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We have included supplementary material to facilitate a
more comprehensive understanding and in-depth analysis of
the primary paper. The supplementary material is organized
as follows:
• Section A: Related Works
• Section B: Details of Dataset Collection
• Section C: Details of SUPERGLASSES
• Section D: Details of SUPERLENS
• Section E: Details of Evaluation
• Section F: More Experimental Results

A. Related Works
A.1. Retrieval-Augmented VQA
Retrieval-augmented Visual Question Answering (RA-
VQA) [12] extends knowledge-based VQA by coupling
visual grounding with external retrieval from text cor-
pora, KGs, or the open web (e.g., OK-VQA [20], A-
OKVQA [14], WebQA [2]). Methods span knowledge-
augmented transformers and RAG-enhanced LMMs to
agentic/tool-use frameworks (ViperGPT [16], CRAG-
MM [19]) that decide when to search, OCR, or compose
multi-step programs. Recent systems adopt multi-turn,
multi-hop policies that coordinate text–image retrieval and
unify retrieval–generation end-to-end, learning not only to
answer but to find, select, and justify evidence. Distinct
from smart glasses settings, targets often occupy a very
small portion of egocentric frames, making grounding and
retrieval more challenging; moreover, there remains a no-
table lack of RA-VQA datasets specifically designed for
smart glasses egocentric data.

A.2. Vision Language Model-based Agents
With the rapid advancement of large language models
(LLMs) [9, 22], multimodal agents have become increas-

*Equal contribution.
†Corresponding Authors: Wenqi Fan and Qing Li

ingly capable of perceiving, reasoning, and acting across
diverse modalities. Vision Language model (VLM)–based
agents [17] have progressed from tool-orchestration wrap-
pers to systems MLLM-based agents have evolved from
tool orchestrators (e.g., Visual ChatGPT [21], Hug-
gingGPT [15]) to systems that perceive–plan–act with
retrieval, using prompting policies and program syn-
thesis (ViperGPT [16]) to decompose goals and call
OCR/search/vision tools. Moving beyond static images,
device/UI agents operate real apps from pixels (AppA-
gent [23], SeeClick [4]), while embodied models (PaLM-
E [5], RT-2 [24]) couple perception with action. For
knowledge-heavy tasks, QA-Dragon [10] introduces a
query-aware dynamic RAG, routing across text/image re-
trieval for multi-turn, multi-hop evidence. However, a clear
gap remains: dedicated agentic stacks, purpose-built for
smart glasses’ egocentric inputs, are still lacking.

B. Details of Dataset Collection
To ensure broad visual diversity, we assembled a field
team of more than 20 contributors distributed across four
major cities spanning three continents. Each collector
was tasked with capturing high-resolution photographs
in supermarkets, cafés, museums, public transit hubs,
and other everyday settings, following a shared shot-list
that balanced lighting conditions, camera angles, and ob-
ject categories. Distinct from prior datasets, all images
were captured exclusively using three mainstream smart-
glasses platforms—Ray-Ban Meta, Xiaomi Smart Glasses,
and RayNeo AR glasses—rather than handheld phones or
DSLRs. This decision provides both device heterogene-
ity (different optics, sensors, and ISP pipelines) and sce-
nario fidelity, yielding data that is intrinsically aligned with
real smart-glasses usage. The collection took place across
varied times of day, weather conditions, and indoor/out-
door environments to further maximise visual diversity. Be-
fore entering the annotation workflow, all raw images were
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(b) Common question prefixes.

Figure A. Question/answer length distribution and question prefixes of SUPERGLASSES.

passed through a YOLO-based privacy filter1 to automati-
cally redact faces, license plates, and other sensitive infor-
mation that may inadvertently appear in in-the-wild capture.
The curated images were then uploaded to a central server
and annotated via a customised Label Studio2 interface with
task-specific templates and scripted quality checks.

Every annotation underwent a dual-review process (col-
lector → peer → project maintainer) to minimise label
noise, standardise taxonomies, and enforce cross-annotator
consistency. Category distributions were continuously
monitored, and targeted sampling was employed to reduce
long-tail imbalance. Collectively, these measures ensure
that the resulting dataset is diverse, privacy-preserving, and
faithfully representative of real-world smart-glasses VQA
scenarios.

C. Details of SUPERGLASSES

C.1. Statistic Analysis
Length distribution of questions and answers. Fig-
ure Aa shows the word-length distributions for all question
and answer pairs in SUPERGLASSES. Questions are typi-
cally concise and intent-driven, with a sharp peak around
7–10 words. In contrast, answers exhibit a much broader
and flatter distribution, often extending beyond 50 words
and occasionally reaching up to 100. This reflects the na-
ture of smart-glasses interactions, where users issue short
queries, but resolving them may require long-form reason-
ing, retrieval, or multi-hop tool usage. The distribution

1YOLO Model: https : / / github . com / ultralytics /
ultralytics

2Label Studio: https://labelstud.io

highlights the need for agents capable of handling both suc-
cinct visual prompts and compositional, evidence-grounded
answers.

Distribution of question prefixes. Figure Ab visualizes
the distribution of question openers in SUPERGLASSES
using a hierarchical sunburst chart. The vast majority
of queries begin with “what”, reflecting object-centric
and identity-focused information needs common in smart-
glasses usage. Other frequent prefixes include “how”,
“which”, and “where”, indicating procedural, choice-
based, and location-oriented queries. Notably, the chart
also reveals deeper branching structures, such as “what is”,
“how many”, and “where is”, capturing the compositional
nature of natural questions. This distribution highlights the
importance of handling a wide range of query intents—from
factual lookups to spatial grounding and comparative rea-
soning.

Distribution of common topics in questions and answers.
Figure Ba and Figure Bb present word cloud visualizations
of the most frequent content words appearing in questions
and answers within SUPERGLASSES. On the left, we ob-
serve that questions are heavily centered around visually
grounded entities such as building, flower, car, station, and
company, reflecting the egocentric nature of smart-glasses
interactions in daily environments. The right-side word
cloud shows that answers often contain semantic labels
like price, species, people, design, and water, indicating a
shift from visual recognition to external knowledge retrieval
and classification. Together, the two distributions highlight

https://github.com/ultralytics/ultralytics
https://github.com/ultralytics/ultralytics
https://labelstud.io


the dataset’s dual emphasis on visual object grounding and
multi-hop, knowledge-intensive reasoning.

C.2. Comparison with Other benchmarks
Early efforts such as WebQA [2] and InfoSeek [3] demon-
strated the feasibility of multi-hop or information-seeking
questions but were built on heterogeneous web crawls,
lacked any notion of where the salient object sits in the
frame, and provided no access to the underlying retrieval
traces—making systematic analysis of failure cases or tool
planning impossible. Subsequent benchmarks (MRAG-
Bench [7], LIVEVQA [6], MMSearch [8], Dyn-VQA [11],
and CRAG-MM [19]) expanded linguistic coverage or in-
troduced live-update scenarios, yet they still rely on static
screenshots or curated news photos, treat the object’s spa-
tial footprint as a latent variable, and offer only “black-
box” evaluation of retrieval-augmented generation without
exposing the decision path.

Our SUPERGLASSES corpus addresses existing blind
spots by capturing egocentric frames directly from smart-
glasses users in real-world settings, precisely annotating ob-
ject coverage to enable spatially grounded reasoning, and
recording the full search and tool-usage trajectory to ensure
that every answer is traceable to its supporting evidence.
With comprehensive topical coverage across 14 distinct do-
mains and 9 fine-grained query categories, this framework
facilitates detailed result analysis, robust evaluation of re-
trieval and reasoning strategies, and realistic benchmarking
of multimodal agents operating under the perceptual and in-
teraction constraints of smart-glasses platforms.

C.3. Examples in SUPERGLASSES

Figures J, K, and L illustrate a four-hop example that
begins with a shelf photograph of Campbell’s soup cans.
The user asks “Which country is the renowned artist who
painted this item from?”. Answering requires chaining vi-
sual grounding with three successive text queries:
Hop 1: Visual grounding. An image-search engine links

the photo to the Wikipedia entry for Campbell’s,
confirming the product identity.

Hop 2: Artwork retrieval. A text search for the “famous
painting depicting Campbell’s” returns the article
on Campbell’s Soup Cans, a 32-canvas pop-art se-
ries.

Hop 3: Artist identification. A follow-up query reveals
that Campbell’s Soup Cans was painted by pop-art
pioneer Andy Warhol.

Hop 4: Nationality verification. Consulting Warhol’s bi-
ography shows he was an American artist, provid-
ing the target country.

This case highlights three core properties of SUPER-
GLASSES: (i) cross-modal grounding (image → text), (ii)
multi-document evidence aggregation across four hops, and

(iii) rich metadata (device, location, difficulty, etc.) that en-
able fine-grained evaluation of multimodal reasoning sys-
tems.

D. Details of SUPERLENS

D.1. Demand-Adaptive Answerer
As shown in Figure 4 of the manuscript, we instruct the
VLM to act as a domain router, identifying the domain
of each question–image pair for domain-specific reason-
ing. The domain-recognition prompts are shown in Fig-
ure C, which outlines the scenarios for each predefined do-
main. To enable demand-adaptive retrieval, the model must
also determine whether the question can be answered us-
ing its internal knowledge or requires external information.
The prompt guiding this decision is illustrated in Figure D.
Here, we employ chain-of-thought prompting to activate the
VLM’s reasoning capabilities fully. Specifically, the VLM
is instructed to identify precise object names in the image
and explain their relationships to elements referenced in the
question. If the VLM concludes that it has sufficient in-
formation to answer the question, it must present a com-
prehensive reasoning followed by the final answer. Con-
versely, if key information is missing, it should halt reason-
ing and trigger retrieval, which is subsequently handled by
the Dual-Lens Knowledge Retriever.

D.2. Dual-Lens Knowledge Retriever
Given an image-question pair (v, q), the retriever aims to
extract complementary external knowledge by decompos-
ing the retrieval process into two parallel pathways: a visual
lens and a textual lens. First, a VLM-based Search Router
is utilized to decide whether retrieval should rely on visual
or textual signals, yielding two query sets:

O,Q = SearchRouter(v, q), (1)

where O = {o1, ..., oM} are visual objects referenced in
the input image and Q = {q1, ..., qN} are textual queiries
extracted from the orignal question.

For the visual branch, we employ an open-vocabulary
Object Detector (Grounding DINO [13]) to localize the re-
ferred objects: V = {vi = ObjectDetector(v, oi)|oi ∈ O}.
Each detected region vi is then used to index an image
search engine, retrieving HTML pages or snippets associ-
ated with visually similar images:

Hvis =

M⋃
i=1

Hvis
i , Hvis

i = ImageSearch(vi). (2)

Because textual queries may contain multi-hop reason-
ing, each query qi is further decomposed into sub-queries
by a Query Decoupler, yielding an expanded set Q′ =



(a) Common topics in questions. (b) Common topics in answers.

Figure B. The common topics in questions and answers of SUPERGLASSES.

Domain Router Prompt

System Prompt:
You are a visual assistant that identifies the question domain based on the query and image. The question domain
should be one of the following: [“Food”, “Shopping”, “Plant”, “Public Service”, “Culture”, ..., “Other”].

- Food: Questions about dishes, ingredients, nutrition, cooking methods, or the cultural/industrial origin of food
items.
- Shopping: Questions about consumer goods or published media—price, specifications, packaging, availability,
editions, or author/publisher details.
...
If you are not sure about the question domain, you should return “Other”.

User Prompt:
Given the <image> and query text: {query}.
Output your predicted domain in JSON format, like {“domain”: <domain>}

Figure C. The prompt used for domain recognition.

{q′1, ..., q′N ′}. After that, each sub-query is issued indepen-
dently to a text search engine, resulting in retrieved web-
pages:

Htxt =

N ′⋃
j=1

Htxt
j , Htxt

j = TextSearch(q′j). (3)

All retrieved webpages are merged into a unified set: H =
Hvis ∪ Htxt. In our setting, both image and text retrieval
are conducted using a SerpApi-powered search engine3, re-
stricted to trustworthy web sources.

A Webpage Reader (ReaderLM-v2 [18]) is then used to
parse raw HTML into clean, VLM-friendly text and seg-
ment it into manageable chunks: C = {c1, c2, ..., cL}. To

3SerpApi: https://serpapi.com

align retrieved chunks with the input pair (v, q), we com-
pute a weighted multimodal relevance score for each chunk
using a Multimodal Reranker [1]. Since the reranker cannot
jointly process both modalities at once, we evaluate rele-
vance against the image and the question separately:

S = {sl = w1·Reranker(cl, v)+w2·Reranker(cl, q)|cl ∈ C}
(4)

where sl is the relevance score of chunk cl with input (v, q);
w1 and w2 are modality-balancing weights (set to 0.4 and
0.6, respectively). Finally, we retain all chunks whose score
exceeds a threshold τs (default 0.6) and select the top-K
chunks as the final RAG context.



Direct Answer Generation Prompt

System Prompt:
You are a visual assistant tasked with addressing the user’s query for the image based on your inherent knowledge.
General Reasoning Guidelines:
1. Generate step-by-step reasoning to address the query using evidence from the image and your knowledge... Stop
reasoning once you have enough information to answer, or you find that necessary information is lacking.
2. In your reasoning, identify the exact object that the query is about by its exact name...
3. If the query involves multiple objects or relationships, dedicate one reasoning step to each object or relationship,
and then summarize the result in a final step.
4. If you find that necessary information is lacking, explicitly state: “I have no knowledge about
<lacking_knowledge>”

Domain Reasoning Guidelines:
...

User Prompt:
Given the <image>, please conduct step-by-step reasoning to address the query: {query}
Image metadata: The location of the image is {location}.
Output Format:
1. The exact name of the object in the image that the query is about is <specific_object_name>.
2. Then, ...
3. Therefore, the answer is ...
Output Summary in JSON format: {“reasoning”: <summary_reasoning_string>, “answer”: <answer>}

Figure D. The prompt used for direct answer generation.

E. Details of Evaluation
E.1. LLM-as-Judge
As shown in Figure E, we employ a structured evalua-
tor prompt to assess answer correctness via an LLM-based
evaluator, i.e., Qwen2.5-32B. The evaluator is instructed
to act as an expert QA judge and is given clear reasoning
guidelines. It determines whether a predicted answer is ac-
curate by comparing it against the ground truth, allowing for
surface-level variation (e.g., paraphrasing) as long as the se-
mantic content is preserved. The prompt enforces strict cri-
teria: missing key details or including incorrect information
results in a negative judgment. The output is a JSON ob-
ject with a single Boolean field, accuracy, which enables
consistent downstream aggregation and scoring.

E.2. Settings of Direct Answering
In the Direct Answering setting, we adopt a concise VQA
prompting scheme that forgoes chain-of-thought reason-
ing and external retrieval. The model is guided only by
a lightweight system prompt that constrains its behavior
(e.g., “You are a helpful assistant that answers questions
based on the provided image.”). During inference, we di-
rectly concatenate the encoded image and user query with
a brief user prompt (“Please give the answer within 1–2

sentences. Answer:”), which encourages the model to pro-
duce a short, image-grounded response relying solely on
its vision–language understanding and inherent knowledge.
To reduce stochasticity in next-token prediction, we set the
sampling temperature of all VLMs to 0.

E.3. Settings of Heuristic RAG
In the Heuristic RAG setting, we employ a straightforward
retrieval pipeline that relies solely on external search en-
gines, without incorporating any learned retrieval compo-
nents. For each user query, we directly submit the tex-
tual query to Google Search and collect the top-ranked web
snippets as candidate evidence. In parallel, the input im-
age is processed using Google Lens, which returns visually
similar webpages along with their associated metadata. All
retrieved webpages are then passed through the Webpage
Reader used in our SUPERLENS system to extract clean tex-
tual content. The resulting snippets are concatenated into a
lightweight context buffer and provided to the model with-
out any reranking, filtering, or structured reasoning. For
Text RAG, we use only the textual snippets retrieved from
the original query. For Image RAG, we use only the image-
relevant results returned by Google Lens. Overall, this
heuristic design approximates a naı̈ve “search-then-answer”
pipeline, allowing us to isolate how much performance can



Table A. Detailed scores on top-10 domains of SUPERGLASSES.

Model Plant Public
Service Food Shopping Translation Transport Culture Navigation Animal Education

Meta-Rayben Smart Glasses

LLaMA-3.2-11B 22.49 24.58 18.82 28.27 25.11 17.24 25.13 30.46 18.35 30.00
LLaMA-3.2-90B 34.32 33.00 26.20 34.60 34.04 26.11 33.51 35.06 25.32 37.50

RayNeo Smart Glasses

Qwen2.5-VL-3B 26.04 28.96 20.30 29.96 25.11 20.20 25.13 33.91 10.76 40.00
Qwen2.5-VL-7B 31.07 34.01 22.51 35.44 39.57 25.12 26.70 48.28 25.95 45.00
Qwen2.5-VL-32B 37.87 36.36 29.89 40.08 43.83 26.11 36.65 44.83 28.48 50.00
Qwen2.5-VL-72B 37.87 39.73 28.78 42.62 43.40 31.03 34.03 48.85 31.65 46.25

XiaoMi Smart Glasses

MiMo-VL-7B 26.63 25.93 20.30 28.69 21.70 15.76 27.23 32.76 18.35 37.50

Open-sourced VLMs

Phi-3-Vision-4B 18.34 19.53 15.13 18.57 16.60 11.33 16.23 21.84 11.39 27.50
InternVL3-8B 24.26 30.98 19.19 32.49 28.51 15.27 26.18 36.78 22.15 40.00
GLM-4.1V-9B 22.78 23.57 21.03 27.43 22.98 19.70 27.23 27.01 18.35 35.00
LLaVA-v1.5-7B 11.54 9.76 11.44 12.66 7.23 6.90 12.57 13.22 6.96 12.50
LLaVA-v1.5 -13B 13.61 10.44 12.55 16.03 5.11 9.36 14.66 12.07 9.49 15.00
LLaVA-Onevision-0.5B 10.65 16.50 12.92 18.14 7.66 12.81 14.14 16.67 13.29 25.00
LLaVA-Onevision-7B 19.82 21.21 15.87 24.47 17.45 16.26 20.42 31.61 14.56 36.25
DeepSeek-VL2-3B 17.46 20.54 17.71 21.94 16.60 18.72 19.37 29.31 15.19 35.00
DeepSeek-VL2-16B 24.26 23.23 21.03 28.27 21.70 18.72 24.08 32.76 17.09 33.75
DeepSeek-VL2-27B 23.08 28.96 21.77 31.65 25.53 17.73 26.18 33.91 18.99 40.00

Proprietary VLMs

GPT-4o 46.75 43.10 40.22 44.30 42.55 33.99 38.74 44.83 39.87 53.75
Claude 4 Sonnet 31.95 37.37 38.38 42.19 41.28 29.56 36.13 43.10 27.22 53.75
Gemini 2.5 Pro 40.83 46.13 42.80 46.41 38.30 41.38 39.79 48.85 36.08 53.75

Heuristic RAG

LLaMA-3.2-11B 14.50 15.49 14.02 24.89 15.32 14.29 19.90 20.69 10.76 36.25
LLaMA-3.2-11B 11.54 12.12 12.92 14.77 12.77 12.32 16.23 14.94 8.23 20.00
LLaMA-3.2-11B 12.72 10.77 14.39 16.46 14.04 13.30 19.90 19.54 9.49 26.25
Qwen2.5-VL-7B 15.09 19.87 19.19 21.52 20.00 13.30 20.94 26.44 12.66 41.25
Qwen2.5-VL-7B 16.57 15.15 15.50 17.72 17.87 13.30 17.80 19.54 10.13 26.25
Qwen2.5-VL-7B 16.57 17.17 14.39 21.10 17.87 12.32 19.37 20.69 12.03 26.25

SUPERLENS† (Ours)
33.43
↑10.94

36.03
↑11.45

32.10
↑13.28

48.52
↑20.25

33.62
↑8.51

33.00
↑15.76

40.31
↑15.18

48.28
↑17.82

36.08
↑17.73

41.25
↑11.25

SUPERLENS‡ (Ours)
39.64
↑8.57

47.47
↑13.46

34.32
↑11.81

47.68
↑12.24

51.91
↑12.34

38.42
↑13.30

38.74
↑12.04

56.90
↑8.62

34.81
↑8.86

56.25
↑11.25

be attributed to simple external retrieval signals versus more
advanced retrieval–augmented generation mechanisms.

F. More Experimental Results
In this section, we present the detailed scores of 26 leading
VLMs alongside our SUPERLENS across the top 10 image
domains (Table A) and 8 query categories (Table B). The re-
sults show that our method consistently achieves substantial
improvements across all evaluated scenarios. Notably, SU-
PERLENS‡ surpasses the performance of large-scale models
such as Gemini 2.5 Pro and GPT-4o, both estimated to con-
tain more than 400B parameters, on multiple domains and
query categories.

Table C presents detailed results across the Dynamism
and Reasoning Hops dimensions. We observe that both SU-
PERLENS† and SUPERLENS‡ achieve substantially larger
improvements in the Fast-Changing setting than in the
Static or Slow-Changing settings, highlighting the effective-
ness of our approach for queries whose answers shift rapidly
over time. Additionally, while LLaMA-3.2-11B with direct
answering performs poorly on 3-hop and 4-hop questions,
its performance improves markedly when augmented with
our method (SUPERLENS†), showing gains of more than
17% and 21%, respectively. This pattern indicates that SU-
PERLENS is highly capable of tackling complex, multi-step
questions even when the backbone model is relatively weak,



Evaluator Prompt

System Prompt:
You are an expert evaluator of question-answering systems.
User Prompt:
General Reasoning Guidelines: “Your task is to determine if a prediction correctly answers a question based on the
ground truth.”
Rules:
1. The prediction is correct if it captures all the key information from the ground truth.
2. The prediction is correct even if phrased differently as long as the meaning is the same.
3. The prediction is incorrect if it contains incorrect information or is missing essential details. “Output a JSON

object with a single field ‘accuracy’ whose value is true or false.”
Question: {query}, Ground Truth: {answer}, Prediction: {prediction}

Figure E. The prompt used for answer evaluation.

a capability largely attributable to the Query Decoupler and
the fine-grained RAG pipeline.

Furthermore, as table D shows, we selected the LLM-
as-judge metric for its consistency, scalability, and ability
to capture semantic meaning—advantages that conventional
measures such as lexical or embedding similarity often lack.
Meanwhile, we extend our metrics to include LLMs from
diverse families, hybrid LLM-based evaluation, and human
assessments to mitigate potential bias. Also, We have in-
corporated the suggested multilingual analysis, evaluating
performance on English (en), Chinese (zh), French (fr), and
Japanese (jp) in our main experiments, as shown in Table E

F.1. More Findings
Humans and vision language models often diverge in their
perception of question difficulty and the necessity of ex-
ternal retrieval. Tasks that appear easy for humans may
challenge models without additional context, while some
seemingly complex questions for humans are handled well
by models through memorized patterns. Notably, stronger
models like GPT-4o and Gemini 2.5 Pro rely less on re-
trieval, maintaining high accuracy even without external in-
put, suggesting greater internal world knowledge. In con-
trast, weaker models benefit more from retrieval but are also
more sensitive to irrelevant results.

F.2. Case Study
To better understand how our system behaves across dif-
ferent multimodal reasoning scenarios, we conduct a tar-
geted case study that examines both its successes and fail-
ures in real examples. Specifically, we present two success
cases and two failure cases to analyze the end-to-end deci-
sion process, from tool invocation to query decoupling to
evidence aggregation. The success cases highlight situa-
tions where the model accurately identifies the appropriate
retrieval modality (image search vs. text search) and con-

structs well-formed queries that lead to reliable answers. In
contrast, the failure cases reveal two major failure modes:
incorrect selection of the search tool and poorly structured
query decoupling. Together, these examples provide a fine-
grained, qualitative view of how the system makes deci-
sions, what it does well, and where the current limitations
lie.

F.2.1. Success Case
To illustrate how our system behaves under ideal conditions,
we present two representative success cases, each showcas-
ing a different but appropriate tool invocation strategy. In
the first case (Figure F), the model is asked to identify the
vehicle model from an image. The system first performs
precise visual grounding by extracting the relevant region
through object detection, and then issues an image-based
search query tailored to the cropped vehicle. This example
illustrates that the model not only selects the correct modal-
ity (image search instead of text search) but also constructs a
semantically faithful and discriminative query, enabling the
retriever to return the correct result for the “Honda Freed
Hybrid”.

In contrast, the second case (Figure G) demonstrates
a query whose answer is not visually observable, i.e.,
the number of founders of the Sushiro restaurant chain.
Here, the model successfully recognizes that the image pro-
vides insufficient information and therefore switches to text
search. It generates a concise and meaningful search query
(“Sushiro founders Hong Kong”) aligned with the question
intent, retrieves high-quality textual evidence, and produces
the correct answer (“two founders”). Together, these two
examples show that when the system correctly selects the
appropriate search tool, forms a well-structured query, and
extracts modality-specific evidence, it is capable of produc-
ing robust and accurate answers across heterogeneous ques-
tion types.



Table B. Detailed scores on query categories of SUPERGLASSES.

Model Aggregation Comparison Factual
Knowledge Multi-hop Reasoning Simple

Recognition
Spatial

Reasoning
Temporal

Understanding

Meta-Rayben Smart Glasses

LLaMA-3.2-11B 19.42 21.23 18.09 16.79 32.38 24.53 33.94 21.54
LLaMA-3.2-90B 26.62 32.88 26.50 23.80 38.95 34.08 38.53 32.31

RayNeo Smart Glasses

Qwen2.5-VL-3B 22.30 28.08 17.52 17.52 31.03 30.43 31.19 24.62
Qwen2.5-VL-7B 30.22 34.93 21.94 23.94 41.48 39.33 34.86 30.77
Qwen2.5-VL-32B 29.50 39.73 26.21 27.30 48.57 42.13 39.45 38.46
Qwen2.5-VL-72B 37.41 42.47 28.21 28.76 50.25 42.32 37.61 35.38

XiaoMi Smart Glasses

MiMo-VL-7B 25.18 27.40 16.67 15.77 29.51 29.12 35.78 27.69

Open-sourced VLMs

Phi-3-Vision-4B 12.23 27.40 11.68 11.09 24.79 18.63 24.77 21.54
InternVL3-8B 24.46 32.19 16.81 19.85 36.76 30.99 34.86 30.77
GLM-4.1V-9B 22.30 28.77 16.52 16.35 31.87 27.72 24.77 21.54
LLaVA-v1.5-7B 10.79 17.12 6.41 7.88 13.15 11.89 20.18 12.31
LLaVA-v1.5 -13B 13.67 20.55 7.98 8.03 13.49 12.17 24.77 20.00
LLaVA-Onevision-0.5B 13.67 17.81 7.98 8.18 16.69 16.57 18.35 18.46
LLaVA-Onevision-7B 20.86 30.82 13.53 14.45 26.14 23.69 34.86 30.77
DeepSeek-VL2-3B 17.27 28.08 11.54 11.39 26.64 23.69 26.61 24.62
DeepSeek-VL2-16B 23.74 30.14 14.67 15.62 29.51 29.96 27.52 24.62
DeepSeek-VL2-27B 29.50 34.93 22.22 19.85 34.57 32.96 37.61 32.31

Proprietary VLMs

GPT-4o 34.53 41.78 37.89 34.89 50.08 44.48 52.29 38.46
Claude 4 Sonnet 35.25 38.36 29.06 29.49 49.75 41.01 41.28 43.08
Gemini 2.5 Pro 41.73 51.37 38.18 38.39 50.25 45.13 43.12 36.92

Heuristic RAG

LLaMA-3.2-11B 11.51 17.81 12.68 11.97 23.27 19.76 22.02 26.15
LLaMA-3.2-11B 12.95 21.92 12.25 9.49 16.53 13.01 14.68 21.54
LLaMA-3.2-11B 15.11 25.34 12.68 9.64 18.21 14.61 14.68 26.15
Qwen2.5-VL-7B 16.55 20.55 13.82 12.12 27.15 22.94 16.51 24.62
Qwen2.5-VL-7B 12.23 19.18 13.82 10.07 20.57 17.04 15.60 23.08
Qwen2.5-VL-7B 12.23 20.55 13.68 9.78 20.57 18.63 19.27 23.08

SUPERLENS† (Ours)
27.34
↑7.92

43.84
↑22.61

37.61
↑19.52

30.80
↑14.01

42.16
↑9.78

36.99
↑12.46

43.12
↑9.18

32.31
↑10.77

SUPERLENS‡ (Ours)
39.57
↑9.35

45.89
↑10.96

36.47
↑14.53

34.74
↑10.80

52.28
↑10.80

49.34
↑10.01

44.95
↑10.09

44.62
↑13.85

F.2.2. Failure Case

In addition to the success examples, we further present two
failure cases (Figures H and I) to highlight the system’s fail-
ure modes and the underlying causes.

The first case (Figure H) illustrates a mis-selection of
the search tool. The question asks about a red symbol visi-
ble on a glass window. Instead of performing image-based
search, which is necessary because the symbol is visually
specific, hard to describe verbally, and not uniquely iden-
tifiable by text, the system mistakenly triggers text search
with the query “red sign meaning in Canada.” This textual
query is overly broad and semantically disconnected from
the object in the image, leading the retriever to return ir-

relevant knowledge about the “Canadian Red Ensign” flag.
This failure demonstrates that when the model misjudges
the modality of the problem and chooses the wrong retrieval
channel, even a formally well-constructed text query cannot
compensate for the mismatch between modality and infor-
mation need.

The second case (Figure I) showcases a different type
of failure: incorrect search query generation. The ques-
tion asks, “What other books has the author of this book
written?” The image clearly shows only the book cover
and bookshelf, meaning the system should first infer the
author’s name visually and then construct a clean, author-
centric search query. However, the model generates a noisy



Query: What is the model of this vehicle?

Reasoning:
1. The exact name of the object in the image that the query "What is the 

model of this vehicle?" is about is a car.

2. The car in the image appears to be a Toyota model, as indicated by 

the logo on the front.

3. The specific model cannot be determined from the image alone 

without more details such as the body style or additional features.

Therefore, the answer is:

{"reasoning": "The model of the vehicle in the image is a Toyota, but 

the specific model cannot be determined from the image alone."}

Decision: Need RAG

Tool Decision: Need Image Search, No need Text Search

Object Detection:

"html_search": [
{
"position": 1,
"title": " 𝙉𝙀𝙒 𝘼𝙍𝙍𝙄𝙑𝘼𝙇!   Discover Your Dream 
Ride ...",
"link": "https://www.facebook.com/kromecars/posts/-𝙉𝙀𝙒-𝘼𝙍𝙍𝙄𝙑𝘼𝙇-
discover-your-dream-ride-in-singapore-honda-freed-hybrid-15a-g-7-
se/721948503911114/",
"source": "Facebook",
"thumbnail": "https://encrypted-
tbn1.gstatic.com/images?q=tbn:ANd9GcTW-rzltcBS2bJo41Lg2Pec-
HN2H610GNQFJeTbejTtgAv_UDoA",
"thumbnail_width": 259,
"thumbnail_height": 194,
"image": 
"https://lookaside.fbsbx.com/lookaside/crawler/media/?media_id=7219
47653911199",
"image_width": 1600,
"image_height": 1200
}, …

Search Result:

Car

Evidence 1 with relevance 

score 0.88:

July 10 · 

Discover Your Dream Ride in 

Singapore!  

Honda Freed Hybrid 1.5A G 7-

Seater Honda Sensing  

Registered: 21/08/2020

Road Tax: $682/year

COE: $35,001

OMV: $29,003

ARF: $22,605

No. of Owners: 1

Key Features:

…

RAG Result:

Answer: The model of the vehicle is the Honda Freed Hybrid.

Evidence 2 with relevance 

score 0.88:

For sale Tokyo Japan 2009 

Honda Freed

======================

Mick Lay

Mick Lay 

11.2K subscribers

Subscribe

Subscribed

Reasoning: The evidence mentions the Honda Freed Hybrid 

model, which is described as a 7-seater with features like a 7-

speed DCT transmission and Honda Sensing technology.

Ground Truth: Honda Freed.

Figure F. Success case of using image search.

Query: How many founders founded Sushiro?

Reasoning:
1. The exact name of the object in the image that the query "How many 

founders founded Sushiro?" is about is Sushiro.

2. Sushiro is a Japanese restaurant chain.

3. The founders of Sushiro are not visible in the image.

4. I cannot determine the number of founders of Sushiro based on the 

image.

Therefore, the answer is:

{"reasoning": "I cannot determine the number of founders of Sushiro 

based on the image."}

Decision: Need RAG

Tool Decision: No need Image Search, Need Text Search

Search Query:

Search Result: Evidence 1 with relevance score 

0.94:

From Wikipedia, the free 

encyclopedia

Akindo Sushiro Co., Ltd. 

Sushiro headquarters

Company typeKabushiki gaisha

IndustryRetail (Japan)

Food service (other countries)

Founded October 23, 1984; 40 

years ago

Founder Yoshio Shimizu

Yutaka Shimizu

Headquarters: 564-0063

…

RAG Result:

Answer: Two people founded Sushiro.

Evidence 2 with relevance 

score 0.87:

QTS Scheme restaurant

SUSHIRO, founded over 30 

years ago, is the leading kaiten 

sushi chain in Japan, according 

to the Fuji Keizai Food service 

Industry Marketing Data Book 

2012 – 2022. Choose from an 

extensive menu with more than 

100 delightful options, 

including sushi and side dishes, 

all offered at reasonable prices.

Reasoning: The evidence states that Sushiro was founded by 

Yoshio Shimizu and Yutaka Shimizu, indicating that two people 

founded the company.

Sushiro founders Hong Kong

"html_search": [{
"position": 1,
"title": "Sushiro",
"link": "https://en.wikipedia.org/wiki/Sushiro",
"thumbnail": 
"https://serpapi.com/searches/68fcd0b56838633e892da973/..."",
"favicon": "https://serpapi.com/searches/...",
"snippet": "Founder, Yoshio Shimizu Yutaka Shimizu. Headquarters, 〒
564-0063 ....",
"snippet_highlighted_words": [
"Yoshio Shimizu Yutaka Shimizu"
],
"source": "Wikipedia"
},{
"position": 4,
"title": "FOOD & LIFE COMPANIES LTD. / Sushiro",
"link": "https://hk.linkedin.com/company/food-and-life-companies-ltd",
"favicon": 
"https://serpapi.com/searches/68fcd0b56838633e892da973/...",
"snippet": "Masahiro Yamamoto. CEO, FOOD & LIFE COMPANIES LTD. ; 
Elshinta Linsawati...”
"snippet_highlighted_words": [
"Masahiro Yamamoto. CEO, FOOD & LIFE COMPANIES LTD"
],
"source": "LinkedIn · FOOD & LIFE COMPANIES LTD. / Sushiro"
},

Ground Truth: 2.

Figure G. Success case of using text search.

Query: What does this red sign mean?
Reasoning:
1. The exact name of the object in the image that the query "What does 
this red sign mean?" is about is a red line on a glass window.
2. The red line on the glass window is likely a safety feature, such as a 
grab bar or a design element.
3. In many high-rise buildings, red lines on glass windows are often 
used as safety features to help people hold onto the glass in case of an 
emergency.
4. The red line could also be a design element, possibly part of the 
building's branding or aesthetic.
Therefore, the answer is:
{"reasoning": "The red line on the glass window is likely a safety 
feature, such as a grab bar or a design element."}

Decision: Need RAG

Tool Decision: No need Image Search, Need Text Search

Search Query:

Search Result: Evidence 1 with relevance score 0.85:

From Wikipedia, the free encyclopedia \n Canadian Red Ensign.svg

\n Red Ensign used from 1957 to 1965 \n UseCivil ensign \n 

Proportion 1:2 \n Adopted 1957 (earlier versions in 1892 and 1922) 

Relinquished 1965 \n Design A red field, featuring the Royal Union \n 

Flag in the canton "Canton (flag)"), defaced "Defacement (flag)") with 

the shield portion of the coat of arms of Canada.

RAG Result:

Answer: The red sign is the Canadian Red Ensign, a flag used as a 

nautical and civil ensign for Canada from 1892 to 1965.

Reasoning: The Canadian Red Ensign is a nautical flag and civil 

ensign for Canada, featuring the Royal Union Flag in the canton 

with the shield of the coat of arms of Canada, and it was used from 

1892 to 1965.

red sign meaning in Canada

Ground Truth: This red emblem is the Toronto CN Tower's logo.

"html_search": [{
"position": 1,
"title": "Canadian Red Ensign",
"link": "https://en.wikipedia.org/wiki/Canadian_Red_Ensign",
"favicon": 
"https://serpapi.com/searches/690da69bfbbeb5d069a23281/images/dfc
4c1e0b2efa28
5e4bcc2e36e1be59f382acf0293c303814462171c9fec9e26.png",
"snippet": "During the Second World War, the ensign saw use as symbol 
that represented
Canada's armed forces. In 1945, an order in council named the Canadian 
Red Ensign a \" ...",
"snippet_highlighted_words": ["represented Canada's armed forces"],
"source": "Wikipedia"
},{
"position": 8,
"title": "Fellow Ontarians, you see this sign, what do you do if ...",
"link": 
"https://www.reddit.com/r/ontario/comments/zufopi/fellow_ontarians_y
ou_see_this_sign_
what_do_you_do/",
"favicon": "https://serpapi.com/searches/690da69bfbbeb5d069a23281/i
mages/dfc4c1e0b2efa285e4bcc2e36e1be59fa49c64aeb9a8679bd97c100
06282e74c.png",
"snippet": "The sign is instructing you where to come"
}

Evidence 2 with relevance score 0.82:

Design A red field, featuring the Royal Union Flag in the canton 

"Canton (flag)"), defaced "Defacement (flag)") with the shield portion 

of the coat of arms of Canada.

The Canadian Red Ensign served as a nautical flag and civil ensign for 

Canada from 1892 to 1965, and later as the …, emblazoned with the 

shield of the coat of arms of Canada.

Figure H. Failure case caused by incorrect search tool selection.



Table C. Detailed scores on dynamism and hop dimensions of SuperGlasses.

Model Serach Type Dynamism Reasoning Hops

Static Slow-Changing Fast-Changing 1-hop 2-hop 3-hop 4-hop

Meta-Rayben Smart Glasses

LLaMA-3.2-11B Direct Answer 25.21 13.66 13.92 26.35 23.53 16.90 4.35
LLaMA-3.2-90B Direct Answer 32.80 22.36 26.29 34.55 29.41 24.80 17.39

RayNeo Smart Glasses

Qwen2.5-VL-3B Direct Answer 42.59 25.77 18.81 29.02 21.85 17.69 13.04
Qwen2.5-VL-7B Direct Answer 34.64 23.60 21.13 36.92 27.73 23.70 17.39
Qwen2.5-VL-32B Direct Answer 37.93 26.09 30.41 40.50 33.61 27.33 21.74
Qwen2.5-VL-72B Direct Answer 38.85 27.95 32.99 41.29 36.13 29.07 21.74

XiaoMi Smart Glasses

MiMo-VL-7B Direct Answer 26.08 16.77 20.62 28.96 15.97 16.90 13.04

Open-sourced VLMs

Phi-3-Vision-4B Direct Answer 18.05 12.42 13.40 19.98 16.81 10.58 13.04
InternVL3-8B Direct Answer 28.25 17.39 20.10 29.99 25.21 19.27 21.74
GLM-4.1V-9B Direct Answer 25.01 13.66 19.59 26.53 22.69 17.38 13.04
LLaVA-v1.5-7B Direct Answer 10.93 8.07 7.22 11.35 12.61 7.74 8.70
LLaVA-v1.5 -13B Direct Answer 12.63 4.35 8.25 13.36 13.45 7.27 8.70
LLaVA-Onevision-0.5B Direct Answer 14.32 12.42 8.25 15.79 14.29 8.37 8.70
LLaVA-Onevision-7B Direct Answer 21.82 14.91 17.01 23.92 21.01 13.59 13.04
DeepSeek-VL2-3B Direct Answer 20.37 16.15 15.98 23.13 15.13 11.85 17.39
DeepSeek-VL2-16B Direct Answer 24.67 21.12 18.04 27.50 19.33 15.96 8.70
DeepSeek-VL2-27B Direct Answer 26.42 22.36 20.10 28.48 23.53 19.12 13.04

Proprietary VLMs

GPT-4o Direct Answer 43.88 29.19 31.44 44.87 42.86 34.44 30.43
Claude 4 Sonnet Direct Answer 37.93 29.19 35.57 40.32 37.82 29.07 30.43
Gemini 2.5 Pro Direct Answer 43.73 32.92 43.81 45.36 44.54 36.18 56.52

Heuristic RAG

LLaMA-3.2-11B Image RAG 18.53 8.07 9.79 19.06 18.49 12.32 4.35
LLaMA-3.2-11B Text RAG 14.08 8.07 12.37 15.3 14.29 9.16 4.35
LLaMA-3.2-11B Multimodal RAG 15.19 10.56 13.92 17.06 14.29 9.32 4.35
Qwen2.5-VL-7B Image RAG 20.66 11.18 13.40 22.71 14.29 12.48 4.35
Qwen2.5-VL-7B Text RAG 17.56 6.21 12.37 19.25 15.97 9.32 8.70
Qwen2.5-VL-7B Multimodal RAG 18.53 9.32 9.28 20.64 10.92 9.64 8.70

SUPERLENS† (Ours) Multimodal RAG
38.90
↑13.69

26.09
↑12.43

28.87
↑14.95

40.01
↑13.66

30.96
↑7.43

34.45
↑17.55

26.09
↑21.74

SUPERLENS‡ (Ours) Multimodal RAG
45.23
↑10.59

37.27
↑13.67

37.63
↑16.50

48.76
↑11.84

33.97
↑6.24

37.82
↑14.12

21.74
↑4.35

Table D. Performance of Different Evaluators on Assessment.

Evaluator Llama-3.1-8B Gemma-3-27B Qwen2.5-32B Hybrid LLM Human

Qwen2.5-VL-7B 41.37 39.05 32.82 29.36 32.81
Gemini 2.5 Pro 52.18 52.10 43.02 34.64 43.75
SUPERLENS‡ 54.75 51.11 44.10 38.03 45.31

and poorly structured query (“American Payroll Association
Basic Guide to Payroll author other books”), which con-
flates the book title with the intent of the question and fails

Table E. Different Language Performance Comparison.

Language en (#1369) zh (#880) fr (#152) jp (#63)

Qwen2.5-VL-7B 35.06 32.16 30.26 36.51
Gemini 2.5 Pro 44.63 46.82 37.50 50.79
SUPERLENS‡ 47.11 44.09 47.37 47.62

to isolate the key entity, i.e., the author. As a result, the re-
triever returns incomplete or misleading evidence. This ex-
ample indicates that even when the correct tool (hybrid im-
age and text search) is selected, an ill-formed query severely



Query: What other books has the author of 

this book written？

Reasoning:
1. The exact name of the object in the image that the query is about is 

"American Payroll Association Basic Guide to Payroll".

2. The author of this book is not visible in the image.

3. Without the author's name, I cannot determine what other books the 

author has written.

Therefore, the answer is:

{"reasoning": "I cannot determine the author of the book in the image."}

Decision: Need RAG

Tool Decision: Need Image Search, Need Text Search

Search Query: American Payroll Association Basic Guide to Payroll 

author other books

Search Result:

Evidence 1 with relevance 

score 0.86:

Show less Read more

Like 

2 

Dislike 

Reply

·

2 replies

RAG Result:

Answer: The author of "The Bibliophile: For the Love of Books" 

has written multiple books, including "The Bibliophile: For the 

Love of Books 108," "The Bibliophile: For the Love of Books 86," 

and "The Bibliophile: For the Love of Books 255."

Reasoning: The evidence lists multiple titles by the author "The 

Bibliophile: For the Love of Books," including "The Bibliophile: For 

the Love of Books 108," "The Bibliophile: For the Love of Books 

86," and "The Bibliophile: For the Love of Books 255," indicating 

that the author has written several books.

Object Detection:

Ground Truth: Besides this book, Joanne Mitchell-George has 

also written  "The California Payroll Guide".

"html_search": [{
"position": 1,
"title": "Ok I've more or less been avoiding this app, but this I had ...",
"link": "https://www.instagram.com/p/DH-pXZMzQQN/",
"source": "Instagram",
"source_icon": 
"https://serpapi.com/searches/690d8516b4ab723cbf81d801
"thumbnail": "https://encrypted-tbn3.gstatic.com/images?q=tbn:,
"thumbnail_width": 251,
"thumbnail_height": 201,
"image": 
"https://lookaside.instagram.com/seo/google_widget/crawler/?media_i
d=
"image_width": 1800,
"image_height": 1440
},{
"position": 2,
"title": "Had to finally organize half of my …",
...}

Book

Evidence 2 with relevance score 

0.86:

The Bibliophile: For the Love of 

Books 108

The Bibliophile: For the Love of 

Books 86

The Bibliophile: For the Love of 

Books 255

Related Videos

Figure I. Failure case caused by incorrect search query generation.

degrades retrieval quality.
Together, these two failure cases reveal complementary

weaknesses of the system: the first arises from incorrect tool
selection, while the second reflects deficient query formula-
tion. These failures emphasize the importance of modality-
aware decision-making and precise query construction for
building robust multimodal RAG systems.



Case Study in SUPERGLASSES:
From Campbell’s Soup Can Image to Andy Warhol’s American Nationality

Question: Which country is the renowned artist who painted this item from?

Answer: Campbell’s is painted by American pop-artist Andy Warhol.

Glasses: Xiao Mi
Image quality: Normal
Domain: Food
Location: Canada
Category: Multi-hop
Question dynamism: Static
Difficulty: Hard
Hops number: 4

Figure J. Case Study in SUPERGLASSES: “Campbell’s Soup Can”



Hop 1

Sub-question: What is this product?
Tool used: Image Search
Search URL: https://en.wikipedia.org/wiki/Campbell%27s
Search result (snippet): The Campbell’s Company (doing business as Campbell’s) . . . its flagship canned soup products.

Hop 2

Sub-question: What is the famous painting depicting this item?
Tool used: Text Search
Search keywords: What is the famous painting depicting campbell?
Search URL: https://en.wikipedia.org/wiki/Campbell%27s_Soup_Cans
Search result (snippet): Campbell’s Soup Cans is a series of 32 paintings (1961–62) by the American pop-art artist Andy Warhol, each canvas
depicting a Campbell’s soup can and now considered an icon of pop art.

Figure K. Hop 1 and Hop 2 of “Campbell’s Soup Can”

https://en.wikipedia.org/wiki/Campbell%27s
https://en.wikipedia.org/wiki/Campbell%27s_Soup_Cans


Hop 3

Sub-question: Who painted this painting?
Tool used: Text Search
Search keywords: Who paint Campbell’s Soup Cans?
Search URL: https://en.wikipedia.org/wiki/Andy_Warhol
Search result (snippet): Andy Warhol was an American visual artist, film-director and producer, widely regarded as a leading figure of the
pop-art movement.

Hop 4

Sub-question: What nationality is he?
Tool used: Text Search
Search keywords: What nationality is Andy Warhol?
Search URL: https://en.wikipedia.org/wiki/Andy_Warhol
Search result (snippet): Andy Warhol was an American artist; he is generally considered one of the most influential U.S. figures in 20th-century
art.

Figure L. Hop 3 and Hop 4 of “Campbell’s Soup Can”

https://en.wikipedia.org/wiki/Andy_Warhol
https://en.wikipedia.org/wiki/Andy_Warhol
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