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Abstract
Trustworthy multimodal question answering requires systems that
can fuse visual evidence, external knowledge, and dialog history to
give helpful answers for wide variety of situations while avoiding
to give falsy answers when the data is insufficient or uncertain. The
Meta Comprehensive RAGMultimodal (CRAG-MM) Challenge 2025
evaluates this setting across staged tasks combining wearable ego-
centric imagery (including Ray-Ban Meta smart-glasses), image and
web retrieval, and multi-turn interaction. We present the AcroYA-
MALEX system, built on Llama 3.2 Vision Instruct with a two-
stage adapter architecture: (i) a Retrieval-Oriented LoRA adapter
that first produces a concise provisional answer, which we re-
purpose as a high-precision text query for downstream search; and
(ii) an Answer-Generation LoRA adapter trained with uncertainty-
aware relabelling so the model outputs “I don’t know” instead of
hallucinating under weak evidence. Retrieved web snippets are
chunked and reranked with Qwen3-Reranker-0.6B to provide fo-
cused context before final answer generation. In Task 2 (multi-
source RAG), our approach contributed to a 3rd-place final ranking.
These results suggest that coupling abstention training with delib-
erate query construction and neural reranking improves factual
reliability in multimodal RAG systems.
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1 Introduction
1.1 Challenge Background
Large Language Models (LLMs) have advanced rapidly in recent
years; nevertheless, hallucination—the tendency to produce factu-
ally incorrect or ungrounded content—remains a serious obstacle
in trustworthy deployment. One promising direction for mitigating
hallucinations is Retrieval-Augmented Generation (RAG) [7] , in
which a system searches external knowledge sources and conditions
its response on retrieved evidence. In 2024, the Meta Comprehen-
sive RAG Challenge (CRAG 2024) [15] was organized to evaluate
RAG system performance and hallucination robustness in a text-
based question answering setting. By spanning diverse domains,
question types, and factual dynamism, CRAG 2024 exposed key
limitations of current RAG pipelines under realistic conditions.

Subsequent technological progress—in particular the matura-
tion of Vision-Language Large Models (VLLMs) and the growing
availability of wearable devices such as smart glasses—has made
it increasingly realistic to extract knowledge multimodally from
what a user sees and deliver context-aware assistance in real life sit-
uation. However, substantial challenges remain unresolved: robust
image understanding (object recognition and scene context), Opti-
cal Character Recognition (OCR), long-tail knowledge completion,
integration with external search, and ensuring factual consistency
while suppressing hallucinations in generated answers. A standard-
ized benchmark is needed to reliably evaluate such multi-modal
RAG (MM-RAG) systems.

Responding to this need, the Meta CRAG-MM Challenge 2025
(CRAG-MM) [12] [13] extends CRAG into the visual domain. The
competition provides a factuality-oriented visual question answer-
ing (VQA) benchmark tailored to wearable use cases, comprising
roughly 5,000 images—about 3,000 of which are egocentric, first-
person captures from Ray-Ban Meta smart glasses—paired with
question–answer data. The dataset spans 13 domains, and includes
four question types ranging from simple, image-answerable recog-
nition queries to complex questions requiring external knowledge
search, multi-source integration, and reasoning. In addition, both
single-turn and multi-turn conversational formats are supported,
enabling staged evaluation of MM-RAG system capabilities.

1.2 Problem Statement
CRAG-MM Challenge has 3 tasks.
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Task 1: Single-source Augmentation
Given a single image and a single-turn question as input, the system
must generate an answer to the given question. As an external
knowledge source, it may use only a mock image–retrieval API
keyed by the input image.

Task 2: Multi-source Augmentation
Building on Task 1, the systemmust construct a retrieval-augmented
generation (RAG) pipeline that also leverages a mock Web-search
API in addition to the image API.

Task 3: Multi-turn Question Answering
The system must handle conversations of 2–6 turns, producing
answers that consider the entire dialogue history within a RAG
framework.

Evaluation Protocol
All three tasks share a common metric. For every response, a Truth-
fulness Score is assigned according to the rubric below; the final
score is the average across all evaluation instances:

• Perfect (1.0): Fully correct answer.
• Acceptable (0.5):Useful answerwith onlyminor, non-harmful
errors.

• Missing (0.0): The system replies “I don’t know.”
• Incorrect (−1.0):Wrong or irrelevant answer.

In this paper, we describe the solutions our team, AcroYAMALEX,
developed primarily for Task 2 and Task 3.

2 Related Work
Our approach lies at the intersection of two research streams:
(1) multimodal RAG pipelines that transform visual inputs into
retrieval-ready textual queries, and (2) techniques for mitigating
hallucination and enabling explicit abstention (“I don’t know”) in
large language and vision–language models. We first review frame-
works that couple image understanding with external knowledge
retrieval, highlighting how prior work structures the path from
images to search queries. We then discuss studies on hallucination
reduction and refusal strategies, clarifying how our dual-adapter de-
sign differs by isolating query generation from answer production
and by training explicit abstention behavior.

2.1 Multimodal RAG Pipelines: From Images to
Search Queries

As prior work that couples image understanding with external
knowledge retrieval, REVEAL [6] incorporates retrieval into vi-
sion–language pretraining, proposing a framework that acquires
external textual evidence to compensate for ambiguous elements
in images. MM-ReAct [16] extends ReAct-style thought-and-action
prompting, demonstrating a step-by-step procedure that invokes
tools (e.g., search) using both images and text. VisProg [4] and
ViperGPT [11] share the idea of treating visual reasoning as pro-
gram generation and code execution, leveraging external resources
in a staged reasoning process when necessary.

While these approaches share a high-level flow of “image→ in-
termediate representation→ retrieval→ integrated answer,” many

stop at directly generating image captions or code fragments, with-
out deeply analyzing the design of search query optimization (e.g.,
target granularity, top-𝐾 control, chunking strategies). In contrast,
our work explicitly separates “image→ search-query generation”
into a dedicated LoRA adapter (the Retrieval-Oriented Adapter) and
assigns complementary roles to the downstream answer-generation
adapter.

2.2 Hallucination
Hallucination mitigation and answer abstention for LLMs/VLMs
have been discussed in works such as SelfCheckGPT [9] and R-
Tuning [17], but most studies focus primarily on text-only models.
The winning solutions of CRAG2024 also addressed hallucination;
notably, team db3 trained their model to output “I don’t know” using
LoRA. Building on these insights, our work differentiates itself by
separating a retrieval-oriented adapter that extracts search-relevant
information from images and an answer-generation adapter, and
by explicitly training the model to output “I don’t know” under
uncertainty.

3 Solution Overview
Our solution couples a risk-aware dual-adapter version of Llama
3.2 Vision Instruct 11B with a lightweight retrieval stack. Dur-
ing training, we build a supervision set in which a GPT-4.0 mini
verifier rewrites every erroneous prediction from the base model
to “I don’t know,” then fine-tune two QLoRA adapters: one that
turns an (image, question) pair into a concise search query and a
second that generates the final answer—or “I don’t know” when
confidence is low. At inference time, the query adapter produces
the search text, the official CRAGSearch API returns the top web
snippets, a Qwen3-Reranker-0.6B re-orders them, and the answer
adapter delivers a concise response while safely abstaining under
uncertainty. This design earned 3rd place in CRAG-MM 2025 Task
2 with both high accuracy and a low penalty rate.

4 Training
4.1 Overview
Figure.1 is training step overview. The goal of our training pipeline
is to fine-tune Llama 3.2 Vision Instruct 11B [1] so that the model
outputs “I don’t know” whenever it is uncertain or likely to make an
error. During dataset construction, we first run inference with the
base model; inference result whose confidence falls below a thresh-
old are automatically relabelled with “I don’t know”. Subsequently,
we apply Low-Rank Adaptation (LoRA) [5] (When training, we use
QLoRA [3]) to create two separate adapters on top of the shared
base model.

(1) Retrieval-Oriented Adapter: generates a preliminary answer
or query that conditions downstream retrieval.

(2) Answer-Generation Adapter: produces the final answer; sam-
ples labelled “I don’t know” are learned verbatim so the
model can abstain under high uncertainty.

4.2 Dataset Creation
The competition metric imposes a severe penalty for incorrect
answers, it is crucial to return “I don’t know” on ambiguous items.
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Figure 1: Training Overview

Figure 2: Dataset Creation Flow

Figure.2 is dataset creation process overview. We reconstructed the
dataset by following the methodology of the CRAG 2024 winning
team [14] . We build training data and construct labels in two steps:

(1) Inference with Retrieval: We run Llama 3.2 11B Vision In-
struct while injecting the outputs of our retrieval pipeline,
mirroring the RAG setting at evaluation time.

(2) LLM-as-a-Judge Relabelling: A GPT-4.0 mini [10] verifier
reviews each prediction and replaces incorrect answers with
“I don’t know”.

The resulting dataset is then used for fine-tuning as described
below.

4.3 Model Fine-tuning
Using the curated dataset,we train two LoRA adapters:

Retrieval-Oriented Adapter. Given an image and a question, the
adapter predicts a concise answer that serves as a high-precision

retrieval query. We train this module with supervised fine-tuning
(SFT) on the ground-truth answers.

Answer-Generation Adapter. For the final answer we perform SFT
using the labels that include “I don’t know”. Answer-Generation
Adapter directly output "I don’t know". This enables the model to
abstain whenever the question or the retrieved evidence remains
unreliable, thereby mitigating the penalty for wrong answers.

Together, these two adapters allow the system to retrieve relevant
evidence effectively while remaining robust under uncertainty.

5 Inference
5.1 Overview
At test time we transform each (image, question) pair into a final
answer through a four-stage pipeline, illustrated in Figure.3

(1) Image–to–QueryConversion.ARetrieval-OrientedAdapter
trained with LoRA first converts the image into a succinct
textual description that captures the visual evidence needed
to answer the question.

(2) Web-Scale Retrieval. The generated description, optionally
concatenated with the user’s question and dialogue history,
is passed to the official CRAGSearch API, which returns the
top-𝑘 web snippets likely to contain the answer. We set 𝑘 =20
in all experiments.

(3) Passage Reranking. Retrieved snippets are used. Qwen3-
Reranker-0.6B [18] scores each passage against the (question,
image-summary) pair, and we keep the top-𝑋 passages; 𝑋 is
a tunable hyper-parameter.

(4) Answer Generation. Finally, the selected passages, the
original question, the image, and the chat history are fed
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Figure 3: Inference Overview

into Llama 3.2 Vision Instruct equipped with an Answer-
Generation Adapter. The model outputs a concise answer or
“I don’t know” when its confidence falls below a threshold.

This design cleanly separates evidence gathering from reasoning:
visual grounding happens once in Step 1, text retrieval is handled by
lightweight neural and symbolic components in Steps 2–3, and mul-
timodal reasoning is reserved for Step 4, greatly reducing inference
latency while preserving answer quality.

5.2 Image–to–Query Conversion
The competition provides two mock interfaces: an Image-KG mod-
ule that accepts images and a Web-search module that accepts text.
Because these interfaces cannot ingest the question and its corre-
sponding image simultaneously, we must first extract the textual
query needed for search directly from the image. Using the previ-
ously built Retrieval-Oriented Adapter LoRA module together with
the prompt below, we generate the search-ready text from each
image.

{"role": "system", "content": "You are a helpful assistant that ac-
curately describes images. " "Your responses are subsequently
used to perform a web search to " "retrieve the relevant infor-
mation about the image. " "Please extract the key information
from the image needed to answer the question."}
{"role": "user", "content": ["type": "image"]}
{"role": "user", "content": ["type": "text", "text": {query}]}

5.3 Image–to–Query Conversion
The search is performed using the CRAG search class provided by
the competition hosts. Because the class can accept either text or an
image as input and return relevant information, we supplied text
queries and retrieved the top 30 related results. input text format is
{question} {answer}

5.4 Web-Scale Retrieval.
We perform reranking on the retrieved search results to provide
higher-quality inputs to the VLM.We use the page_snippet attribute
as the reranking text. The reranking model is Qwen3-Reranker-0.6B
[18]. The prompt fed to the reranker is as follows:

<Instruct>: Given a Question and Image Summary in Query,
retrieve relevant passages that answer the question
<Query>: questions about the provided image summary.
Question: {query}
Image Summary {answer}
Conversation: {message str}
<Document>: search text

5.5 Answer Generation
We input the top 5 passages returned by the reranker into Llama
3.2 Vision Instruct together with an Answer-Generation Adapter
for inference. If the model’s confidence is low, it refrains from
generating a specific answer and outputs “I don’t know.”
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{"role": "system", "content": "You are a helpful assistant that
truthfully answers user questions about the provided im-
age.Keep your response concise and to the point. If you don’t
know the answer, respond with ’I don’t know’."}
{"role": "user", "content": ["type": "image"]}
...
{history}
...
{"role": "user", "content": rag_context}
{"role": "user", "content": query}

rag_context is created from the data retrieved by RAG; generated
by concatenating retrieved documents as a newline-separated list
of entries in the following format.

[Info {rank} | {score:.3f}] {snippet}

6 Experiment
6.1 Dataset
We used the publicly released CRAG 2025 v0.1.2 dataset from Hug-
ging Face as our training data. The dataset includes a split labeled
validation and test; we reconstructed dataset using our proposed
method and used the resulting data for training.

6.2 Training Parameters

Table 1: Training Parameters

Parameter name Value
Model Llama 3.2 11B Vision Instruct
Batch size 1
Gradient accumulation 16
Epochs 3
Optimizer AdamW [8]
Learning rate 0.01
Weight decay 0.01
𝛼 (LoRA) 16
Rank (LoRA) 8
Target modules (LoRA) down_proj, o_proj, k_proj,

q_proj, gate_proj, up_proj
v_proj

Table 1 lists the primary parameters used during training, in-
cluding the optimizer, model configuration, and other associated
settings.

6.3 Inference Parameters
Table 2 summarizes the search parameters that affect accuracy
during inference.

6.4 Ablation Study
6.4.1 Evaluation Metrics. For each question, we assign one of the
four previously defined labels—Perfect (1.0), Acceptable (0.5), Miss-
ing (0.0), or Incorrect (–1.0)—and aggregate these to obtain the

Table 2: Retrieval & Reranking Parameters

Parameter name Value
Reranking model Qwen3-Reranker-0.6B
Search candidates (𝑘) 30
RAG context after reranking (𝑘final) 5

evaluation metrics Accuracy, Hallucination, Missing, and the over-
all Truthfulness Score. In the ablation study, however, we rely solely
on automatic evaluation; consequently, the Acceptable category,
which requires subjective judgment in manual evaluation, is not
included in the final scores.

Truthfulness Score The overall metric: each response is scored
as Perfect (1.0), Acceptable (0.5), Missing (0.0), or Incorrect
(–1.0); the final score is the mean over all responses.

Missing Proportion of responses where the system explicitly
replied “I don’t know” (Missing / Total).

Hallucination Among Incorrect responses, the fraction that
contain content not supported by either the retrieved evi-
dence or the image.

Accuracy Proportion of responses judged Perfect (Perfect /
Total).

6.4.2 Search K. We investigated how the number of results re-
trieved by the Mock Web Search and their ranking depth affect per-
formance. TableX reports outcomes when varying the number of
retrieved documents 𝐾 ∈ 10, 20, 30, 40, while fixing the re-ranking
cutoff at 𝐾rerank = 5. As shown in Table.3, overall metrics did not
change drastically across different 𝐾 values. Increasing 𝐾 reduced
the Missing rate and tended to raise Accuracy. This suggests that
retrieving more high-confidence passages led to more attempted
answers and, consequently, more correct ones. However, the Hal-
lucination Rate also increased, so the final Truthfulness Score did
not improve substantially. For the final submission, considering the
evaluation on the private test set, we chose 𝐾 = 30.

Table 3: Evaluation by Search 𝐾

𝐾 Truthfulness Score Hallucination Rate Accuracy Missing
10 0.074 0.144 0.218 0.638
20 0.085 0.143 0.229 0.628
30 0.078 0.148 0.226 0.626
40 0.081 0.154 0.236 0.610

6.4.3 Rerank K. We compared how many reranked passages to
feed into the model relative to the number initially retrieved. With
Search K fixed at 30, we evaluated Rerank K = 3, 4, and 5. Table
4 is evaluation result. Increasing the number of ranked passages
increases the input information and thus improves accuracy. How-
ever, a memory error occurred at K = 6, so we adopted K = 5 for
this work. Without reranker is best in local evaluation, but Missing
is high, I can’t choice it for final human evaluation

6.4.4 Reranker Model. We evaluated reranker performance. Prior
reports suggest that Qwen3-Reranker-0.6B generally achieves higher
accuracy than bge-reranker-v2-m3 [2] . Accordingly, we compared
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Table 4: Rerank 𝐾 comparison

Rerank 𝐾
Truthfulness

Score
Hallucination

Rate Accuracy Missing
0(w/o reranker) 0.081 0.084 0.165 0.749
3 0.070 0.149 0.219 0.632
4 0.075 0.147 0.222 0.631
5 0.078 0.148 0.226 0.626

these models in the context of this competition to test whether
the more accurate reranker also delivers higher end-to-end perfor-
mance.

Table 5: Reranker Model Evaluation

Reranker model
Truthfulness

Score Missing
Hallucination

Rate Accuracy
BAAI/bge-reranker-v2-m3 0.043 0.692 0.133 0.175
Qwen3-Reranker-0.6B 0.057 0.665 0.139 0.196

6.4.5 Image Knowledge Graph. In this competition, we can lever-
age the Image Knowledge Graph (Image KG). Thus, we evaluate
how performance changes when the Image KG is used. We retrieve
results from both the Image KG and the Mock Web Search, then
apply reranking. For the Image KG, the obtained JSON—containing
the extracted attributes—is split into chunks of 600 characters with
a stride of 450.

The results are reported in Table 6. While the validation set
showed a slight improvement in accuracy, the private evaluation
score decreased. Therefore, we decided not to use the Image KG
during inference.

Table 6: Baseline vs. +Image KG

Setting
Truthfulness

Score
Hallucination

Rate Accuracy Missing
Baseline 0.078 0.148 0.226 0.626
+Image KG 0.087 0.141 0.229 0.630

6.4.6 Dual Adapter. We propose Dual Adapter in this paper. Single
Adapter is only used Answer Generation Adapter using Retrieve
and Answer Generation. Dual Adapter is separete with Answer
Generation Adapter and Retrieve. Table 7 is result. In Leaderboard,
Single Adapter is better, but Dual Adapter Solution is better than
Single in final human evaluation.

Table 7: Single Adapter vs Dual Adapter

Setting
Truthfulness

Score
Hallucination

Rate Accuracy Missing
Single Adapter 0.057 0.139 0.196 0.665
Dual Adapter 0.012 0.232 0.244 0.524

7 Final Result
As shown in Table 8, the competition selected two submissions per
team; final standings were based on the better score after organizers
performed manual adjudication to correct errors and award Accept-
able credit beyond the automatic evaluation. Our team (AcroYA-
MALEX) finished third in Task 2. We used only Answer-Generation

Adapter in Task1, then We got 12th in Leaderboard. In Task3, We
got 6th in Leaderboard

Table 8: Task 2 Final Result

Team name Score
Team_NVIDIA 23.3%
db3 22.1%
AcroYAMALEX 21.4%

8 Conclusion
In this study, we propose a multimodal RAG pipeline that augments
Llama 3.2 11B Vision Instruct with a two-stage LoRA adapter design:
(i) a Retrieval-Oriented Adapter, which converts visual content
into high-precision search queries, and (ii) an Answer-Generation
Adapter, which autonomously abstains by outputting “I don’t know”
when uncertainty is detected. By applying Qwen3-Reranker-0.6B
for passage re-ranking to filter search evidence and efficiently fusing
image, retrieval, and dialogue history, our system secured 3rd place
in Task 2 of the CRAG-MM 2025 challenge.
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A LLM as a Judge Prompt

{"role": "system", "content": """You are an expert evaluator for
question answering systems. 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. 4. If the user clearly states "I
don’t know", count it as a "miss", not a hallucination.
Output a JSON object with a single field ’accuracy’ whose value
is true or false."""},

B Inference Implementation
The high-speed inference library vLLM supports loading multiple
LoRA adapters, but the Llama 3.2 11B Vision Instruct model itself
cannot dynamically switch among more than one LoRA module. To
work around this limitation, we implemented a solution that toggles
between two LoRA adapters using the Hugging Face Transformers
library.

C Hardware

Table 9: Training Environment

Component Specification
CPU 13th Gen Intel Core i9-13900KF
GPUs 2 × NVIDIA RTX 3090
Memory 128GB
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