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Abstract

Evidence selection remains a major bottle-
neck in Multimodal retrieval-augmented gen-
eration (RAG) for Knowledge-Based visual
question answering (VQA). Current rerankers
typically score candidates in isolation or em-
ploy single-round selection, failing to model
the inherently comparative nature of evidence
ranking. As a result, they struggle with hard
negatives—candidates that are either visually
near-duplicates of the query but textually ir-
relevant or textually plausible yet visually in-
consistent with the image. To address these
problems, we propose Multimodal One-pass
Ladder Tournament, called MOLT, which re-
formulates reranking as a sequential ladder-
style tournament. Instead of assigning absolute
ranking scores, MOLT progressively filters dis-
tractors through explicit multimodal pairwise
comparisons in a single decoding pass. To en-
sure robust learning, we introduce a two-stage
training strategy: (1) supervised fine-tuning
(SFT) initialized via distillation from a strong
teacher model, followed by (2) reinforcement
learning using Group Relative Policy Optimiza-
tion (GRPO) with a composite reward that
jointly optimizes output format compliance,
step-wise logical consistency, and final selec-
tion accuracy. Experiments on two widely-used
benchmarks show that MOLT achieves state-
of-the-art performance, which outperform com-
pared methods by up to 7.3 percentage points.
The code is available at https://anonymous.
4open.science/r/molt.

1 Introduction

Knowledge-Based Visual Question Answering
(KB-VQA) requires external knowledge to answer
questions. (Marino et al., 2019; Schwenk et al.,
2022; Chen et al., 2023; Mensink et al., 2023) To
address this, current systems typically use Mul-
timodal Retrieval-Augmented Generation (MM-
RAG). (Caffagni et al., 2024; Yan and Xie, 2024;
Yang et al., 2025) Although retrievers narrow the
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Figure 1: Given a query and multiple retrieved multi-
modal candidates, a one-shot selector may be misled by
superficially relevant content and choose an incorrect
candidate. In contrast, our MOLT performs a sequen-
tial ladder-style multimodal tournament, progressively
filtering distractors through pairwise comparisons and
selecting the correct evidence.

search space, identifying the single correct candi-
date remains a critical bottleneck.

Most prior approaches treat candidate selection
as a pointwise or one-shot problem. (Yang et al.,
2025; Yan and Xie, 2024; Deng et al., 2025; Tian
et al., 2025) They either assign an independent rel-
evance score to each retrieved paragraph or ask a
VLM to directly pick the best item from a list. We
argue that these approaches are suboptimal for re-
solving hard negatives, as they fail to address two
critical types of confusion. First, candidates often
contain visually near-duplicate images (e.g., look-
alike species), which are difficult to differentiate
without direct visual contrast. Second, a candidate
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text may appear relevant in isolation by matching
question keywords or attributes, but it actually de-
scribes a different entity than the target query.

To address these challenges, we propose a novel
framework called Multimodal One-pass Ladder
Tournament (MOLT), which reformulates evidence
selection as a process of sequential relative compar-
isons. We mitigate visual noise via visual ground-
ing, cropping query-relevant regions for each can-
didate to focus on the target entity. Crucially, we
introduce a new Weak-to-Strong Ladder schedule:
the tournament starts with lower-confidence candi-
dates and introduces the highest-scoring retrievals
only in the final rounds. As illustrated in Figure 1,
by leveraging grounded visual contexts and per-
forming explicit pairwise comparisons, MOLT pro-
gressively filters out distractors to identify the opti-
mal evidence. Notably, unlike traditional pairwise
approaches that require iterative LLM calls, MOLT
executes the entire multi-round comparison chain
within a single end-to-end decoding pass, signifi-
cantly reducing inference overhead.

Implementing such a structured tournament
within a generative VLM is non-trivial. Models
may drift from the strict comparison protocol or
bypass intermediate reasoning steps. We tackle
this via a two stage training pipeline: a supervised
fine-tuning (SFT) cold start followed by Reinforce-
ment Learning with group relative policy optimiza-
tion (GRPO). Beyond standard outcome supervi-
sion, we further design a composite reward mech-
anism that enforces step-wise logical consistency.
This creates an implicit difficulty-aware curricu-
lum: since recovering a hard sample (buried deep
in the list) requires surviving more rounds, it yields
significantly higher cumulative rewards. This in-
centivizes the model to master the resolution of
such hard examples.

In summary, our contributions are as follows:

* We propose MOLT, a grounded multimodal
reranker that executes sequential ladder tourna-
ment comparisons in a single inference pass. By
incorporating a Weak-to-Strong schedule, it ro-
bustly filters distractors while avoiding the re-
dundancy of iterative interactions.

We introduce a two-stage training recipe (SFT
+ GRPO) with a composite reward mechanism.
This design not only enforces logical consistency
but also establishes an implicit difficulty-aware
curriculum that incentivizes the model to master
hard samples.

» Extensive experiments on two benchmarks, i.e.,
E-VQA and InfoSeek, demonstrate that MOLT
outperforms recent state-of-the-art baselines,
achieving competitive performance by effec-
tively distinguishing hard negatives.

2 Preliminaries

Problem Formulation. The goal of Knowledge-
Based VQA (KB-VQA) is to generate a natural
language answer A given a multimodal query ) =
(14, Ty), where I, is the query image and 7}, is the
question. Answering these questions requires rea-
soning over external knowledge from a large-scale
multimodal knowledge base I = {D1,..., Dy, }.
Each document D; € K consists of a primary vi-
sual image I; and a textual body 7;. The text T;
is organized as a sequence of discrete paragraphs,
ie., Ty = {Pi1,P2,...,P;m}, where M; de-
notes the number of paragraphs in document D;.
MM-RAG Paradigm. Current state-of-the-art sys-
tems typically follow a Retrieve—Rerank—Generate
pipeline. First, a retriever identifies a subset of po-
tentially relevant documents D = Top-K (K | Q).
From these documents, the system aims to identify
the most supportive evidence paragraph. Let P (D)
denote the set of all paragraphs within the retrieved
documents:

P(D) = {P@m ‘ Di S D, m e [1,MZ‘]}. (1)

A reranker s¢(Q, P) scores these candidates to se-
lect the optimal evidence:

P* = arg max sp(Q,P). 2
g max 0(Q, P) 2
Finally, a generator G produces the answer condi-
tioned on the selected evidence: A = G(Q, P*).

3 Method

Figure 2 shows the overall framework, which can
enhance the existing standard MM-RAG pipeline.
Given a query, we first retrieve candidate docu-
ments and ground them by cropping query-relevant
image regions. These grounded candidates are then
processed by Multimodal One-pass Ladder Tour-
nament (MOLT), a reranker that selects the opti-
mal evidence through a sequential process of pair-
wise comparisons. Finally, a generator produces
the answer based on the selected evidence.

We employ a two-stage optimization strategy for
MOLT: SFT on teacher-generated trajectories to
initialize the tournament structure, followed by RL
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Figure 2: Overview of Our framework. Top: The inference pipeline retrieves and grounds Top-N candidates,
then employs a single-pass sequential tournament to select the best evidence. Bottom: The training pipeline uses
SFT initialization followed by GRPO. The rollout outputs are decomposed into reasoning chains R (representing
tournament rounds) and final decisions B (representing the selected evidence ID). These components are evaluated
by a composite reward function—combining format, process, and result signals—to optimize the policy model.

with composite rewards to refine process consis-
tency and selection accuracy.

3.1 Multimodal Retrieval-Augmented Pipeline

Document Retrieval and Passage Extraction.
We adopt a coarse-to-fine document retrieval strat-
egy (details in Appendix A), followed by query-
conditioned passage extraction. Given a multi-
modal query @ = (I, Tj;), we first retrieve Top-K
candidate documents using CLIP, where each doc-
ument D; is represented by its summary text .S;.
We then refine the Top-K set with a Q-Former and
keep the Top-/NV documents:

D = Top-N (sqi(Q, D;) | D; € Top-K(K | Q)),

3)
where sq(-) denotes the Q-Former score. For
each selected document D; € D, the docu-
ment text 7; is segmented into a set of passages
{P;1,Pi2,...,P;u,}. Conditioned on the query
text, a passage extractor selects the most relevant
passage index as:

ki = VIMat (Ty {Pim}miy). @
The extracted passage is denoted as:
PP = Py 5)

After extraction, we obtain N document-level evi-
dence candidates {(D;, P"**)}}¥ |, which are sub-
sequently grounded and reranked by our tourna-

ment reranker.

Visual Grounding and Cropping. For each se-
lected paragraph candidate, we localize a question-
relevant region on its associated document image
using a pre-trained VLM as a visual grounding
module (Appx. B). Given the document image I;
and the question text 7}, the model predicts a sin-
gle bounding box B;. We crop I; according to B;
(using a fixed padding ratio) to obtain the grounded
region I;°P; if localization fails, we fall back to
using the full image.

Multimodal One-pass Ladder Tournament
Reranking. We construct an ordered multimodal
candidate list C = [c1, ca, ..., cn], where candi-
dates are sorted by their initial retrieval scores in
descending order. Thus, c; represents the highest-
confidence candidate (strongest), while cy is the
lowest-confidence one (weakest).

To improve robustness, MOLT employs a Weak-
to-Strong Ladder schedule. The intuition is to pro-
tect the highest-scoring candidates from being elim-
inated in early, noisy comparisons. By starting the
tournament from the bottom of the list, the high-
confidence candidates (e.g., c1) only enter the tour-



nament in the final rounds as “defenders,” reducing
the probability of error accumulation.

Formally, we initialize the current winner with
the weakest candidate:

w1 = CN . (6)

Then, for stept = 1,..., N—1, we compare the
current winner against the next stronger candidate:

w1 = Select(Q, wy, cy—t) , @)

where Select(-) denotes the multimodal pairwise
comparator conditioned on query . In each round
t, the model reasons whether the current ladder
winner wy is better than the stronger challenger
cn—¢. After N —1 rounds, the final survivor wy is
selected as the optimal evidence ¢*. Each compari-
son jointly considers both modalities.

Crucially, unlike iterative approaches that re-
quire separate model calls for each comparison,
MOLT executes the entire tournament in a sin-
gle autoregressive inference pass. By encoding
all multimodal candidates once and generating the
comparison chain sequentially, we avoid redundant
visual encoding overhead (detailed analysis in Ap-
pendix C).

To ensure faithful execution within this single
pass, we constrain MOLT to a strict XML out-
put: each comparison produces one <round> block
(with <compare> and <winner>), followed by a fi-
nal <evidence> tag for the selected ID (Table 14).

3.2 Training Optimization

We adopt a two-stage training paradigm consist-
ing of supervised fine-tuning (SFT) for cold-start
initialization, followed by reinforcement learning
(RL) for policy refinement.

3.2.1 Supervised Fine-Tuning
We employ supervised fine-tuning (SFT) using in-
struction data generated by a large multimodal
teacher model to endow the model with basic vi-
sual understanding and structured decision-making.
We build the SFT set from a subset of E-VQA: for
each sample, we take the top-4 retrieved paragraphs
from different documents as negatives and the an-
notated evidence paragraph as the positive, pairing
each paragraph with its document main image to
form five multimodal candidates.

To reduce positional bias, we randomly shuffle
the five candidates, assign random IDs, and record
the positive ID. On this shuffled order, we run a

fixed four-round sequential tournament, updating
the winner each round. Teacher supervision is gen-
erated round-by-round: in each round, the teacher
receives the query (image + question) and only
the two candidates in that comparison, and outputs
XML. When the positive candidate participates, we
apply teacher-forced winner constraints to ensure it
wins; otherwise, the teacher freely selects the win-
ner. We then concatenate the four round outputs
into a multi-round XML transcript (four <round>
blocks plus the final <evidence> tag) as the SFT
target.

3.2.2 Reinforcement Learning

After cold-start initialization, we further refine the
model using reinforcement learning with the GRPO
algorithm (Guo et al., 2025). During sampling, the
input consists of the query (image and text), five
candidate evidence pairs, and a structured prompt
enforcing the Ladder Tournament protocol.
Composite Reward Design. To enable the model
to faithfully learn the strict logic of the Ladder
Tournament mechanism, we design a composite
reward function. The total reward is defined as
follow:

Riotal = )\1 Rme + )\ZRproc + >\3Rr687 (8)

where A1, A2, and A3 weight the format, process,
and result rewards, respectively.

Format Reward (Ryy,¢). Given the strictly struc-
tured output requirements of our framework, we
employ an XML parser to validate the generated
syntax. A binary reward is assigned based on
whether all required tags are present and correctly
nested, which is detailed as follows:

1, if syntax is valid
Rfmt = . (9)
0, otherwise.

This reward stabilizes training process by prevent-
ing format collapse and discouraging unstructured
generations.

Process Reward (Rproc). The process reward
constitutes the core of our reinforcement learning
design and incorporates both logical consistency
and dense supervision. For each tournament round
t, we perform fine-grained evaluation: Logical Con-
sistency Check. We verify whether the winner from
round ¢ correctly participates as an input candidate
in round ¢+1. If this causal dependency is violated,
an early stopping mechanism is triggered, and all



subsequent process rewards are set to zero. This
explicitly enforces causal reasoning across compar-
ison steps. Step-wise Correctness (Dense Supervi-
sion). At each comparison step, if the ground-truth
candidate participates in the round and is correctly
selected as the winner, an additional bonus reward
is granted. Formally, the process reward is com-
puted as:

Rproc = Z Ut (Tstep + wg - 7“bonus) ) (10)

t=1

where vy € {0, 1} indicates whether the logical
chain remains valid at step ¢, and w; € {0, 1} indi-
cates whether the ground-truth (oracle) candidate
wins round ¢.

Crucially, combined with our Weak-to-Strong

schedule, this accumulation mechanism introduces
an implicit difficulty-aware scaling. Since lower-
ranked candidates enter the tournament earlier, a
ground-truth candidate buried at the bottom (hard
sample) must survive more comparison rounds than
a top-ranked one (easy sample), thereby accumulat-
ing a significantly higher total reward. This assigns
larger gradient advantages to successfully recov-
ering hard negatives, encouraging the model to
prioritize resolving retrieval noise. For a formal
derivation and visual analysis of this mechanism,
please refer to Appendix D.
Result Reward (Ryes). The result reward evaluates
the correctness of the final decision. If the candi-
date ID emitted in the <evidence> tag matches the
ground-truth ID, the model receives a reward of 1;
otherwise, the reward is 0. The detailed function is
defined as:

1, if matches ground truth
Ries = .
0, otherwise.

4 [Experiments

Y

4.1 Datasets and Metrics

Datasets We conduct experiments on two bench-
marks: E-VQA and InfoSeek (Mensink et al., 2023;
Chen et al., 2023). E-VQA contains over one mil-
lion samples, where each instance is annotated with
a ground-truth (oracle) article and the correspond-
ing evidence paragraph. The questions are cate-
gorized into single-hop and multi-hop types. The
dataset is split into training, validation, and test sets
with approximately 1.0M, 13.6K, and 58K samples,
respectively. InfoSeek comprises 1.3 million VQA

samples with annotated oracle articles, including a
training set (934K) and a validation set (73K). The
validation set is further divided into Unseen-Entity
and Unseen-Question subsets to evaluate general-
ization. Following prior work (Yang et al., 2025;
Caffagni et al., 2024; Yan and Xie, 2024), we eval-
uate our model on the single-hop test split (4.75K)
of E-VQA using its provided knowledge base of
2M articles. For InfoSeek, since test annotations
are not publicly available, we report results on the
full validation set using a knowledge base of 100K
Wikipedia entries.

Metrics We employ Recall@K to measure re-
trieval performance. For downstream VQA eval-
uation, we follow the official protocols of each
dataset (Mensink et al., 2023; Chen et al., 2023),
utilizing the BEM score for E-VQA and standard
VQA Accuracy and Relaxed Accuracy for InfoS-
eek. In ablation studies, we additionally employ
Evidence Selection Accuracy (Acc) to evaluate the
model’s paragraph selection capability.

4.2 TImplementation Details

In this section, we briefly introduce some details
of the various steps in our framework. For granular
training configurations and model hyperparameters,
we refer readers to Appendix E. Additionally, the
full collection of prompt templates utilized across
the pipeline is provided in Appendix G.

Model Architecture and Environment. We uti-
lize the Qwen3-VL family as our backbone. We
employ the lightweight Qwen3-VL-4B-Instruct
(Team, 2025) as the unified backbone for the entire
evidence acquisition pipeline, and utilize the larger
Qwen3-VL-8B-Instruct for the final answer gener-
ator. Experiments are conducted on a single node
equipped with four NVIDIA RTX 3090 (24GB)
GPUs.

Data Construction Strategy. Since InfoSeek
lacks paragraph-level ground-truth annotations, we
rely on E-VQA for training the pipeline compo-
nents. To prevent overfitting to specific high-
frequency entities in the E-VQA training set, we
implement a Page-Balanced Round-Robin Sam-
pling strategy. We group training instances by their
source Wikipedia page ID and sample iteratively
across groups. Detailed statistics of the datasets
and the specific training splits are provided in Ap-
pendix E.

Hyperparameter Configuration. In the MOLT,
we set the candidate pool size to N = 5. For
the composite reward function, we configure the



Method Generator REFT GenFT E-VQA InfoSeek
Single-Hop Unseen-Q Unseen-E  All
Zero-shot
LLaVA-1.5-7B - - 16.3 13.0 10.3 12.2
Qwen3-VL-8B - - - 22.1 19.0 17.5 18.2
Retrieval-Augmented Methods
Wiki-LLaVA Vicuna-7B X v 17.7 30.1 27.8 28.9
RoRA-VLM Vicuna-7B X v 20.3 27.3 25.1 26.9
EchoSight LLaMA3-8B v X 194 - - 27.7
ReflectiVA LLaVA-MORE-8B v v 355 40.4 39.8 40.1
OMGM LLaVA-1.5-7B v v 50.2 43.5 43.5 435
Our Method
MOLT Qwen3-VL-8B v X 55.9 383 36.6 374
MOLT LLaVA-1.5-7B v v 56.7 452 44.6 44.9
MOLT Qwen3-VL-8B v v 57.5 45.5 45.2 45.3

Table 1: Main results on E-VQA (Single-Hop) and InfoSeek. RE.FT and Gen.FT indicate whether the re-
trieval/reranking module and the answer generator are fine-tuned, respectively.

weights as A\; = 0.2 (format), A2 = 0.5 (process),
and A3 = 1.0 (result). Within the process reward,
the step validity reward is set to rge, = 0.1, and
the winner bonus is 7ponus = 0.2.

4.3 Main Results

Answer Generation Results. Table 1 reports
metrics on E-VQA and InfoSeek. Our proposed
reranker consistently improves downstream answer
generation by selecting higher-quality and less-
confusable evidence. Notably, when using the same
LLaVA-1.5-7B generator as the strong baseline
OMGM, MOLT achieves 56.7% accuracy on E-
VQA, surpassing OMGM (50.2%) by a significant
margin of 6.5%. This confirms that the perfor-
mance gain stems primarily from our robust rerank-
ing capability rather than a stronger generator. Fur-
thermore, with the more advanced Qwen3-VL-8B
as the generator, MOLT reaches a state-of-the-art
accuracy of 57.5%, outperforming prior systems
like ReflectiVA (35.5%) and OMGM. This indi-
cates that, beyond coarse retrieval, resolving visu-
ally near-duplicate yet textually plausible candi-
dates in the reranking stage is a key driver of final
answer correctness. MOLT also improves accuracy
on InfoSeek and generalizes well to both Unseen-
Question and Unseen-Entity subsets. When both
reranker and generator fine-tuning are enabled,
MOLT attains 45.3% accuracy on the full vali-
dation set, with consistent gains across the gener-
alization splits. This suggests that our sequential
multimodal comparisons effectively mitigate hard
negatives where distractor paragraphs match super-
ficial cues but describe different entities.

Method R@1 R@5S R@10 R@20
Wiki-LLaVA 33 - 9.9 13.2
ReflectiVA 15.6 36.1 - 49.8
EchoSight 36.8 479 48.8 48.8
OMGM 42.8 55.7 58.1 58.7
Ours (Doc sel.) 424 56.7 58.3 58.6
Ours (+MOLT)  50.1 56.7 58.3 58.6

Table 2: E-VQA retrieval performance (Recall@K).
Best in bold, second-best underlined.

Method R@1 R@5 R@10 R@20
Wiki-LLaVA 36.9 - 66.1 71.9
ReflectiVA 56.1 77.6 - 86.4
EchoSight 532 770 77.4 77.9
OMGM 64.0 80.8 83.6 84.8
Ours (Doc sel.)  60.1 81.0 83.8 84.8
Ours (+MOLT) 65.6  81.0 83.8 84.8

Table 3: InfoSeek retrieval performance (Recall@K).
Best in bold, second-best underlined.

Retrieval Results. Table 2 and Table 3 report
paragraph-level retrieval performance measured
by Recall@K on E-VQA and InfoSeek, respec-
tively. The coarse-to-fine retriever with paragraph
pre-selection (Ours (Doc sel.)) establishes a strong
baseline on both benchmarks. Notably, applying
the proposed reranker (Ours (+MOLT)) signifi-
cantly boosts Top-1 performance while maintaining
the recall ceiling of the candidate pool. Specifically,
on E-VQA, MOLT improves R@1 from 42.4%
to 50.1% (+7.7%), and on InfoSeek, it increases
R@1 from 60.1% to 65.6% (+5.5%). These gains
indicate that MOLT effectively discriminates vi-



Passage Ext. Grounding MOLT | E-VQA InfoSeek

X X X 22.1 18.2
v X X 50.6 40.2
v X v 57.2 443
v v v 57.5 45.3

Table 4: Step-wise ablation study on E-VQA and InfoS-
eek using Qwen3-VL-8B. We progressively incorporate
Passage Extraction (Passage Ext.), Visual Grounding
(Grounding), and the proposed MOLT reranker.

sually near-duplicate and textually plausible hard
negatives, successfully promoting the oracle evi-
dence to the top rank. Consequently, this accu-
rate evidence selection directly translates to the
downstream VQA improvements observed in Ta-
ble 1.To intuitively demonstrate how MOLT re-
solves these ambiguities compared to baselines, we
provide qualitative visualizations in Appendix H.

4.4 Ablation Studies.

We conduct ablation studies to quantify the con-
tribution of each component in our MM-RAG
pipeline and to analyze the effect of different train-
ing strategies for the proposed tournament reranker.

Step-wise component ablation. Table 4 reports
step-wise results. Starting from the zero-shot base-
line (22.1% on E-VQA), enabling Passage Ext.
yields a substantial jump to 50.6%, confirming that
retrieval is fundamental. Crucially, incorporating
MOLT (without grounding) further improves per-
formance to 57.2% on E-VQA and 44.3% on InfoS-
eek. This indicates that sequential pairwise com-
parisons effectively resolve visually near-duplicate
hard negatives. Finally, integrating Grounding
yields the best results (57.5%), suggesting that
cropping helps the reranker focus on query-relevant
regions and reduces background noise.

Training ablation for the reranker. Table 5 iso-
lates the contributions of our tournament structure
and training stages. First, in the zero-shot setting,
our Ladder Tournament prompt achieves 81.0%,
surpassing the Standard Selection baseline (79.4%)
by 1.6%. This confirms that sequential compar-
isons are more robust than one-shot selection. Next,
SFT provides a crucial cold start. It adapts the
model to the strict XML format, boosting accu-
racy to 85.4%. GRPO refinement brings further
gains. Notably, adding the process reward (Rproc)
improves performance from 86.7% to 88.3%. This
validates that enforcing step-wise consistency pre-

Method / Setting Prompt Type  Acc (%)
Zero-shot Inference (Base Model)

Base (Standard) One-shot 5-way 79.4
Base (Ours) Tournament 81.0
Trained Models (w/ Tournament Prompt)

SFT Cold Start Tournament 85.4
SFT + GRPO (w/0 Rpyroc) Tournament 86.7
SFT + GRPO (Full) Tournament 88.3
SFT + SAPO (Full) Tournament 88.2

Table 5: Ablation study on E-VQA evidence selection.
We compare the Standard Selection baseline (direct
1-of-5 choice) against our Tournament strategy across
different optimization stages.

Comparison Schedule E-VQA
Random Shuffle 85.5
Strong-to-Weak (Start with c1) 86.3
Weak-to-Strong (Start with cy) 88.3

Table 6: Ablation of candidate input ordering strategies.
Strong-to-Weak: The tournament starts with the highest-
scoring candidate (c;), forcing it to survive all N—1
rounds. Weak-to-Strong (Ours): The tournament starts
with the lowest-scoring candidates, introducing stronger
candidates only in later rounds.

vents the model from exploiting spurious correla-
tions. Finally, SAPO (Gao et al., 2025) yields com-
parable performance (88.2%), suggesting that our
composite reward design drives the improvements
rather than the specific RL algorithm.

Effect of Comparison Schedule. To verify
MOLT’s sensitivity to candidate input order, we
compare different schedules in Table 6. The Strong-
to-Weak strategy, which forces the highest-scoring
candidate (c) to participate in every round, yields
86.3%. In contrast, our Weak-to-Strong schedule
achieves the best accuracy of 88.3%, significantly
outperforming both Strong-to-Weak and Random
Shuffle (85.5%). This validates our design intuition:
since the ground-truth is typically high-ranked, the
Weak-to-Strong schedule effectively treats it as a
“seeded player.” By allowing the strongest candi-
date to bypass early comparisons and enter only
the final decisive round, we minimize its exposure
to error accumulation, preventing accidental elimi-
nation in earlier, noisier steps.

4.5 Training Visualization.

Figure 3 illustrates the training dynamics of the
GRPO stage. We report moving averages for both
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Figure 3: Rewards are shown for the first 500 training
steps. Curves are smoothed with a moving average
(window size 50) for clarity.

process and result rewards. Initially, the process
reward rises rapidly and then stabilizes. This in-
dicates that the model quickly masters the ladder
tournament protocol, including candidate propaga-
tion and consistency. Notably, this reward flattens
in later stages, suggesting the model avoids over-
fitting to procedural constraints. In contrast, the
result reward shows a gradual but consistent up-
ward trend. This demonstrates that after learning
the structure, the model focuses on optimizing the
final evidence selection."

4.6 Efficiency and Comparative Analysis.

Beyond accuracy, practical deployment requires
efficiency. We conduct a comprehensive latency
benchmark and compare MOLT against discrimi-
native embedding baselines (e.g., BGE-VL). Our
analysis shows that MOLT achieves competitive
inference speeds through its one-pass design while
significantly outperforming embedding methods
in accuracy. Detailed results and discussions are
provided in Appendix F.

5 Related Work

5.1 KB-VQA

Knowledge-Based VQA (KB-VQA) extends stan-
dard VQA (Antol et al., 2015) by requiring external
knowledge unobservable in images. While early
benchmarks (e.g., OK-VQA (Marino et al., 2019),
A-OKVQA (Schwenk et al., 2022), ViQuAE
(Lerner et al., 2022)) established foundations in
reasoning and entity grounding, they lack fine-
grained retrieval requirements. Conversely, recent
datasets like InfoSeek (Chen et al., 2023) and E-
VQA (Mensink et al., 2023) demand precise visual
information-seeking. Consequently, Multimodal

Retrieval-Augmented Generation (MM-RAG) has
become the dominant paradigm. Most methods
employ a Retrieve—Rerank—Generate pipeline, en-
hancing performance via multimodal knowledge
bases (Deng et al., 2025), vision-guided or hier-
archical retrieval (Yan and Xie, 2024; Lin et al.,
2024; Caffagni et al., 2024; Yang et al., 2025; Qi
et al., 2024), and noise mitigation through recon-
ciliation or self-reflection (Tian et al., 2025; Hong
et al., 2025; Compagnoni et al., 2025; Cocchi et al.,
2025; Ling et al., 2025; Zhang et al., 2024).

5.2 LLM for Reranker

Reranking has evolved from discriminative cross-
encoders to generative LLM-based formulations
(Zhou et al., 2025b). Pairwise approaches prove
effective by modeling relative relevance, with ag-
gregators like PRP achieving strong performance
(Qin et al., 2024). Efficiency is improved through
batching and sorting-based schedules (Liusie et al.,
2024; Chen et al., 2025), while structured prompts
and in-context learning enhance robustness (Sin-
hababu et al., 2024; Hu et al., 2024). Furthermore,
reinforcement learning allows direct optimization
of ranking behavior via relevance rewards, a strat-
egy extending to multimodal rankers (Zhuang et al.,
2025; Liu et al., 2025; Xu et al., 2025).

6 Conclusion

In this work, we identified that evidence selec-
tion in KB-VQA is fundamentally a comparative
task, yet prior methods treat it as isolated scor-
ing. To bridge this gap, we proposed MOLT, a
reranker that reformulates selection as a sequen-
tial multimodal ladder tournament. By integrating
visual grounding with a Weak-to-Strong compar-
ison schedule, MOLT effectively filters out hard
negatives—candidates that are textually plausible
but visually mismatched, or visually near-duplicate
but distinct entities. Crucially, we demonstrated
that this multi-round reasoning can be executed in
a single inference pass, avoiding the latency of iter-
ative pairwise approaches. Furthermore, our analy-
sis of the SFT-then-GRPO training recipe reveals
that our composite reward mechanism naturally
creates a difficulty-aware curriculum, incentivizing
the model to master the resolution of retrieval noise.
Achieving state-of-the-art results on E-VQA and
InfoSeek, MOLT proves that structured, process-
supervised reasoning is a viable path for robust
Multimodal RAG.



7 Limitations

While MOLT achieves state-of-the-art performance
on KB-VQA benchmarks, we acknowledge limi-
tations inherent to its design. First, as a rerank-
ing module within the Retrieve—Rerank—Generate
pipeline, its performance is theoretically upper-
bounded by the recall of the upstream retriever;
if the correct evidence is not captured within the
initial candidate pool (Top-/V), MOLT cannot re-
cover the ground truth regardless of its reasoning
capabilities. Second, although our single-pass im-
plementation is significantly more efficient than
iterative pairwise approaches, generating reasoning
chains for the ladder tournament still incurs higher
token decoding costs compared to simple one-shot
selection. This presents a trade-off between maxi-
mizing evidence precision and minimizing absolute
latency, which may be a constraint for strictly real-
time applications.
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A Retrieval Stage Details

We adopt a coarse-to-fine document retrieval
pipeline followed by query-conditioned passage
extraction, a strategy also used in OMGM (Yang
et al., 2025).

A.1 Stage-1: Coarse-Grained Cross-Modal
Document Retrieval (CLIP)

Given a multimodal query @ = (I,,Ty), we first
retrieve a small set of potentially relevant docu-
ments from a large-scale knowledge base K =
{D7,...,Dn,}. Each document Dj is associated
with a short summary text S; and a main image
I;. In the coarse retrieval stage, we use an efficient
CLIP-style cross-modal encoder to map the query
image and document summaries into a shared em-
bedding space.

Index Construction. We encode each summary
S; into a dense vector s; and build a FAISS index
over {s;} for maximum inner-product search.

Query Encoding and Retrieval. We encode the
query image I, into a dense vector v,. The Top-K
candidate documents are retrieved as:

Dg = Top-K ((vq,si)), (12)

where (-,-) denotes the inner product. We de-
note the coarse retrieval score as sciip(Q, D;) =

(vg,si).

A.2 Stage-2: Multimodal Fusion Document
Reranking (Q-Former)

The Top-K set D produced by Stage-1 prioritizes
recall but may contain visually near-duplicate or
textually confusable documents. We therefore ap-
ply a Q-Former-based multimodal fusion reranker
to refine the candidate list.

For each document D; € Dg, we compute a
multimodal relevance score sq(Q, D;) using the
query (I, T;;) and the document main image and
summary (I;, S;). We then keep the Top-N docu-
ments:

D = Top-N (s4¢(Q, D;) | D; € D). (13)

In our implementation, the Q-Former reranker
adopts late interaction to aggregate token-level in-
teractions into a single similarity score.
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A.3 Query-Conditioned Passage Extraction

After selecting the Top-N documents D, we extract
one query-relevant passage from each document to
form the evidence candidates used by downstream
grounding and reranking.

For each document D; € D, the document
text 7; is segmented into a set of passages
{P;1,Pi2,..., P} Conditioned on the query
text 7;,, a passage extractor selects the most rele-
vant passage index:

ki = VM Ty {Pin}psy),  (14)
and the extracted passage is denoted as:
P = Pig. (15)

This yields N document-level evidence candidates
{(D;, P )}, where each candidate consists
of the document main image I; and the extracted
passage PP,

A4 Plug-and-Play Interface with MOLT

The proposed reranking module (MOLT) is
retriever-agnostic and operates on the Top-N ex-
tracted candidates produced above. Concretely,
MOLT takes as input the query Q = (I, T,) and
the candidate set {(P/™™, I;)}Y | (after optional
grounding/cropping in Sec. 3.1), and performs se-
quential tournament comparisons to select the final
evidence passage for answer generation.

B Grounding Training Details

RL Formulation for Grounding. We formu-
late the visual grounding task as a Reinforcement
Learning problem. Instead of relying on ground-
truth bounding box annotations—which are ab-
sent in the E-VQA dataset—we use the image
and question pairs as prompts to optimize the
model policy. Given a query Q@ = (I, Ty), the
model policy 7y generates a bounding box action
B = [x1,y1,x2,y2]. The objective is to maximize
the expected reward that measures the semantic
alignment between the cropped region and the ques-
tion.

Reward Function. We design a reference-free
reward function using EVA-CLIP-8B. For a gen-
erated bounding box B, we first validate its for-
mat. Invalid outputs (e.g., syntax errors or coordi-
nates violating z; < x3) receive a penalty reward
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Rpenaity- For valid boxes, we crop the image re-
gion 15" (with a padding ratio p) and compute the
alignment score:

R(B) = max (0, cos (Vimg(I5 "), Viext (1)) )
(16)
This reward signal incentivizes the model to au-
tonomously discover and localize the most seman-
tically relevant image regions.

Training Setup. We use Qwen3-VL-4B-Instruct
as the policy initialization. Training is conducted
using Reinforcement Learning for 1 epoch over
10K prompts sampled from the E-VQA training
split. The maximum generation length is set to 128
tokens to accommodate the coordinate output. The
prompt template guiding the model to generate the
specific coordinate format is provided in Table 11.

C Efficiency via Single-Pass Inference

Motivation. Standard pairwise reranking is typi-
cally implemented as an iferative pipeline: given N
candidates, the system performs /N —1 discrete pair-
wise comparisons. In this setup, the current winner
must be carried over to the next round, meaning
the winner candidate (including its image) is re-
input to the model for each subsequent comparison.
Consequently, the computationally expensive vi-
sual encoder is forced to recompute image features
for the surviving candidate multiple times, leading
to significant redundant computation.

Single-pass tournament inference. MOLT con-
solidates the entire ladder-style tournament into
a single model inference pass. All candidates
(cropped image regions and paragraphs) are pro-
vided in one input sequence. During the initial pre-
fill phase, the model encodes each candidate image
exactly once and stores the resulting hidden states
in the KV cache. Subsequent multi-round compar-
isons are executed internally by the autoregressive
decoder, attending to the cached representations
without re-running the visual encoder. This design
completely eliminates redundant visual encoding
and avoids fragmented cache rebuilds.

Computational implications. Let Cy;s and Cy,
denote the computational cost of one visual encod-
ing forward pass and one language-model decoding
step, respectively. In an iterative pairwise pipeline
with N candidates, the visual cost scales up to
O(N?) in the worst case (where the same winner is
re-encoded N —1 times). In contrast, MOLT incurs



Aspect Iterative Pairwise MOLT
Inference calls N-1 1

Visual encoding Repeated Once per candidate
KV cache Rebuilt Reused
Comparison External loop Internal attention

Table 7: Efficiency comparison between standard itera-
tive pairwise reranking and MOLT. MOLT performs
the full tournament in a single inference pass.

a fixed visual cost of O(N) (each candidate en-
coded once) regardless of the tournament outcome.
In practice, this effectively shifts the overhead from
expensive visual re-computation to lightweight to-
ken decoding, which is highly efficient on modern
accelerators.

D Analysis of Difficulty-Aware Reward
Scaling

In this section, we provide a detailed analysis
of how the Weak-to-Strong tournament schedule,
combined with our cumulative process reward de-
sign, constructs an intrinsic difficulty-aware learn-
ing objective. We visualize this mechanism in Fig-
ure 4 and provide a formal derivation below.

GT position

simple

000 0-
C000-
0000
0000~
000 0-

task complexity

Junoo uosuedwod |5

1
2
3
4

dificut () @ @ @ @ 4

()GT(Ground Truth) @ Negative

Figure 4: Visualizing Task Complexity and Reward
Scaling. The x-axis represents the initial retrieval rank
of the Ground Truth (GT) candidate, where 5 represents
the lowest retrieval score and 1 represents the highest.
The y-axis (right) shows the number of comparisons the
GT must win to be selected. A GT retrieved at rank 5
(Difficult) must survive 4 consecutive rounds (bottom
row), whereas a GT at rank 1 (Simple) enters only in the
final round (top row). Since rewards are accumulated
per winning step, harder tasks yield significantly higher
total rewards.

Mechanism Explanation. As illustrated in Fig-
ure 4, the input schedule dictates the “survival
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depth” required for the ground-truth candidate.

This creates two distinct scenarios:

* Simple Cases (GT Rank 1): When the re-
triever is confident (GT is ranked 1st, i.e.,
highest score), the GT candidate is introduced
only in the final round. The model performs
only 1 comparison involving the GT. Con-
sequently, the task complexity is minimal,
and the cumulative process reward is low

(1 X Tbonus)-

Difficult Cases (GT Rank 5): When the re-
triever performs poorly (GT is ranked 5th, i.e.,
lowest score), the GT candidate serves as the
initial seed and must participate starting from
the very first step. To become the final evi-
dence, it must defeat 4 negative candidates in
arow. This corresponds to 4 comparisons, rep-
resenting high task complexity. Consequently,
the cumulative process reward is maximized

(4 X Tbonus)-

Mathematical Derivation. To formalize this in-
tuition, let C = [c1, ca, ..., cy] be the list of can-
didates sorted by retrieval confidence in descend-
ing order. Let 7* € [1, N| denote the rank of the
ground-truth evidence. In our tournament schedule,
the candidate with the lowest rank (cyy) initializes
the winner bucket. Any subsequent candidate with
rank < N enters the tournament as a challenger
atround stept = N —r.

For the ground-truth candidate ¢, to be selected,
it must satisfy two conditions: (1) win the round
where it enters (either as the initial seed or a chal-
lenger), and (2) continue to win all subsequent
rounds against higher-ranked candidates. The num-
ber of successful comparison rounds required for
the ground truth ¢« is defined as:

Kwins = {
(17

(Note: Forr* =1, K yyns = 1, which fits the second
case r* < N if we treat the upper bound inclusive
of logic, but distinct separation highlights the ex-
tremes.)

Since the process reward accumulates a bonus
Thonus fOr each successful round involving the
ground truth, the maximum obtainable reward is
proportional to difficulty. Assuming perfect format
compliance and logical validity (v; = 1), the total

N -1

,,,,*

if r* = N (Lowest Score)
ifl<r*<N



Datasets Sel. Train MOLT Train Gen. Train  Test KB
E-VQA 20K 12K 20K 4,750 2M
InfoSeek - - 20K 71,335 100K

Table 8: Statistics of the InfoSeek and E-VQA datasets
used in our experiments. Sel. Train, MOLT Train, and
Gen. Train correspond to the training samples used in
passage selection, multimodal ladder tournament rerank-
ing, and answer generation, respectively.

reward approximates:
Rtotal(cr*) ~ Kyins * Thonus T Fres + const. (18)

Thus, a “Hard” sample (e.g., r* = N) offers a
potential reward significantly higher than an “Easy”
sample (r* = 1), scaling linearly with the number
of required wins.

Curriculum Effect in Gradient Optimization.
This linear relationship between retrieval difficulty
(r*) and reward magnitude creates an implicit cur-
riculum for the reinforcement learning stage. In
the GRPO framework, the policy gradient is scaled
by the advantage term A = R — R, where R is the
group baseline.

1. For simple cases (" = 1), most sampled out-
puts successfully select the GT. The variance
in rewards is low, leading to small advantage
values. The model maintains performance but
gradient updates are limited.

For difficult cases (r* = 5), the GT is buried
deep in the list. Early in training, the model
likely fails to sustain the GT through all 4
rounds, resulting in a low baseline R. When
the model successfully recovers such a hard
instance, it receives a large cumulative re-
ward R, resulting in a large positive advantage
(A>0).

This mechanism ensures that optimization is domi-
nated by hard negatives, incentivizing the system
to prioritize resolving retrieval noise rather than
overfitting to easy samples.

E More Implementation Details

Generator Training and Inference. We adopt
Qwen3-VL-8B-Instruct as the generator model. We
construct the generator training data by sampling
20K instances from E-VQA and 20K instances
from InfoSeek, resulting in a total of 40K sam-
ples. For each instance, we apply the document
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retrieval and paragraph extraction pipeline to ob-
tain the associated evidence passage, and then build
a VQA dataset augmented with retrieved evidence
for generator training. The generator is trained for
3 epochs on this combined dataset. Since E-VQA
and InfoSeek impose different requirements on an-
swer formats and evaluation protocols, we design
dataset-specific prompting strategies for the two
datasets (as detailed in Table 15 and Table 16). We
implement the fine-tuning process using the ms-
swift framework. To ensure training efficiency, we
utilize LoRA (Low-Rank Adaptation) with a rank
of r = 8 and a = 32 targeting all linear modules,
while keeping the Vision Transformer (ViT) and
the aligner frozen. The training is conducted on
4 NVIDIA GPUs with DeepSpeed ZeRO-2 opti-
mization to manage memory usage. We set the
learning rate to le-4 with a warmup ratio of 0.05
and a cosine decay scheduler. The effective global
batch size is set to 16 (batch size 1 per device x 4
devices x 4 gradient accumulation steps), and the
maximum sequence length is restricted to 2,548
tokens. Specific environment variables for Qwen3-
VL image processing are set to default values (e.g.,
IMAGE_MAX_TOKEN_NUM=648).

Passage Selection Training. We utilize the
Qwen3-VL-4B-Instruct model as the backbone
for the query-conditioned passage extractor. The
model is fine-tuned on the 20K passage selection
samples derived from E-VQA using the ms-swift
framework. We apply LoRA fine-tuning (r
8, a 32) targeting all linear modules for 3
epochs, while keeping the vision encoder and
aligner frozen. To accommodate the input of
document-level contexts containing multiple para-
graphs, we significantly expand the maximum se-
quence length to 8,192 tokens and increase the
image token budget to 1,024. Due to the in-
creased memory requirements from the long con-
text, we employ DeepSpeed ZeRO-3 optimization
distributed across 4 NVIDIA 3090 GPUs. The
learning rate is configured to 1e-4 with a cosine
scheduler and a warmup ratio of 0.05. The effec-
tive global batch size is 16 (batch size 1 per device
x 4 devices x 4 gradient accumulation steps).

Reranker Training Details. To initialize the
model with basic visual understanding and struc-
tured decision-making, we conduct supervised
fine-tuning (SFT) using instruction data generated
by a large multimodal teacher model. We use
Qwen3-VL-235B-Instruct (Team, 2025) as the



teacher model, which is also adopted in the offi-
cial Qwen RL training pipeline, ensuring consistent
output distributions.

F Further Analysis

In this section, we provide a deeper analysis of the
proposed MOLT framework, focusing on its com-
parative advantage against discriminative baselines
and its real-world inference efficiency.

F.1 Comparison with Discriminative
Reranker

To further validate the superiority of our generative
tournament approach, we compare MOLT against
BGE-VL-v1.5-mmeb (Zhou et al., 2025a), a state-
of-the-art multimodal embedding model optimized
for retrieval tasks. For the baseline, we compute
the cosine similarity between the multimodal query
embedding and the candidate embeddings to rank
the paragraphs.

Reranking Method Selection Acc ' VQA Score
BGE-VL-v1.5-mmeb' 80.3 50.4
MOLT (Ours) 88.3 57.5

Table 9: Comparison of evidence selection performance
on E-VQA (1-of-5 reranking setting). f: We use the
cosine similarity of the query and candidate embeddings
for ranking.

As shown in Table 9, MOLT significantly out-
performs the embedding-based method, achieving
an improvement of 8.0% in selection accuracy and
7.1% in downstream VQA performance. This high-
lights that while embedding models are efficient
for coarse retrieval, resolving hard negatives re-
quires the fine-grained reasoning inherent to our
tournament mechanism.

F.2 Efficiency Analysis

To demonstrate the real-world feasibility of MOLT,
we conducted a comprehensive latency benchmark
on a single NVIDIA RTX 3090 GPU. We mea-
sured the end-to-end latency for processing a single
query paired with 5 multimodal candidates (each
comprising a dynamic image region and text). We
compared three distinct experimental setups:

1. BGE-VL-v1.5-mmeb: A state-of-the-art em-
bedding baseline using the heavy LLaVA-1.6
backbone (~7.6B params). Since reranking
involves query-specific image cropping that
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cannot be pre-indexed, we measured the cost
of on-the-fly encoding for the query and all 5
candidates.

. Iterative Pairwise: The standard generative
approach that invokes the VLM N —1 times
sequentially to complete the tournament.

. MOLT (QOurs): Our proposed framework us-
ing the parameter-efficient Qwen3-VL back-
bone (~4B params), executing the tournament
in a single pass with vLLM optimization.

Method Backbone Latency

BGE-VL-vl.5-mmeb LLaVA-1.6 (7.6B)
Iterative Pairwise Qwen3-VL (4B)

4,633 ms
10,304 ms

MOLT (Ours) Qwen3-VL (4B) 4,231 ms

Table 10: Inference latency comparison on a single RTX
3090. BGE-VL incurs high latency due to the heavy
computational cost of on-the-fly visual encoding for
multiple high-resolution candidate images using a 7.6B
backbone. MOLT achieves the lowest latency by lever-
aging a lighter 4B backbone and a one-pass tournament
mechanism, effectively eliminating the overhead of re-
peated model invocations.

The results in Table 10 reveal two critical in-
sights regarding efficient multimodal reranking.

First, online visual encoding is a significant bot-
tleneck for embedding models. While embedding
models are typically efficient for retrieval over pre-
computed indexes, the reranking stage necessitates
real-time processing of dynamic candidate images.
Encoding the visual features of six high-resolution
images (1 query + 5 candidates) in a single forward
pass with a 7.6B parameter backbone incurs a sub-
stantial computational burden (~4.6s), negating the
typical speed advantage of discriminative models.

Second, the One-pass design effectively elimi-
nates generative overhead. The standard Iterative
Pairwise approach is prohibitively slow (~10.3s)
due to the overhead of repeated model invocations
and redundant memory access for the same visual
contexts. MOLT bridges this gap by consolidating
the visual processing and reasoning into a single
optimized pass. Consequently, MOLT achieves the
lowest latency (~4.2s) among all methods, demon-
strating that with an optimized one-pass architec-
ture and a parameter-efficient backbone, deep gen-
erative reasoning can be deployed with latency
comparable to, or even lower than, heavy visual
encoders.



G Prompts Used in MM-RAG Pipelines

In this section, we present the specific prompt tem-
plates utilized across the entire pipeline. We cate-
gorize them into four logical stages: retrieval and
grounding, reranking, answer generation, and base-
line comparison.

Retrieval and Grounding Prompts. The
pipeline begins with extracting evidence and
grounding visual contexts. Table 13 details the
Paragraph Selection Prompt, which instructs the
model to identify the most relevant section ID
from a Wikipedia article. Subsequently, Table 11
presents the Visual Grounding Prompt, designed
to localize and output the pixel coordinates of the
query-relevant image region.

MOLT Reranking Prompts. We employ two
distinct prompts for the tournament reranking stage.
The Teacher Prompt (Table 12) is used for data
construction, instructing the teacher model to per-
form isolated pairwise comparisons. The Student
Prompt (Table 14) is utilized during inference and
RL training. It strictly enforces the sequential Lad-
der Tournament protocol and XML formatting (e.g.,
<round> and <evidence> tags), which is essen-
tial for parsing reasoning chains and computing
rewards.

Answer Generation Prompts. For the final gen-
eration stage, we tailor the prompts to the specific
annotation styles of the benchmarks. Table 15 and
Table 16 show the templates for E-VQA and In-
foSeek, respectively. These prompts ensure the
generator produces concise answers or specific en-
tity formats aligned with the evaluation metrics.

One-shot Baseline Prompt. To benchmark our
method against standard approaches, we use a One-
shot 5-way Selection Prompt (Table 17). This
prompt instructs the model to directly select the
single best candidate from the list without interme-
diate reasoning steps.

H Qualitative Analysis

Figure 5 visualizes the evidence selection perfor-
mance. Strong embedding-based retrievers like
BGE-VL-v1.5-mmeb often struggle with hard neg-
atives. For instance, in the fungi example (top-left),
the baseline incorrectly selects a visually similar
“look-alike” species (Exidia nigricans) instead of
the ground truth (Bulgaria inquinans). Similarly,
in the spider example (top-middle), the baseline
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is distracted by a textually plausible but generic
description, whereas MOLT correctly aligns the
specific visual feature (“orb-shaped web”) with
the precise habitat evidence. These cases demon-
strate that our sequential tournament mechanism
provides the necessary fine-grained discrimination
to filter out subtle distractors that confuse one-shot
retrievers.



System:

You are an Al assistant specialized in visual grounding.

Your task is to locate and return the bounding box coordinates of the most relevant region in the image based on the user’s
question.

TASK:

Locate and return the bounding box coordinates of the region in the image that is most directly related to the question.

REQUIREMENTS:

1) Return ONLY ONE bounding box — the most relevant region.

2) Use PIXEL COORDINATES (not normalized values).

3) Format: [x1, y1, x2, y2].

4) (z1,y1) is the top-left corner; (z2, y2) is the bottom-right corner.

5) The user will provide the image size. Ensure your coordinates are within those bounds.
6) If no relevant region exists OR the entire picture is related to the question, return: [].

OUTPUT:
Return ONLY the bounding box (or []), no other text.

User:

Identify the single most relevant region in this image for the question:
Image: <image>

Question: {question?}

Image size is {img_width}x{img_height} pixels.

Table 11: Prompt template used for training and inference of the visual grounding module.

System:

You are a helpful assistant assisting in selecting the best matching document for a visual query.
I will present a Query Image/Question and two Candidate documents (identified by their IDs).
Your task is to determine which candidate implies the correct answer or matches the query best.

OUTPUT FORMAT:

For each round, output XML.:

<think>

Detailed reasoning based ONLY on visual and textual evidence. Do not mention you know the answer beforehand.
</think>

<winner>[ID_OF_WINNER |</winner>

LENGTH LIMIT:
For each round, your output must be no more than 200 English words. Be concise but clear.

Table 12: Teacher prompt used for constructing MOLT training data.

System:

Read the Wikipedia article and identify the single most relevant section ID that answers the user’s query.
Output ONLY the integer ID of the section (e.g., 0).

Do not output any other text or explanation.

User:

Query: {question}

Image: <img></img>

Wiki Article: {formatted_wiki_content}
Best Section ID:

Table 13: Prompt template used for paragraph selection.
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b3

What is the habitat
of this animal?

What is the habitat
of this bird?

7

Is this bird shy or
bold?

What hs helped
this plant

What is the typical
size of this fungi?

Exidia glandulosa forms
dark sepia to blackish,
rubbery-gelatinous fruit
bodies that are top-
shaped ...

Exidia nigricans forms
dark sepia to blackish,
rubbery-gelatinous fruit
bodies that are button-
shaped and around ...

Ground-Truth : 3

s
The female spins an orb-
shaped web out of silk.
The male does not spin
aweb, instead it ...

The spider builds a spiral
orb web at dawn or
dusk, commonly in long
grass a little above ...

Ground-Truth : 1

~

The shikra is found in a
range of habitats
including forests,
farmland and urban
area ...

Ground-Truth : 3

The besra (Accipiter
virgatus), also called the
besra sparrowhawk, is a
bird of prey in the family
Accipitridae ...

The black rail is rarely

seen and prefers
running in the cover ...

The barred rail
(Hypotaenidia torquata)
is a species of rail found
across the ...

Ground-Truth : 5

Southern rata is a
beautiful specimen tree,
but growth can be

slow ..

In New Zealand,
pohutukawa are under
threat from browsing ...

Ground-Truth : 4

The cap of Bulgaria
inquinans generally has
a diameter between 0.5
and4cm (0.19into 1.6

in) ...

The fruit bodies begin
from dense, black
mycelium on the surface
of oak branches in ...

BGE-VL-V15:1

o i

In lllinois, Argiope
trifasciata hatches in
early summer but does
not become readily
notable until ...

BGE-VL-V1.5:3

Yellow garden spiders
often build webs in
areas adjacent to open
sunny fields wher ...

The brown goshawk is
widespread through
Australia, Wallacea, New
Guinea, New Caledonia,
Vanuatu ...

A widespread species
throughout the
temperate and
subtropical parts of the
Old World ...

BGE-VL-V15:1

A

It is a poor flyer but it
can run rapidly. It
spends most of its time
on the ground but ...

BGE-VL-V1.5:1

They migrate to the
southern United States,
the Caribbean ...

. 22508
Red matipo is a fast
growing, early
colonizing species, yet
can also survive ...

i
The greatest threat to
northern rata is
browsing by introduced
possums ...

BGE-VL-V1.5:1

Plicaria carbonaria is a
species of apothecial
fungus belonging to the

family Pezizaceae, This is
a common European ...

MOLT : 3

They are found near
human settlements and
they prefer woodland in
sunny locations ...

MOLT : 1

‘"-l

Accipiter is a genus of
birds of prey in the
family Accipitridae. With
51 recognized species it
is the most ...

MOLT : 3

Itis a largely terrestrial
bird the size of a small
domestic chicken, with
mainly brown ...

MOLT : 5

Metrosideros
kermadecensis is widely
cultivated in New
Zealand ...

MOLT : 4

Figure 5: Qualitative comparison on E-VQA. We compare MOLT against the BGE-VL-v1.5-mmeb baseline. The
baseline often succumbs to hard negatives candidates that are visually similar (e.g., look-alike fungi) or semantically
related (e.g., generic spider descriptions) but factually wrong. MOLT effectively resolves these ambiguities through
fine-grained pairwise comparisons.
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System:

You are an expert multimodal reranker.

Your goal:

Given a user query (text + image) and a list of candidates (each with an image region and a paragraph),
select the SINGLE most relevant candidate ID.

Ladder Tournament strategy:

1. Initialize Current Best = Candidate [N].

2. For i = N-1..1, compare Current Best vs. Candidate [i] ONLY and update Current Best to the winner.
3. After all comparisons, Current Best is the final evidence.

OUTPUT FORMAT:

For EACH step, output one <round>...</round>block:

<round>
<compare>[best_id] vs [next_id]</compare>
<think>Short reasoning why the winner is better.</think>
<winner>[winner_id]</winner>

</round>

After all rounds, output one final line:

<evidence>[Best_ID]</evidence>

CRITICAL:
Output ONLY <round>blocks and the final <evidence>tag.
Do NOT output any other text.

Table 14: Student prompt used for MOLT inference.

System:

Given the provided image, the associated question, and relevant information from Wikipedia,
respond to the question concisely and directly without any additional explanation.

If the knowledge does not contain the information needed to answer the question,

you should use your own knowledge to answer it.

User:

Image: <image>

Knowledge: {retrieved_section_text}
Question: {question}

Answer:

Table 15: Prompt template used for answer generation on E-VQA.

System:

You are a visual question answering assistant with encyclopedic knowledge.
Look at the image and give a direct, concise answer without explanation.

If the knowledge does not contain the information needed to answer the question,
you should use your own knowledge to answer it.

If you need to answer questions about numbers or time,

please output the corresponding numerical format directly.

User:

Image: <image>

Knowledge: {retrieved_section_text}
Question: {question}

Answer:

Table 16: Prompt template used for answer generation on InfoSeek.
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System:

You are a multimodal reranker. Given a query (image + question) and five candidates (each with an image region and a
paragraph), select the single candidate that is most relevant to the question and best matches the query image. Output only
the candidate ID (1-5), nothing else.

User:
Query Image: <image>
Question: {question}

Candidates:

1) Image: <image_ 1>
Paragraph: {para_1}

2) Image: <image 2>
Paragraph: {para_2}

3) Image: <image_3>
Paragraph: {para_3}

4) Image: <image_4>
Paragraph: {para_4}

5) Image: <image_5>
Paragraph: {para_5}

Output:
Return ONLY one number in {1,2,3,4,5}.

Table 17: One-shot 5-way evidence selection prompt used as a baseline reranker.
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