eval-

uation suite comprising of 5k+ geographical-cue per-
turbed images which includes 243 unique culture items
from 57 countries. We curate the altered images by ap-
plying 3 perturbation settings (flag-only, landmark-only,
or both) on multiple difficulties.

2. We benchmark 14 SOTA VLMs on our suite, where we
observe a consistent and critical performance degrada-
tion in all cases, even showing failure against the simple
perturbing method (3.3.1).

3. We provide further interpretability analyses of open-
source VLMs, highlighting their attention-shift behav-
ior, biases, and reasoning thought to explain the nature
of this performance drop.

2. Related Work
Multicultural Understanding in Vision Language.
Prior work has shown that VLMs exhibit cultural blind
spots due to training data heavily favoring Western contexts.
Recent multicultural VLMs benchmarks [12, 19, 22, 26]
consistently demonstrate that VLMs struggle to accurately
recognize artifacts, foods, and traditions from non-Western
or underrepresented regions. Studies such as Ye et al.
[27] examine how text-modality perturbations affect cross-
modal attention in cross-lingual settings, while Kim et al.
[10] reveal that VLM predictions can be improperly in-
fluenced by irrelevant cues, such as the perceived ethnic-
ity of a person in the image. Other works further confirm
these challenges in multicultural grounding [14, 20]. Our
research extends this line of inquiry by examining how a
VLM’s cultural understanding behaves under conflicting vi-
sual cues, addressing a critical and previously unexplored
aspect of multicultural robustness.

VLM Robustness in Concept-Mixed Setting. VLM ro-
bustness research typically addresses two failure categories:
failures against simple noise and failures against semantic
complexity. Traditional studies focus on out-of-distribution
corruption, such as added noise or common visual distor-
tions [7, 8], which test models’ basic perceptual stability
[2, 3, 18, 23]. However, VLMs suffer from distinct vulnera-
bilities related to higher-level meaning and concept mixing.
Failures have been observed in geometric reasoning [17],
compositional generalization [2, 9, 15], and bias driven by
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Desc. Geo.

Category Ori. Easy Hard Easy Hard Total Pairs

Cuisine (181) 181 894 1038 912 912 3756
Attire (38) 38 228 228 216 216 888
Music (24) 24 144 144 138 138 564

Grand Total 243 1266 1410 1266 1266 5451

Table 1. Dataset statistics for CONFUSEDTOURIST . With
description- or geographical-based pairs, each image is perturbed
at 2 difficulty levels using image stacking or generative perturba-
tion. A more detailed stat of the suite can be seen in the Appendix.

strong visual or linguistic priors [23]. Furthermore, models
frequently misattribute facts and hallucinate plausible but
incorrect information, demonstrating weak factual ground-
ing [17]. While prior work exists in multicultural set-
tings [10, 27], these efforts fail to convey a detailed robust-
ness study, especially one involving contrasting and non-
subjective cultural concepts. Our study bridges this gap by
treating cross-cultural visual mixing as a form of seman-
tically guided perturbation, analyzing how VLMs fail to
maintain factual focus when multiple, conflicting cultural
concepts coexist.

3. CONFUSEDTOURIST Evaluation Suite
Our suite is comprised of 5,451 unique images, featuring
243 unique cultural items sourced from 57 countries across
11 sub-regions. The suite cover 3 categories, including cui-
sine, traditional attire, and musical instruments. We curate
this suite using a 3-staged pipeline involving context crawl-
ing, pair creation, and image generation, with details de-
picted in Figure 2. Table 1 presents the overall statistics of
our data.

3.1. Context Crawling
Cultural Domain. We select cuisine, traditional attire,
and musical instruments as our categories because they
meet two criteria: they are well-constrained and their items
are typically represented by a single, clear, object-based
cue. This approach allows us to reduce the ambiguity found
in multi-concept categories (like festivals and games) or
overly broad categories where items take many forms (like
artifacts or gifts).

Geographical Context. Our country selection covers 57
countries sampled from 11 sub-regions, with each sub-
region containing a maximum of 7 countries. We de-
sign this sampling strategy to balance sub-regional diver-
sity, rather than focusing on larger divisions like continents.
For each country’s visual perturbation image grounding re-
sources, we obtained flag and landmark images from Wiki-

media Commons with a clear license record, detailed in Ap-
pendix A.

Cultural Item Pool. We select up to 5 cultural items for
each category in each country, totaling 243 unique items.
We extract only licensed images and their summarized
item descriptions from Wikipedia or Wikimedia Commons.
We further ensure their validity through a two-step qual-
ity check: (1) We cross-check the collected data against
prior benchmarks [19, 20, 26]; and (2) We employ internal
quality control by conducting a blind, swapped peer review
among all authors for every instance. Finally, each cultural
item includes its name, country, description, and its corre-
sponding image.

3.2. Adversarial Pairing.
We employ 2 pairing methods following cultural proxies in-
troduced by Adilazuarda et al. [1]. First, description-based
pairing follows the semantic proxy, which captures cultural
similarity based on the meaning of item descriptions. Sec-
ond, geographical-based pairing follows the demographic
proxy, which reflects cultural closeness based on how near
the countries are to each other.

For each item xi, we find xj such that it forms two types
of pairs: hard pair phard

i,j , representing the most semanti-
cally similar or geographically closest item pair, and the
easy pair peasy

i,j , representing the least semantically simi-
lar or geographically farthest item pair. Both pair’s items
always come from the same category.

Description. For description-based pairing, we measure
semantic similarity between item descriptions. Each de-
scription is encoded into an embedding using the mE5
model [24], and the similarity score between two items is
computed using cosine similarity:

S(xi, xj) =
vi · vj

→vi→ →vj→
.

The hardest and easiest pairs for a specific item xi are de-
fined by finding the index j that minimizes or maximizes
this score, respectively, resulting in the pairs phard

i,j and
peasy
i,j .

phard
i,j = (xi, xj) : j = argmin

k →=i
S(xi, xk),

peasy
i,j = (xi, xj) : j = argmax

k →=i
S(xi, xk).

(1)

A higher similarity value indicates that the items share
strong semantic overlap, making phard

i,j more likely to con-
fuse the model. In this setting, an item xj serves as an
adversarial example for xi when it closely resembles xi

despite originating from a different culture. For example,
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Figure 2. Our CONFUSEDTOURIST construction pipeline. The pipeline consists of 3 stages: (1) Context Crawling to obtain balanced,
culturally diverse item data and descriptions; (2) Pair & image creation where we generate hard and easy cultural pairings and produce
various perturbation-infused visual cases; and (3) Evaluation, where we assess VLMs’ concept grounding ability using objective metrics
and interpretability analysis.

lemper from Indonesia and sushi from Japan are both rice-
based dishes often wrapped in natural leaves or seaweed.
Although they belong to distinct culinary traditions, their
textual and visual descriptions are closely aligned, making
them more likely to confuse the model.

Geographical Distance. For geo-based pairing, we use
geographic proximity between countries of origin. Each
item xi is assigned the centroid coordinates (longi, lati) of
its corresponding country, obtained using the geopy li-
brary. We denote the distance between two items xi and
xk as D(xi, xk), which is computed using the Haversine
formula.

phard
i,j = (xi, xj) : j = argmin

k →=i
D(xi, xk),

peasy
i,j = (xi, xj) : j = argmax

k →=i
D(xi, xk).

(2)

The hard pair is expected to consist of items from geo-
graphically proximate regions that are more likely to share
stylistic or historical influences despite national bound-
aries. For instance, batik from Indonesia and songket from
Malaysia are produced in neighboring regions and exhibit
overlapping textile motifs and weaving traditions. Such
pairs may be challenging, making the model struggle to dis-
tinguish closely related regional cultures.

3.3. Image Perturbation
We perturb the images using 2 approaches. First, we use an
image-generation model, similar to the methodology used
in prior work [10]. Second, we employ a simple image
stacking perturbation to determine whether a simpler pertur-
bation could already alter the model’s accuracy. A handful

of visual results produced via both approaches are provided
in Appendix I.

3.3.1. Image Stacking Perturbation
We apply this perturbation by stacking the smaller adver-
sarial image over the original cultural item image, which
serves as a baseline adversarial attempt to assess models’
robustness. We denote adversarial cue images as flag image
(If ) and landmark image (Il). The size of the adversarial
images is resized, denoted by the resizing operation ↑, to
maintain their original aspect ratio while ensuring neither
dimension exceeds 20% of the original item image dimen-
sion. Spatial placement is fixed and non-overlapping: If is
consistently placed in the top-right corner (↓), and Il in the
bottom-left corner (↔), with a small offset from the edges.
This stacking perturbation process, !, is defined as a func-
tion of the original image Iori and a set containing either or
both of If and Il:

IS = !(Iori, {↑(If ),↑(Il)}) (3)

3.3.2. Generative Perturbation
To curate an alternate perturbation case that is more immer-
sive and naturally integrated, we use an image-generation
model, specifically Gemini-2.5-Flash-Image [6]. We denote
this process as ” resulting in a perturbed image (IG) as a
function of the original item image (Iori), the adversarial
cue images (If , Il), a set containing either or both of If and
Il, and a guiding prompt (p):

IG = ”(Iori, {If , Il},p). (4)

The strict prompt template (p) and preserved inference hy-
perparameters are employed to best ensure spatial consis-
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(a) (b) (c)

Figure 3. Overall evaluation results in average accuracy of country & cultural item prediction. Key trends: (a) Proprietary VLMs outper-
form open-weight variants, with generative perturbations being more adverse (especially with flags). (b) Predicting cultural item name is
more challenging even from baseline case, though country accuracy drops are much larger in both difficulty levels. (c) Similar average
performance of both pairing methods

tency, adversarial semantic guidance, and reproducibility.
The details of which are outlined in Appendix C.

In attire-specific cases, our collected images often fea-
ture human body parts, posing a potential PII risk. There-
fore, before inclusion in ”, we apply a preprocessing step
where we use an image-generation model to isolate the
clothing component. This process removes potential PII
and preserves the cultural attire in a more neutral form. This
enables subsequent adversarial perturbations without com-
promising privacy (see Appendix C for details).

We also conduct a manual quality check of the generative
perturbed images. A random sample of 5% from each cat-
egory: cuisine, attire, and musical instrument was selected,
as denoted previously with IG. Using the rubric defined
in Appendix D, the authors independently re-evaluated 130
sampled images, assigning scores on a 1–5 Likert scale.
The generated images achieved an average score of 4.49,
demonstrating the high quality of the perturbed outputs.
However, quality varied across categories, with cuisine be-
ing the most realistic and attire the least.

3.4. Evaluation Metrics
To evaluate the models’ robustness and vulnerability to cul-
tural perturbations, we use two metrics: one that measures
general prediction accuracy across all categories, and an-
other that measures the model’s distractive behavior on in-
correct country predictions.

Multi-Target Accuracy (Acc.). This metric measures
substring match accuracy when each instance may have
multiple ground-truth labels (e.g., alternative country or
cultural item names). A prediction (pi) is considered correct
if the uncased prediction string is a substring of any uncased
ground-truth string(s) (Gi). The overall Accuracy (Acc.) is
the average number of successful substring matches across
all N instances.

Acc. =
1

N

N∑

i=1

{
1 if ↗ g ↘ Gi s.t. pi ≃ g

0 otherwise
(5)

Model Distraction Likelihood (DL). For each model,
this metric measures the frequency with which an incorrect
country prediction is directly deceived by the counterpart
adversarial cue. This metric is essential for assessing model
robustness because it quantifies the causal attribution of the
error, rather than just counting general mistakes. For exam-
ple, if a model is tasked with predicting Country A but is
perturbed with content from Country B, a high score on this
metric indicates that the model’s error is a direct result of
being swayed by the adversarial content from Country B,
demonstrating a critical failure in visual grounding against
geographic conflict.

DL = P (adv | wrong) (6)

4. Evaluation & Results
This section explains our evaluation methodology using
CONFUSEDTOURIST and presents the main results. We
cover the model settings, the strict single-turn prompt pro-
tocol used for inference, as well as the core findings.

4.1. Experiment Setup
Model Selection. We employ 14 model settings to evalu-
ate current state-of-the-art VLMs. These settings are com-
prised of 8 proprietary variants, which spans across 3 model
families (GPT, Gemini, Claude). We employ the other 6
open-weight settings that are part of 2 open-weight fami-
lies, including Qwen3VL [16] and InternVL3.5 [25].
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(a) (b)

Figure 4. The negative correlation between country prediction accuracy vs. distraction likelihood of the model in wrongly predicted cases.
(a) The proportion of wrongly predicted countries across models increases along with the decrease of country prediction accuracy. (b)
Across 11 different subregions for each VLM, the correlation of this relationship is also scoring at →0.76, suggesting a strong negative
relation between the metrics.

Prompt. All instances are being evaluated via a single in-
ference call. VLMs are instructed to provide the answer for
both the name of the target cultural item and its country of
origin, as shown in the prompt below, where {category}
is a choice between attire, cuisine, or musical
instrument. We provide the detailed inference hyperpa-
rameters for each model in Appendix G.
Observe the image and determine the original name of
this {category} object, and the country from which this
{category} originally comes. Return the original name
of this {category} object first, followed by the country
name.

4.2. Evaluation Result
In this section, we outline the most apparent findings across
all of our features. While the complete evaluation results
can be observed in Table 4 and 5, we summarize the overall
trend in major features in the points below by referring to
Figure 3:

(1) Superior performance of proprietary VLMs. Pro-
prietary models outperform their open-weight variants,
with the open-weight Qwen family scoring the closest
to them, as depicted in Figure 3a. The difference in av-
erage prediction accuracy across the perturbation con-
texts (F, L, F+L) between the best performing GPT and
Qwen3-VL variants is 22% for country prediction and
27% for item prediction. There is no significant benefit
from the model’s reasoning mode in either the baseline
or in showing any improved resistance against adver-
sarial context.

(2) Flag object is the main perturbation driver. In the
image stacking setting, the presence of the flag caused
a decline of up to 18.4%, whereas applying the land-
mark perturbation resulted in a minor drop of only up
to 6.9%. Furthermore, the combination of their pertur-

bation effect is observed to be no more than the sum of
the individual parts, indicating that no emergent adver-
sarial combination resulted from such combination.

(3) Generative perturbation is more effective, lead-
ing to an average performance worsening of 17.34%,
compared to only 8.43% drop using image-stacking
method. This validates that the generative (versus
image-stacking) perturbation method is more success-
ful in tricking the model. As observed in Figure 3a,
the numbers are consistent in all cases when compar-
ing shades within the same color in each perturbation
context bar (F, L, F+L).

(4) Proxy-based semantic and geographic cultural
proxies remain relevant. As observed in Figure 3b, the
difference in average accuracy drop is up to 26% in the
hardest cases (country) across cases. This signals that
distinguishing morphologically similar items and items
from geographically close cultures remains a challenge
due to concept overlaps. Aligning with prior cultural
proxy selections from Adilazuarda et al. [1], our pair-
ing method also (description versus geographic-based)
yields consistent results, as shown in Figure 3c. This
further suggests that both semantic and geographic cul-
tural proxies remain relevant in multimodal multicul-
tural evaluation.

5. Discussion & Analysis

In this section, we outline more fine-grained observations,
where we go deeper discussing nature of observed visual
distraction, existence of systematic country fallback biases,
and the thought process of the VLMs in doing predictions.
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(a) (b)

Figure 5. GPT-5 (High+) results. (a) Global map of accuracy drop, computed as the ratio between performance difference and original
score. (b) Distribution of predicted countries where the model is incorrect but does not follow the adversarial country

Dominant Effect of Adversarial Cues in Prediction Er-
rors. We observe a clear inverse relationship: the lower
a model’s country prediction accuracy, the greater the ten-
dency for its inaccurate predictions to drift directly toward
our perturbation cues. Figure 4a depicts this trend, high-
lighting that the decline in general accuracy is proportionate
to the specific inaccuracy caused by distractive cues. This
is further amplified by the significant negative correlation
(R = ⇐0.76) measured between these features across all
cases, as shown in the scatter plot in Figure 4b.

Amidst these findings, the Qwen family presents a com-
pelling insight: despite maintaining a higher overall accu-
racy compared to InternVL3.5, it exhibits a higher Distrac-
tion Likelihood (DL). This finding suggests a pronounced
their vulnerability to the adversarial cue specifically in er-
ror scenarios. We leverage this focused behavior—that their
errors are less random—to select its 30B variant for deeper
interpretability analysis, as it may help reducing the noise
in the attention spread visualization.

Our interpretability analysis revealed a critical finding:
the model’s attention focus on the image tokens was dispro-
portionately driven by specific text components—namely,
system tokens, geo-related tokens, and a subset of stop-
words (as shown in Figure 6). We further conducted an
ablation study to investigate the effect of these tokens as
detailed in Appendix H. Critically, eliminating these sus-
pected tokens resulted in two key improvements: a measur-
able increase in grounding accuracy and a pronounced shift
in attention back to the intended image region. While this
suggests an avenue for better prompt choice selection for
our work, we still conclude that:
1. VLMs tend to rely on easily interpretable visual cues

(e.g., flags or other prominent context features), leading
to failures in incorporating relevant knowledge or being
overridden by familiar visual shortcuts.

2. This behavior worsens due to reliance on specific text
tokens, showing that even advanced VLMs can be un-
stable and highly sensitive to prompts—as seen in one

failure case (Appendix H, attire), where a prompt cor-
rection even turned a previously correct answer into a
wrong one.

These findings express the need for more globally aware
models that remain stable under small, semantic-based in-
put changes (i.e. in our case, specific geographic cues).

Specific Country Fallback Bias. As shown in Fig-
ure 5(a), GPT-5 (High+) exhibits larger performance drops
in several low-resource regions such as Africa, Latin Amer-
ica, and MENA. In contrast, supposedly low-resource re-
gions like Southeast Asia (SEA) show relatively stable per-
formance, possibly reflecting improved data coverage from
recent community efforts such as SEACrowd [13] and SEA-
VL [4].

To further investigate regional prediction tendencies, we

(a) (b) (c)

Figure 6. Attention heatmap analysis indicates that visual ground-
ing primarily arises from a limited set of tokens. In (a) attire, (b)
cuisine, and (c) musical-instrument culture items, tokens linked to
system cues, geographic references, and category-specific terms
dominate the model’s visual attention.
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analyze cases where the model’s predictions are incorrect
but do not correspond to the adversarial country Cadv . This
scenario corresponds to the negation of DL (Eq. 6). As
shown in Figure 5b, certain countries are predicted more
frequently even in the absence of adversarial cues, suggest-
ing a ”fallback preference” toward specific regions.

For example, GPT-5 (High+) tends to over-predict coun-
tries such as India (9.1%), China (6.7%), and Japan (3.0%).
Notably, India and China also appear in the top three most
frequent incorrect predictions for all other models evalu-
ated. This consistency suggests that image-text pairs from
these cultures are more prevalent in the training distribution.
We hypothesize that this over-representation may arise be-
cause these regions are common subjects of online imagery
(e.g., as popular tourist destinations).

Flag Cues Corrupt Model Reasoning Traces. We also
analyze the model outputs by tracing the reasoning process
of the Gemini model in sample cases where it produces
incorrect answers. Our comparison considers several fac-
tors: perturbation type (flag, landmark, flag+landmark), cat-
egory (cuisine, attire, musical instrument), and perturbation
method (image-stacking vs. generated perturbation). From
our observations, the model often exhibits uncertainty in the
middle of its reasoning steps, with phrases resembling “Am
I correct? I am not sure”.

Flag perturbation — Reasoning
“The style of this garment screams West or Central African
influence to me. The wide sleeves, the embroidery... I’m leaning
heavily towards the DRC (from the flag) . I need to find the
specific name for this type of clothing in the DRC.”

Landmark perturbation — Reasoning
“I’m thinking thobe, dishdasha, kandura, maybe even jalabiya.
Could even be a simplified caftan, given the Turkish context.
Since the prompt is about the origin (not where it’s displayed ),
I need to be more precise.”

Flag + Landmark perturbation — Reasoning
“I see a white blouse with red and black embroidery on a
mannequin. There’s a flag visible — a vertical tricolor of blue,
yellow, and red (Romania) . The background has that massive

building — the Palace of the Parliament (Bucharest) . Definitely
Romania.”

Among these factors, the most distinct differences ap-
pear in the perturbation type. The model typically focuses
on the flag first before attending to other relevant aspects
of the image. Landmark perturbations are generally less ef-
fective, as the model sometimes concludes that “there is no
connection between the landmark and the object”, leading

it to refocus on the primary object instead. However, in
flag+landmark cases, the model tends to perceive a strong
correlation between the flag and the landmark, and thus
shifts its reasoning toward these contextual cues rather than
the main object itself.

In contrast, the category and perturbation method do not
appear to introduce substantial differences, as the model’s
reasoning predominantly centers around the flag across
most cases.

6. Conclusion
We introduced CONFUSEDTOURIST , a novel cultural ad-
versarial robustness suite designed to evaluate VLMs’ abil-
ity to accurately identify cultural items in adversarially-
induced images. Our experiments reveal a critical vul-
nerability: all state-of-the-art VLMs experience a substan-
tial accuracy drop under simple image stacking, which be-
comes even more severe under generative perturbations.
We found these geographical-induced perturbations consis-
tently cause disruption across all cases, a vulnerability that
is more prominent with the presence of a flag, which con-
sistently exhibits the model’s grounding bias toward the ad-
versarial cue. Further analysis shows that as model accu-
racy decreases, the models become increasingly distracted
by these perturbations, focusing more on the distractor cues
than on the cultural item itself, with the reasoning traces
supporting this observation. Overall, this work highlights
a critical challenge: VLMs must develop greater cultural
robustness to achieve reliable multimodal understanding
across diverse cultural contexts.
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