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Abstract

The rapid evolution of multimodal large lan-
guage models (MLLMs) has significantly en-
hanced their real-world applications. However,
achieving consistent performance across lan-
guages, especially when integrating cultural
knowledge, remains a significant challenge.
To better assess this issue, we introduce two
new benchmarks: KnowRecall and VisRe-
call, which evaluate cross-lingual consistency
in MLLMs. KnowRecall is a visual question
answering benchmark designed to measure fac-
tual knowledge consistency in 15 languages,
focusing on cultural and historical questions
about global landmarks. VisRecall assesses vi-
sual memory consistency by asking models to
describe landmark appearances in 9 languages
without access to images. Experimental results
reveal that state-of-the-art MLLMs, including
proprietary ones, still struggle to achieve cross-
lingual consistency. This underscores the need
for more robust approaches that produce truly
multilingual and culturally aware models.

1 Introduction

Multimodal large language models (MLLMs) have
recently undergone rapid progress, giving rise to a
wide range of practical applications (Zhang et al.,
2024). While the computer vision community has
extensively studied their vision perception capabil-
ities (Tong et al., 2024; Fu et al., 2024), the mul-
tilingual dimension of MLLMs remains relatively
underexplored. In particular, their performance
often deteriorates when applied to low-resource
languages or culturally distinct contexts, raising
concerns about their robustness and trustworthi-
ness across diverse linguistic and cultural settings.

To bridge the gap, recent studies have focused
on developing multimodal culture understanding
benchmarks (Liu et al., 2021; Nayak et al., 2024;
Romero et al., 2024; Vayani et al., 2024) and train-
ing more powerful multilingual MLLMs (Chen
et al., 2023; Yue et al., 2025; Geigle et al., 2025;
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Dash et al., 2025). However, current models still ex-
hibit varying performance across languages, falling
short of the ideal goal—providing consistent re-
sponses regardless of input language. While some
recent studies have examined cross-lingual consis-
tency in text-only LLMs (Qi et al., 2023; Gao et al.,
2024; Huang et al., 2024b; Wang et al., 2025), no
research has yet explored this issue on MLLMs,
even though ensuring consistent behavior across
languages is crucial for real-world applications.

To address this issue, we propose two novel
benchmarks: KnowRecall and VisRecall, designed
to evaluate cross-lingual consistency in multilin-
gual MLLMs under a traveling scenario. KnowRe-
call is a visual question answering (VQA) bench-
mark that assesses the consistency of factual knowl-
edge across 15 languages, focusing on cultural and
historical questions about global landmarks. Mean-
while, VisRecall evaluates the consistency of visual
generation by instructing models to describe the
appearance of landmarks in 9 languages without
direct visual input during inference.

Through extensive experiments on state-of-the-
art open-weight and proprietary MLLMs, we ob-
serve persistent challenges in multilingual align-
ment. Particularly, performance consistently de-
clines from English to local languages of the cor-
responding landmarks, and drops even further in
other foreign languages. While models show high
consistency scores within related language fam-
ilies, such as Romance languages, their perfor-
mance still lags in lower-resource settings. We also
find that inference-time reasoning improves per-
formance, suggesting a way to mitigate language
constraints. Moreover, in the VisRecall task, mod-
els that have directly “seen” these landmarks dur-
ing multimodal training fail to effectively leverage
their visual memory for multilingual description
generation, indicating a fundamental disconnect be-
tween current multimodal training paradigms and
human-like visual cognition.
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Figure 1: Tllustrations of KnowRecall and VisRecall. KnowRecall evaluates the cross-lingual consistency of factual
knowledge in MLLMs using a VQA setup, where the model answers questions about a given landmark image in 15
languages. VisRecall measures the cross-lingual consistency of visual memory by assessing the quality of landmark
descriptions generated in 9 languages, using CLIPScore for evaluation.

2 KnowRecall

Imagine a French tourist visiting Tokyo Tower,
snapping a photo and asking an MLLM about the
tower’s height. Naturally, they would expect a cor-
rect response in their native language. However,
if the model provides the right answer in Japanese
but fails to do so in French, it illustrates a criti-
cal real-world limitation. We introduce KnowRe-
call, a multilingual VQA benchmark that evaluates
cross-lingual consistency of factual knowledge in
MLLMs. Unlike existing multilingual culture un-
derstanding benchmarks (e.g., Romero et al., 2024)
which include questions only in English and the
local language, our dataset offers 3,000 multiple-
choice questions on 1,500 global landmarks, each
available in 15 languages. This breadth facilitates
a comprehensive assessment of cross-lingual con-
sistency across diverse linguistic contexts.

Dataset Creation We selected 15 target lan-
guages based on speaker population and geo-
graphic diversity. We sampled 100 landmarks for
each language from the Google Landmarks Dataset
v2 (GLDv2, Weyand et al., 2020), selecting only
those located in countries with a single official lan-
guage (e.g., Canada was excluded due to its dual
official languages). For each landmark, we manu-
ally chose a single representative image to main-
tain data quality. For VQA generation, we adapted
the framework from Su et al. (2024), leveraging
Gemini-1.5-Pro to generate two questions per land-
mark based on the associated image and its English
Wikipedia page. We then used Gemini to translate
these questions into the remaining 14 languages.

Evaluation Metrics Following Antol et al.
(2015); Romero et al. (2024), we use accuracy to

measure model performance. Instead of evaluat-
ing performance in solely English and multilingual
settings, we introduce a new evaluation scheme
with three distinct settings: EN (questions are in
English), LOC (questions are in the local language
of each landmark), and GLO (the average perfor-
mance across all languages except English and the
local language). The GLO setting better aligns with
real-world inbound tourism needs, offering a novel
perspective for evaluating multilingual MLLMs.

Inspired by Jiang et al. (2020); Gao et al. (2024),
we measure cross-lingual consistency using the
ratio of correct predictions shared between two lan-
guages. Let n, and n, denote the number of correct
answers in languages x and y, respectively, with
ngy representing the number of answers correct in
both, we define consistency as:

1 Ny nzy) ™

Consistencyy (z,y) = 5( n N
x y

We compute the consistency of each local language
with the other 14 languages and obtain the final
score by averaging across all language pairs.

3 VisRecall

The tourist finished the journey and came back to
France, eager to share the places they visited with
their friends. When portraying these experiences,
the visual information they convey is inherently in-
dependent of language, meaning that descriptions
created in different languages should ideally be
highly similar. This concept extends to MLLMs
as well. While a model may demonstrate decent
consistency in VQA tasks, any inconsistency in
generation tasks would lead to a biased user expe-
rience (i.e., a knowing vs saying distinction Orgad
et al., 2024; Brinkmann et al., 2025). To assess the



cross-lingual consistency of “visual memory” in
MLLMs, we introduce VisRecall, a multilingual
benchmark designed to evaluate visual description
generation across 450 landmarks in 9 languages.

Dataset Creation Due to current MLLMs’ lim-
ited generation capabilities in low-resource lan-
guages, we restrict VisRecall to 9 target languages
for more reliable evaluation (see Appendix C for
details). For each language, we sampled 50 rel-
atively well-known landmarks from GLDv2, en-
suring that all 9 languages have corresponding
Wikipedia pages for each landmark. The task input
is the landmark’s name in each language, and the
output is the description generated by the models.

Evaluation Metrics A landmark’s appearance
description can vary depending on factors such
as orientation, viewing angle, and weather condi-
tions, making it challenging even for humans to
establish a definitive ground truth. To address this,
we leverage CLIPScore (Hessel et al., 2022) for
reference-free evaluation. We selected up to 20
images per landmark from GLDv2 and compute
the CLIPScore between the generated description
and each image. For non-English descriptions, we
first translate them into English using Gemini-1.5-
Pro before evaluation. The final score for each
landmark-language pair is then calculated by aver-
aging the CLIPScore across all selected images.
We define consistency for VisRecall as:

s .S
Z sgf) Z sgf)

Consistencyy, (z,y) = %(

) @

where S =3 min(s{”, s{”), with s{” and 5! as the
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4 Experiments and Results

We select a range of MLLMs as baselines to eval-
uate performance on KnowRecall and VisRecall.
For KnowRecall, we evaluate the models in a zero-
shot manner, instructing them to directly output the
correct answer option. For VisRecall, given that
language models are highly sensitive to subtle varia-
tions in prompts (Sclar et al., 2024; Yin et al., 2024),
we design two prompt templates per language with
minimal cross-linguistic differences. The full list of
prompts is provided in Appendix H.2. During eval-
uation, we compute the final score as the average
of the results from both prompts. Since VisRecall
does not require images as input, we also select sev-
eral text-only LLMs to compare whether MLLMs,

Model EN LOC GLO Consistency
LLaVA-1.5-7B 43.8 387 35.1 58.3
LLaVA-OV-7B 51.1 457 425 71.3
Pangea-7B 542 514 486 77.9
Qwen2.5-VL-7B-IT 56.6 552 51.0 80.9
Cambrian-8B 46.3 43.1 39.8 65.5
InternVL2.5-8B 51.2 447 412 64.8
Llama-3.2-11B-V-IT 50.2 48.1 469 73.8
Gemini-1.5-Pro 639 614 572 84.0
Gemini-2.0-Flash 645 651 59.0 86.3
GPT-40 683 69.2 644 85.9
Table 1: Performance on KnowRecall. The best-

performing open-weight model is underlined and the
best proprietary model is in bold.

Model EN LOC GLO Consist. LangAd
(%)
Llama-3-8B-ITT 819 791 750 958 30.9
Cambrian-8B 76.8 734 69.7 93.8 99.7
InternLM2.5-7B-Chat™ 81.5 78.0 74.2 95.4 93.1
InternVL2.5-8B 798 7677 73.6 95.5 99.8
Qwen2-7B-ITT 827 80.1 713 96.6 99.9
Pangea-7B 794 77.1 745 96.2 100.0
Qwen2.5-7B-ITT 788 185 755 96.0 98.9
Qwen2.5-VL-7B-IT 803 789 759 96.4 99.9
Gemini-1.5-Pro 749 738 721 96.1 100.0
Gemini-2.0-Flash 757 749 733 96.3 100.0
GPT-40 80.1 804 793 97.5 100.0

TText-only LLMs.
---: Each pair of models separated by a dotted line consists of

a LLM back-born and an MLLM trained on top of it.

Table 2: Performance on VisRecall, where LangAd mea-
sures the proportion of outputs adhering the prompt’s
language, detecting using Lingua (Stahl). Notably,
while Llama-3-8B-IT scores high, it often fails to follow
the prompt language, defaulting to English instead.

trained on a large volume of caption data, exhibit a
stronger visual memory of landmarks.

We show the KnowRecall results in Table 1.
Overall, the models achieve their best performance
in the EN setting, reflecting the predominance of
English in their pre-training. In the LOC setting,
open-weight models show a slight decline in per-
formance compared to the EN setting, while propri-
etary models maintain comparable results. Notably,
all models, including proprietary ones, consistently
perform worst in the GLO setting. A similar trend
is observed in the VisRecall results (Table 2), where
performance follows the pattern EN > LOC >
GLO. This highlights the substantial gap in mul-
tilingual capabilities among current MLLMs and
underscores the potential risks of deploying these
models in real-world multilingual applications.
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Figure 2: Consistency score matrix of Qwen2.5-VL-7B-
IT on KnowRecall. Each cell (x,y) denotes the score
between language x and y, based on questions about
landmarks in regions where x is the local language.

5 Discussion

5.1 Consistency in related language families

As shown in Figure 2, while Qwen2.5-VL-7B-IT
achieves the highest consistency score among open-
weight models, consistency varies across languages.
We observe high consistency scores within related
language families, such as Germanic (English and
German) and Romance (French, Spanish, Italian,
and Portuguese). Similarly, Chinese and Japanese
show strong consistency, likely due to their shared
character systems. In contrast, comparable lower-
resource languages, such as Greek and Hebrew,
still exhibit relatively low consistency, suggesting
barriers to effective multilingual alignment.

5.2 Inference-Time Reasoning

To evaluate the impact of inference-time reason-
ing, we design a structured chain-of-thought (CoT,
Wei et al., 2023) prompt (see Appendix H.1) for
KnowRecall. This prompt systematically guides
the model through three steps: (1) recognizing
the landmark; (2) translating the question into
the local language or English; and (3) reasoning
through to produce a final answer. As shown in
Table 3, Gemini-2.0-Flash and GPT-40 achieve no-
table gains in accuracy and consistency, demon-
strating the benefits of inference-time reasoning.
Although this approach does not fully address
cross-lingual alignment—Iargely bypassing the is-
sue by leveraging geographical knowledge and
translation, it illustrates a promising direction for
harnessing language models’ reasoning abilities to

Model EN LOC GLO Consistency
Gemini-2.0-Flash 645 651 59.0 86.3

+ Structured CoT (LOC) 68.6 679 66.3 88.9

+ Structured CoT (EN)  68.1 679 655 88.2
GPT-40 683 692 644 85.9

+ Structured CoT (LOC) 723 72.6 68.8 89.3

+ Structured CoT (EN)  73.1 71.6 69.0 89.8

Table 3: Performance boost through inference-time rea-
soning on KnowRecall. Structure CoT (LOC) translates
questions into the local language, whereas Structure
CoT (EN) translates them into English.

overcome linguistic constraints.

5.3 The effect of multimodal training

In Table 2, each pair of models separated by a
dotted line consists of a LLM back-born and an
MLLM trained on top of it. As the landmarks are
relatively famous, they are expected to occur repeat-
edly during the MLLMs’ multimodal training. In
other words, these models have directly “seen” the
landmarks, suggesting they should possess strong
visual knowledge of their appearances. However,
interestingly, with the exception of the Qwen2.5
pair, all base LLMs outperform their correspond-
ing MLLMs in both CLIPScore and consistency.
This indicates that MLLMs may struggle to fully
leverage the visual knowledge acquired during mul-
timodal training, likely due to the significant dif-
ferences in prompting paradigms. Nevertheless,
the ability to generalize such information is crucial
for real-world applications such as robotics and au-
tonomous driving. We argue that VisRecall serves
as a suitable assessment standard for this challenge.

6 Conclusion

In this paper, we introduced KnowRecall and Vis-
Recall to systematically evaluate cross-lingual con-
sistency in MLLMs. Our experiments revealed
notable gaps across different languages, especially
in low-resource settings, highlighting the need for
more robust alignment. Key insights from our pa-
per include: (1) Models achieve higher consistency
within related language families; (2) Structured
chain-of-thought prompting improves consistency
by leveraging reasoning and translation capabili-
ties; (3) Text-only models often outperform mul-
timodal ones, indicating difficulties in integrating
visual memory. We hope these findings, along with
the proposed benchmarks, will catalyze further re-
search toward developing truly multilingual and
culturally attuned MLLMs.



Limitations

We constructed the KnowRecall dataset using Gem-
ini for translation. Given the extensive number of
language variants and the large volume of VQA
questions, it was impractical to double-verify every
translation. Consequently, some translation errors
may be present. We provide further discussion on
Gemini’s translation quality in Appendix F.

During evaluation on VisRecall, we observe that
shorter outputs tend to result in lower CLIPScore,
which make it challenging to compare absolute
scores across different models. For instance, two
Gemini models, despite their strong multimodal
and multilingual capabilities, exhibit unusually low
scores (Table 2). Given this limitation, we recom-
mend prioritizing consistency scores and compar-
ing CLIPScore only within related model families
while using VisRecall. We plan to improve this in
future iterations of our benchmark.

Furthermore, the “visual memory” framing of
VisRecall conflates several distinct sources of fail-
ure. When a model produces a poor description
in a given language (e.g., Arabic), it is difficult to
disentangle whether the failure stems from (1) lim-
ited generation capability in that language, (2) the
absence of visual knowledge about the landmark
itself, or (3) an inability to associate the landmark’s
name with its visual appearance across languages.
Our current benchmark does not isolate these fac-
tors, which means failures cannot be attributed ex-
clusively to the multimodal training gap. Designing
diagnostic probes that decouple linguistic compe-
tence, factual visual knowledge, and cross-lingual
name-to-appearance grounding is an important di-
rection for future work.
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A Related Work

Cross-lingual Consistency Qi et al. (2023) examined the cross-lingual consistency of factual knowledge
in multilingual pre-trained language models, finding that while larger models improve factual accuracy,
they do not enhance consistency. Similarly, Gao et al. (2024) explored the impact of multilingual pre-
training and instruction tuning on alignment, highlighting that their effectiveness depends on the chosen
strategy—where continued pre-training can benefit target languages but may come at the cost of others.
To address language performance disparities, Huang et al. (2024b) proposed a framework that aggregates
knowledge across languages, demonstrating improvements in multilingual LLM performance. Wang
et al. (2025) introduced a DPO-based (Rafailov et al., 2024) method to enhance knowledge consistency in
multilingual LLMs, showing its effectiveness on medical and commonsense QA datasets.

B Potential Solutions

Besides inference-time reasoning explored in Section 5.2, we also plan to experiment with several
additional directions to enhance benchmark performance in future work. For instance, DPO (Rafailov
et al., 2024) and GRPO (Shao et al., 2024) are promising techniques for bridging the performance gap
between English and other languages. Moreover, neuron-level interpretation and control (Sajjad et al.,
2022) has gained popularity as a research direction. Previous studies demonstrated the existence of
language-specific neurons controlling output languages (Kojima et al., 2024), as well as modality-specific
neurons controlling modality perception (Huang et al., 2024a) in LLMs. Inspired by these findings,
identifying and steering region-specific neurons in MLLMs (e.g., Japan-specific neurons) might enable
leveraging visual inputs to further narrow the cross-lingual performance gap.

C The List of Languages

We list the 15 languages selected in KnowRecall and the 9 languages selected in VisRecall in Table 4.

Name ISO-639 KnowRecall VisRecall
Arabic ar v v
Chinese zh v v
English en v v
French fr v v
German de v v
Greek el v X
Hebrew he v X
Italian it v v
Japanese ja v v
Korean ko v X
Portuguese pt v v
Russian ru v X
Serbian Sr v X
Spanish es v v
Thai th v X

Table 4: Languages and their corresponding language codes selected in KnowRecall and VisRecall datasets.



D Model Cards

We list the models used in the paper in this section.

D.1 Proprietary models
¢ Gemini-1.5-Pro (Gemini-Team et al., 2024):gemini-1.5-pro-002

¢ Gemini-2.0-Flash: gemini-2.0-flash-001
* GPT-40 (OpenAl et al., 2024): gpt-40-2024-11-20

D.2 Open-weight models
e LLaVA-1.5-7B (Liu et al., 2024):liuhaotian/llava-v1.5-7b

e LLaVA-OV-7B (Li et al., 2024):Imms-lab/Ilava-onevision-qwen2-7b-ov
* Pangea-7B (Yue et al., 2025):neulab/Pangea-7B

* Qwen2-7B-IT (Yang et al., 2024):Qwen/Qwen2-7B-Instruct

* Qwen2.5-7B-IT (Qwen et al., 2025):Qwen/Qwen2.5-7B-Instruct

¢ Qwen2.5-VL-7B-IT (Bai et al., 2025): Qwen/Qwen2.5-VL-7B-Instruct

e Cambrian-8B (Tong et al., 2024): nyu-visionx/cambrian-8b

InternLLM2.5-7B-Chat (Cai et al., 2024): internlm/internlm2_5-7b-chat

InternVL2.5-8B (Chen et al., 2025): OpenGVLab/InternVL2_5-8B

Llama-3-8B-IT (Grattafiori et al., 2024): meta-llama/Meta-Llama-3-8B-Instruct
e Llama-3.2-11B-V-IT (Grattafiori et al., 2024): meta-llama/LLlama-3.2-11B-Vision-Instruct

D.3 CLIP model
* Jina CLIP v2 (Koukounas et al., 2024): jinaai/jina-clip-v2
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E Qualitative Examples

E.1 KnowRecall with structured CoT

Figure 3 and Figure 4 present outputs from Gemini-2.0-Flash using structured CoT prompts.
w/o structured CoT prompt w/ structured CoT prompt (LOC) w/ structured CoT prompt (EN)

Question in Korean: B
OI0IXION 20l= A=2 M2+ Al

= o3H 4] B0
ch E S 08 220l BARSUN? The image shows a building with a dome and a clock tower, which are landmarks

A E=Ed¥ of the Bund in Shanghai. Therefore, the location is Shanghai, China.
B: R 2ot0t 33 28

C:cm 28 Translation into Chinese:

D: SOIXl 28 [B1R : B e BRI IRTE S R R K A H B MR SRIT SR 2

®I:A. hESRTT B.HEESRIT C. ZRIRTT D. EELTIRIT

Reasoning in Chinese:

XEKE 2 B MO F SRITR#E, — fifa), iZE2R G E A RESRITS
. HiZDARTT PERITERERTECHER SRIVTEAERH, ER
BEALAXTER, EEERTEEEN, higF A XTER, B, EREER
HRIE®RIT,

Final Answer:
{Ilanswer": IIBII}

1. The image shows a large, stately building with a dome and columns. The
architecture and the presence of a clock tower in the background suggest that it
is located in Shanghai, likely on The Bund. The building in question is the former
HSBC building.

2. Translation of the question:

Which bank occupied the building shown in the image during World War I1?
Translation of the options:

A. Bank of China B. Yokohama Specie Bank C. Bank of Tokyo D. Deutsche Bank

3. The image shows the former HSBC building on The Bund in Shanghai. During
World War II, Shanghai was occupied by the Japanese. Of the options provided,
the Yokohama Specie Bank (Yokohama Shokin Ginko) was a Japanese bank.
HSBC's assets were frozen and the bank placed under Japanese control.

4. {"answer": "B"}

Figure 3: A set of example outputs from Gemini-2.0-Flash on KnowRecall. The question is asked in Korean, while
the local language is Chinese.
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w/o structured CoT prompt w/ structured CoT prompt (LOC) w/ structured CoT prompt (EN)

Question in German: Taisha-zukuri
Das Gebaude im Bild ist das alteste
erhaltene Gebaude des Tempels. In
welchem Architekturstil ist es erbaut?
A: Kasuga-zukuri

B: Nagare-zukuri

Here's the breakdown:

1. Location Analysis:

The architecture and surrounding environment strongly suggest the building is
C: Irimoyazukuri located in Japan. The temple architecture with the specific roof style seen in the
D: Taisha-zukuri image is characteristic of Japanese shrines.

2. Translation to Japanese:

Question: EENEMIE. ZOF TRIGVRETIEMTT , ThIFEDLSLE
ExRATETOATOET M ?

Options: A. ZH3& B. ifii& C. ABEi& D. XK{t&

3. Reasoning in Japanese:
BYOBRROMEIRDE. FRELNEENHARDHEABEEIRTHSC
EROMNES LEAST. COBRMBABBEDBEFRATETONTVETS,

4. JSON Output:
{"answer": "C"}

1. Based on the image, the architecture style is likely from Japan. The building is
surrounded by trees, a typical setup for Shinto shrines.

2. Translation:

Question: The building in the picture is the oldest remaining building of the
temple. In which architectural style is it built?

A. Kasuga-zukuri B. Nagare-zukuri C. Irimoyazukuri D. Taisha-zukuri

3. Reasoning:

Looking at the image, the building has a gabled roof, but it's not asymmetrical like
in Nagare-zukuri. It also doesn't seem to have the distinctive features of
Taisha-zukuri or Irimoyazukuri. However, the building closely resembles the
Kasuga-zukuri style with its simple rectangular form and gabled roof.

4. Final Answer:
{"answer": "A"}

Figure 4: A set of example outputs from Gemini-2.0-Flash on KnowRecall. The question is asked in German, while
the local language is Japanese. Part of the reasoning process has been omitted for clarity.
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E.2 VisRecall
We present outputs from Qwen2.5-VL-7B-IT in Figure 5.

Batalha Monastery

5-20 Filtered Landmark Images

™ o

A

Describe Visually in Portuguese (LOC)

A fachada principal do Mosteiro da Batalha é imponente, com uma
torre central alta e esguia que se eleva acima das outras estruturas. A
torre é feita de pedra cinza, com detalhes em branco nas janelas e no
topo. As paredes do mosteiro sdo feitas de pedra cinza, com algumas
partes em pedra vermelha. O telhado é feito de telhas de barro, com
uma cor marrom-avermelhada. O ambiente ao redor do mosteiro é
verde e exuberante, com arvores altas e arbustos densos. H4 um
pequeno riacho que corre ao lado do mosteiro, com agua cristalina e
correnteza suave. O céu estd nublado, com nuvens cinzas e pesadas
que cobrem o sol. A luz do dia é fraca, criando sombras longas e
profundas nas paredes do mosteiro.

2
Aqui est4 uma descrigao visual do Mosteiro da Batalha:
O Mosteiro da Batalha é uma constru¢io monumental de pedra, com
suas paredes grossas e robustas que parecem ter sido moldadas pelo
proprio tempo. A estrutura é composta principalmente de blocos de
arenito, um material que ganha uma tonalidade amarela quando
exposto a luz do sol, criando um contraste atraente com as sombras
escuras que se projetam sobre ele.
As torres do mosteiro so altas e imponentes, com telhados de telha
vermelha que contrastam com o céu azul. As janelas s@o estreitas e
retangulares, permitindo que a luz entre em pequenas quantidades,
criando um ambiente misterioso e quase sagrado.
O interior do mosteiro é uma mistura de luz e sombra, com a luz do
sol brilhando através das janelas, iluminando os detalhes da
arquitetura. O chdo é coberto por ladrilhos de pedra, que tém uma
textura rugosa e desgastada, refletindo a passagem do tempo.
A vegetacdo circunda o mosteiro, com arvores e arbustos que
crescem ao redor, criando uma sensacdo de harmonia com a
natureza. O verde das folhas se mistura com as cores mais quentes
da pedra, criando uma paleta de cores vibrante e atraente.
A atmosfera do mosteiro é de serenidade e tranquilidade, mas
também de poder e majestade. E como se cada pedra tivesse uma
historia a contar, cada janela tivesse um olhar para o passado, e cada
arvore tivesse uma conexio com a natureza. £ um lugar que convida
o visitante a parar, a respirar, a apreciar a beleza do momento
presente.

PT CLIPScore

1: 0.879 2:0.895

Describe Visually in Arabic (GLO)

luemie ol oy Al ) RN e AV 5 (8 Ll Ailaie (B oy pda oLy 5 eIl o
AgaSla¥) & lanall 5 A saig pualinll G ana (g1 3 )

ol el e de siias et saeel day )l (o Gl T At )l Aeal sl Sy
e i a5 col gl (b il LS 5ad a1 Candlly laie 5 S A8 pe i Gl 5 oY)
Jlaall s saidl (e Toa paall

Figh & U Jiay pea) el 30 Jpalial) (mny qn ety saad) o5l Ui 5 )
liaall s i Y 5a s (2] Lty i s2igll

Al oLl Ly Sy Laa ccplall 5 Ganll 5 5l yaall b el 8 ariiiasd) o) sall
Adlaid)

Leadans Bl Jlaa e 2 s Las Aldagaall Jladl s 435S0 U Jadi jally Aaadl) 2d)
ASudly ¢ sl e 3
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Description — (PT translated to EN)

The Batalha Monastery is an imposing architectural structure, built
primarily with white limestone, which contrasts sharply with the
green of the surrounding trees. The main facade of the monastery
features a large Gothic portal, with arches supported by slender and
detailed columns, and a tympanum decorated with reliefs. The
building has several towers, some with red-tiled roofs, while others
are covered with ceramic tiles. The windows are narrow and
rectangular, with stone frames that stand out against the white of
the limestone. The interior of the monastery is vast and houses
several rooms, including the main chapel, which is notable for its
height and width, with stone walls and a wooden ceiling. The floor is
covered with stone tiles, and the walls are lined with colorful tiles.
Natural light enters through the windows and openings in the walls,
creating a somber and mysterious atmosphere. Around the
monastery, there is a vast garden with leafy trees and shrubs, which
provide a counterpoint to the rigidity of the building's walls. The site
is surrounded by a high stone fence, which protects the monastery
and marks its presence in the landscape. In addition, there is a small
stream running near the monastery, adding a touch of nature to the
setting.

Here is a visual description of the Batalha Monastery: The Batalha
Monastery is a monumental stone construction, with its thick and
robust walls that seem to have been shaped by time itself. The
structure is primarily composed of sandstone blocks, a material that
gains a yellowish hue when exposed to sunlight, creating an
attractive contrast with the dark shadows cast upon it. The towers
of the monastery are tall and imposing, with red-tiled roofs that
stand out against the blue sky. The windows are narrow and
rectangular, allowing light to enter in small amounts, creating a
mysterious and almost sacred atmosphere. The interior of the
monastery is a mixture of light and shadow, with sunlight streaming
through the windows, illuminating the architectural details. The
floor is covered with stone tiles, which have a rough and worn
texture, reflecting the passage of time. Vegetation surrounds the
monastery, with trees and shrubs growing around it, creating a
sense of harmony with nature. The green of the leaves blends with
the warmer tones of the stone, creating a vibrant and attractive
color palette. The atmosphere of the monastery is one of serenity
and tranquility, but also of power and majesty. It feels as if each
stone has a story to tell, each window offers a glimpse into the past,
and each tree has a connection to nature. It is a place that invites
the visitor to pause, to breathe, to appreciate the beauty of the
present moment.

Description — (AR translated to EN)

1
The Batalha Monastery is a massive structure located in the Batalha

region of the state of Maharashtra, India. The monastery is known
for its unique design that combines both Hindu and Islamic
architectural elements. The monastery is distinguished by its main
facade, which consists of four massive columns made of white
limestone, supporting a large dome covered in gold. The dome
appears to float in the air, adding an aura of magic and beauty to the
monastery. The monastery is painted in red and white, with some
blue details. Red represents fire in Hindu architecture, while white
symbolizes purity and clarity. The materials used for construction
are limestone, plaster, and clay, reflecting the traditional building



2)943 S Cheay i e (Kl ) g oL il Y ¢ gami 20 LiseS o) 3o
il
AV 5 4 VUL dilaie (g 0y (st (A0 ) alae 58 Ll 0 oy Aaplall B (3
Angd @l jla e
G el e g sing s il sk sae e lly (il (5 pad) saall e pdm ol sa pall
st abend ) ol G A ra Ll (B sam s ) Sl ey 3855 Gl )
Bl s
alal 3t A a5 ) puadl) Ll 5 488K Sl e le yally Japmy (531 Lagaall
Adline o) slly 58 5 a1 sati Sum ¢l
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o3 oy Al paii (Al cililiall 5 et o cdy Ansmall daplal) Jlan oy ol
Lol alad) 138 e 5 S ALK 6 saglly Blially Al 5 ) gaall

AR CLIPScore

1: 0.629 2:0.731

techniques of the region. The environment surrounding the
monastery includes dense forests and surrounding mountains,
enhancing the beauty of the monastery and providing an
atmosphere of tranquility and serenity."

2 . .
Sorry, as a text assistant, I cannot create images. However, I can

provide a descriptive visual portrayal of the Batalha Monastery: In
the heart of nature, lies the Batalha Monastery, a historical Hindu
landmark located in the Patala region of Gujarat, India. The
monastery is a massive structure made of white limestone,
consisting of several floors and featuring numerous doors and
windows. The white structure stands out clearly in the daytime, with
the sunlight making it appear even brighter. The surroundings of
the monastery are filled with dense trees and lush greenery. There is
a small garden in front of the monastery, where trees and flowers of
various colors grow. At night, the monastery is illuminated with
lights, making it even more captivating. Red, blue, and green lights
appear on the main fagade of the monastery, adding an aura of
charm and beauty. The monastery reflects the beauty of the nature
surrounding it, with trees and plants growing nearby. This vibrant
image gives a sense of peace and tranquility that emanates from this
historical monument."

Describe Visually in English

1The Batalha Monastery, located in Portugal, is an impressive
structure with a complex architectural design. Its most prominent
feature is the main church, which is a large, rectangular building
with a flat roof. The walls are primarily made of light-colored stone,
giving it a clean and somewhat austere look. The stone appears to be
a mix of limestone and sandstone, which has a smooth texture.
The monastery's architecture incorporates several distinct towers,
each with a different shape and height. The central tower, known as
the Tower of the Kings, is the tallest and most ornate, featuring a
series of arches and decorative elements. It is topped with a conical
roof covered in tiles. Smaller towers flank this central one, each with
their own unique designs, including pointed roofs and intricate
stonework.
The facade of the church is adorned with various statues and
sculptures, primarily depicting religious figures and scenes from the
Bible. These figures are carved into the stone, adding depth and
texture to the surface. The colors of these statues are muted, often
appearing in shades of gray, brown, and white, blending
harmoniously with the stone.
The monastery is surrounded by a lush green landscape, with trees
and shrubs providing a natural contrast to the hard lines of the stone
structures. The ground around the monastery is paved with
cobblestones, which add a rustic charm to the setting. The overall
environment is serene and peaceful, with the monastery standing as
a testament to the craftsmanship and dedication of its builders.

EN CLIPScore

1: 0.965 2:1.009

As you approach Batalha Monastery, the first thing that strikes you is
the sheer scale and grandeur of the structure. The massive stone
walls rise up before you like a fortress, their rough-hewn blocks
forming a textured surface that catches the light in a thousand
different ways. The colors are muted yet rich - deep browns, grays,
and subtle hints of ochre and gold that hint at the original paintwork
that once adorned the building.

The monastery itself is a complex of buildings, each with its own
distinct character. The main church, the Igreja de Sao Francisco de
Paula, dominates the scene with its soaring Gothic arches and
pointed spires. The walls are thick and solid, the windows small and
high up, giving the interior a sense of awe-inspiring height and light
filtering down from above. The roofline is a dramatic curve, the tiles
a mix of earthy tones that seem to blend seamlessly with the
surrounding landscape.

To the side of the church stands the Convento de Cristo, a smaller
but no less impressive structure. Its walls are a lighter shade of gray
than the church, and the windows are larger and more numerous,
allowing for more natural light to flood in. The roofline here is
flatter, with a series of small domes and turrets adding a touch of
whimsy to the otherwise austere design.

The monastery sits atop a hill, surrounded by lush greenery that
seems to stretch out forever. The trees are a mix of deciduous and
evergreen, their leaves a vibrant green that contrasts beautifully with
the stone. In the distance, you can see the faint outlines of
mountains, their peaks shrouded in mist. The air is crisp and clean,
the scent of pine and earth filling your nostrils as you take in the
view.

As you walk around the monastery, you notice the intricate carvings
and sculptures that adorn the walls and columns. The figures are
lifelike, their expressions full of emotion and detail. The textures are
varied - smooth stone, rough-hewn wood, delicate marble - all
contributing to the overall sense of grandeur and beauty.

The setting is peaceful and serene, the only sounds being the rustling
of leaves in the breeze and the occasional chirp of a bird. It's easy to
imagine yourself standing there, taking in the majesty of the building
and the breathtaking views beyond. The colors, textures, and
materials of the monastery come together to create a truly
unforgettable experience, one that lingers long after you've left it

Figure 5: A set of example outputs from Qwen2.5-VL-7B-IT on VisRecall. The local language is Portuguese.
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F Gemini Translation Quality

To evaluate Gemini’s translation quality on KnowRecall, we conducted three binary human annotation
tasks focusing on the English-to-X translation direction. We adopted a three-level scoring rubric (1-3) to
assess translation quality across three dimensions: Language Identification, Fluency, and Relevance. The
evaluation was carried out by a professional annotation company. For each English—X language pair, we
randomly sampled 100 questions for assessment. The results are presented in Table 5.

1. Language Identification

Evaluates whether the question and answer choices are translated into the correct target language.
* Level 1: Two or more parts of the question and/or answer choices are translated into a different language.
* Level 2: Only one part of the question or answer choices is translated into a different language.

* Level 3: The question and all answer choices are translated into the correct language.

2. Fluency

Evaluates grammatical correctness and naturalness of expression in the target language.
* Level 1: Two or more parts contain grammatical errors and/or use vocabulary that is unnatural in the local context.
* Level 2: One part contains a grammatical error or unnatural vocabulary.
* Level 3: The question and all answer choices are grammatically correct and use natural expressions.

3. Relevance

Evaluates whether the translated content remains semantically aligned and contextually appropriate with
respect to the original question and answer choices.

e Level 1: One or more parts of the question, the correct answer choice, or two or more parts overall are semantically
misaligned or contextually inappropriate.

* Level 2: Only one of the three incorrect answer choices (excluding the correct answer) is semantically misaligned or
contextually inappropriate.

* Level 3: The question and all answer choices are semantically aligned and contextually appropriate.

Table 5: Percentage of level 1-3 ratings per language and metric (%).

Language ID Fluency Relevance
Language |L1 L2 L3|L1 L2 L3|Ll L2 L3
Arabic 0 2 98|13 20 67|20 28 52
Chinese 2 3 955 17 78 3 0 97
French 2 1 9721 34 45|33 0 67
German 4 0 9| 1 1 98| 2 O 98
Greek 1 1 98| 8 71 21| 8 52 40
Hebrew 1 1 98] 2 9 8| 5 1 9%
Italian 0 0 10025 39 36| 2 0 098
Japanese 0O 1 99| 6 39 55|10 3 87
Korean 0O 3 97| 0 14 8| 2 0 98
Portuguese | 0 0 100|22 56 22| 0 O 100
Russian 0 0 100|211 2 77|13 0 87
Serbian 0 0 100 1 19 8| 8 2 90
Spanish 0 O 10018 44 38| 0 1 99
Thai 2 6 92| 4 53 43| 6 11 83
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Table 5 shows that Gemini achieves near-perfect language identification across all languages (=>92%
Level-3, and 100% for several cases), indicating that it reliably adheres to the specified target language
without unintended language switching. Fluency, however, varies substantially across languages, suggest-
ing that generation quality remains language-dependent; nevertheless, these grammatical imperfections
are unlikely to substantially affect our VQA evaluation, as modern MLLMs are generally robust to minor
surface-level errors when semantic content is preserved. Relevance scores are overall strong, supporting
the precision of our dataset construction pipeline, but lower performance in Arabic and Greek indicates
that semantic drift still occurs in certain languages. This suggests that multilingual capability in large
models remains uneven and may further degrade when extended to lower-resource languages.

F.1 Language Identification Error
English Original:

Question:

Considering the coastal location depicted, what type of fermented seafood is a local delicacy?
Options:

A. fugu | B. kusaya | C. uni | D. ikura

Chinese Translation:

Question:
ZEB TR E, S 4R BEREEE?
Options:

A VK IB. < &R 1C. iEE 1 D. iy

In this case, the option “B. kusaya” was transliterated into Japanese (< & %), rather than being
properly translated into Chinese ().

F.2 Relevance Error
English Original:

Question:

The location shown in the image houses the remains of over 235,000 individuals. What was this
site originally designed to accommodate?

Options:

A. Victims of plagues | B. London’s deceased | C. British monarchs | D. Unidentified bodies

Chinese Translation:

Question:
B R S ACE BT 235,000 ARRY - M S S PIEE R A
Options:

AREZEE | B ACTUEE | C. KEE E 1D, HH AN &

In this example, the verb “accommodate” was not accurately translated. In the context of burial sites,
the appropriate Chinese term would be “Z*ZE” (to bury), yet this nuance is missing from the translation.

15



G Impact of Translation Models on VisRecall Evaluation

To verify the suitability and robustness of our evaluation framework for VisRecall, we re-evaluated all
models by changing the translation model from Gemini-1.5-Pro to GPT-40. As shown in Table 6, the
impact of the translation model on evaluation results is minimal, with an average gap of only 0.003 for
LOC and GLO accuracy, and 0.0007 for Consistency. This demonstrates the reliability and effectiveness

of our evaluation method.

Model EN LOC GLO  Consist.
Llama-3-8B-IT (Gemini) 0.8192 0.7918 0.7503  0.958
Llama-3-8B-IT (GPT-40) - 0.8065 0.7678  0.961
Cambrian-8B (Gemini) 0.7686 0.7349 0.6972  0.938
Cambrian-8B (GPT-40) - 0.7385 0.7025  0.939
InternLM2.5-7B-Chat (Gemini) 0.8152 0.7803 0.7422  0.954
InternL.M2.5-7B-Chat (GPT-40) - 0.7852 0.7468  0.956
InternVL2.5-8B (Gemini) 0.7986 0.7672 0.7368  0.955
InternVL2.5-8B (GPT-40) - 0.7679 0.7390  0.955
Qwen2-7B-IT (Gemini) 0.8276 0.8011 0.7733  0.966
Qwen2-7B-1T (GPT-40) - 0.8027 0.7742  0.966
Pangea-7B (Gemini) 0.7940 0.7710 0.7459  0.962
Pangea-7B (GPT-40) - 0.7743 0.7478  0.962
Qwen2.5-7B-IT (Gemini) 0.7887 0.7852 0.7551  0.960
Qwen2.5-7B-IT (GPT-40) - 0.7884 0.7570  0.960
Qwen2.5-VL-7B-IT (Gemini) 0.8030 0.7891 0.7591  0.964
Qwen2.5-VL-7B-IT (GPT-40) - 0.7911 0.7617  0.965
Gemini-1.5-Pro (Gemini) 0.7492 0.7388 0.7216  0.961
Gemini-1.5-Pro (GPT-40) - 0.7408 0.7222  0.961
Gemini-2.0-Flash (Gemini) 0.7571 0.7492 0.7336  0.963
Gemini-2.0-Flash (GPT-40) - 0.7508 0.7344  0.963
GPT-40 (Gemini) 0.8014 0.8049 0.7930  0.975
GPT-40 (GPT-40) - 0.8070 0.7942  0.976

Table 6: CLIPScore and Consistency for each model using Gemini-1.5-Pro (first row) and GPT-40 (second row) as

the translation model. EN scores are shared.
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H Prompt Templates

H.1 Prompts used in KnowRecall

We show the prompt for VQA generation in Table 7 and the prompt for VQA translation in Table 8.
Structured CoT prompts used in Section 5.2 are shown in Table 9 and Table 10.

Here is a Wikipedia article related to this image:
{{ wiki_context }}

Write 5 multiple choice question answer pairs which require both the image and the Wikipedia article.
The question answer pairs should satisfy the following criteria.

1. The question should refer to the image.

2. The question should avoid mentioning the name of the object in the image.

3. The question should be related to the Wikipedia article. However, don't include phrases like
"according to the article” and "mentioned in the article” in the question.

4. The question should be culturally relevant.

5. The question that is too straightforward and can be answered solely by observing the image (e.g.,
"Given the snowy conditions depicted, during what season was this photograph likely taken?" is invalid).
6. The question must be answerable even without the multiple-choice (e.g., "What song is not performed
by this musician” - not answerable if you don't know the choices).

7. The answer should be extracted from the Wikipedia article.

8. The answer should not be any objects in the image.

9. The answer should be a single word or phrase.

10. You will also need to provide 1 correct option and 3 other incorrect options (distractors). For the

distractors, choose options that are relevant, not obvious wrong answers.
Give the answers in the following JSON format and make sure to only output a valid JSON.

L

"question”: <question>,
"answer": <answer>,
"options": [

<option 1>,

<option 2>,

<option 3>,

<option 4>,

}’

Table 7: Prompt for VQA generation.
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Here is a VQA question-and-answer pair generated from an English Wikipedia article.

{{ vaa 3}

Translate the question-and-answer pair into {{ target_lan }} in the exact same JSON format as the
original, including translations of all four options.
{
"question”: <question>,
"answer": <answer>,
"options": [
<option 1>,
<option 2>,234
<option 3>,
<option 4>,

Table 8: Prompt for VQA translation.

Question:
{{ question }}

Options:
{{ choices_str }}

Follow the instructions below step by step to answer the question:

1. Carefully analyze the given image to determine its location as accurately as possible.

2. Translate the user's question and 4 options into the primary local language of the identified location.
3. Reason in the translated language to determine the correct answer.

4. Output your final choice (A, B, C, or D) in the following JSON format:

{

"answer”: "X" ,

b

Table 9: Structured CoT (LOC) prompt.

Question:
{{ question }}

Options:
{{ choices_str }}

Follow the instructions below step by step to answer the question:

1. Carefully analyze the given image to determine its location as accurately as possible.
2. Translate the user's question and 4 options into English.
3. Reason in English to determine the correct answer.
4. OQutput your final choice (A, B, C, or D) in the following JSON format:
{
"answer”: "X",
}

Table 10: Structured CoT (EN) prompt.
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H.2 Prompts used in VisRecall

We show the prompts for description generation in Figure 6 and the prompt for description translation in
Table 11.

Translate the following landmark description into English and provide the output in the specified
JSON format. Ensure that the translation is precise, with no loss of meaning, no added
interpretations, and no unnecessary embellishments.

Input:
{{ description }}

Output Format:
{

"translation”: "Translation in English”

}

Table 11: Prompt for description translation.
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Arabic:

1.

& >l Lghwll o9 {{ landmark name }} asiwl .a dacoll @wly oslgs awals algll Wbl Jle S, . Juadidl
39,350 clalS)l iy @dls olosles ol S 91 LAk Slw i

3929 ‘o_,.ml.m syl Jal {{ landmark name }} e S, .oy oolall il sbxdl aal 6,90 pw)y NS o
byl gz i L ddl il Juolill e dazell elsxVl s dglSd % Ll dlsally Gualally GlsiVly SISV
usuall pleall 2> e egiall S5 e blaall adladl ol asy,l.

Chinese:

1.

2.

R ({ landmark_name }} B9, ERXTEHRR. A, Rt MEUREAERR. HFABERE. XILHE
RER, BREREIHEIRT,

WL (( landmark name }} BIMERFZSHIIFR, FHEEERHAHRMEZL. TETHREEMHNR. BE. Rt
MM, FHEIAFNMEATRERENTE. SRR ERRN X T, BRRERKEIXH5 B,

English:

1.

2.

Describe the physical appearance of {{ landmark name }} in detail. Focus on its shapes,
colors, textures, materials, and the surrounding environment. Exclude any historical,
cultural, or background context, and avoid embellishing words.

Transport the reader directly into the presence of {{ landmark_name }} by crafting a vibrant
portrait of its physical form and setting. Focus on the shapes, colors, textures, and
materials that define its structure, and evoke the surrounding atmosphere through purely
visual details. Avoid all historical or cultural references to keep the spotlight on the
landmark's tangible essence.

French:

1.

Décrivez en détail 1l'apparence physique de {{ landmark name }}. Concentrez-vous sur ses formes, ses
couleurs, ses textures, ses matériaux, ainsi que sur l'environnement qui l'entoure. Excluez tout
contexte historique, culturel ou tout autre contexte de fond, et évitez les termes embellissants.
Transportez le lecteur directement dans la présence de {{ landmark name }} en créant un portrait
vivant de sa forme physique et de son environnement. Concentrez-vous sur les formes, les couleurs,
les textures et les matériaux qui définissent sa structure, et évoquez l'atmosphére environnante a
travers des détails purement visuels. Evitez toute référence historique ou culturelle afin de
maintenir l'attention sur l'essence tangible du monument.

German:

1.

Beschreibe das &uBere Erscheinungsbild von {{ landmark name }} detailliert. Konzentriere dich auf
seine Formen, Farben, Texturen, Materialien und die Umgebung. SchlieBe jeglichen historischen,
kulturellen oder sonstigen Hintergrund aus und verzichte auf schmiickende Worte.

Versetze die Leser direkt in die Gegenwart von {{ landmark name }}, indem du ein lebendiges Portrat
seiner physischen Form und Umgebung zeichnest. Konzentriere dich auf die Formen, Farben, Texturen
und Materialien, die seine Struktur definieren, und rufe die umgebende Atmosphare durch rein
visuelle Details hervor. Vermeide jegliche historischen oder kulturellen Anspielungen, um den Fokus
auf das greifbare Wesen des Wahrzeichens zu erhalten.

Italian:

1.

Descrivi in dettaglio l'aspetto fisico di {{ landmark name }}. Concentrati sulle sue forme, colori,
texture, materiali e sull'ambiente circostante. Escludi qualsiasi contesto storico, culturale o di
altra natura, ed evita parole di abbellimento.

Trasporta il lettore direttamente nella presenza di {{ landmark_name }} realizzando un ritratto
vivido della sua forma fisica e dell'ambientazione. Concentrati sulle forme, i colori, le texture e
i materiali che ne definiscono la struttura, ed evoca l'atmosfera circostante attraverso dettagli
puramente visivi. Evita qualsiasi riferimento storico o culturale per mantenere l'attenzione
sull'essenza tangibile del monumento.

Japanese:

1.

{{ landmark name }} ONEBRZFHLHEELTIETW, K. B, B £, SLUVAROREICERZHTTL
TV EEM. XK. I ERICETIXARISINTHRA L. EMMBSEEITTI LI,

V&% ({ landmark name }} OFERANEES|TAA. TOMENAFRCBBEZHCMHEIHLTILETW, #E
ZERTHIHR B BR EMICESEZY T, MRIRENG T Tz B L TABOFHEKEFUEILET, SN
R—VDBEROFRBICEREZ L TR, BENFIIUENAERISIRTEFI T T,

Portuguese:

1.

Descreva em detalhes a aparéncia fisica de {{ landmark name }}. Foque em suas formas, cores,
texturas, materiais e no ambiente ao seu redor. Exclua qualquer contexto histérico, cultural
ou de fundo, e evite palavras de embelezamento.

Transporte o leitor diretamente para a presenca de {{ landmark_name }} elaborando um retrato
vibrante de sua forma fisica e ambientacdo. Foque nas formas, cores, texturas e materiais que
definem sua estrutura, e evoque a atmosfera circundante por meio de detalhes puramente
visuais. Evite quaisquer referéncias histéricas ou culturais para manter o foco na esséncia
tangivel do marco.

Spanish:

1.

Describe en detalle la apariencia fisica de {{ landmark_name }}. Concéntrate en sus formas,
colores, texturas, materiales y el entorno que lo rodea. Excluye cualquier contexto
histérico, cultural o de fondo, y evita palabras ornamentales.

Transporta al lector directamente a la presencia de {{ landmark _name }} elaborando un retrato
vibrante de su forma fisica y entorno. Concéntrate en las formas, colores, texturas y
materiales que definen su estructura, y evoca la atmésfera circundante a través de detalles
puramente visuales. Evita cualquier referencia histdérica o cultural para mantener el enfoque
en la esencia tangible del monumento.

Figure 6: Prompts for description generation.

20



