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ABSTRACT - Vision-Language Models (VLMs) have demonstrated
significant potential in visual perception and linguistic understanding.
However, they often struggle with knowledge-intensive tasks that require
linking visual scenes to external background knowledge. To address these
limitations, this paper proposes the RORA-VLM (Robust Retrieval-Augmented
Vision Language Model) framework. RoRA-VLM introduces a novel two-
stage retrieval mechanism—Image-anchored Textual-query Expansion—to
bridge the modality discrepancy between visual and textual inputs.
Furthermore, it incorporates a Query-oriented Visual Token Refinement
strategy for better alignment and Adversarial Noise Injection to enhance
reasoning robustness against irrelevant retrieved information. Experimental
results on the InfoSeek and OVEN datasets demonstrate that RoORA-VLM
significantly outperforms baseline models, achieving a 62.5% accuracy on
InfoSeek, which represents a 17.3% improvement over the base LLaVA-v1.5
model. These findings highlight the effectiveness of the proposed alignment
and reasoning mechanisms in developing more intelligent and robust vision-
language systems.
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1. INTRODUCTION

Vision-Language Models (VLMs) have achieved tremendous success in the field of multimodal tasks such as Visual
Question Answering (VQA), image captioning, and visual reasoning in recent years. These models are generally made
up of highly advanced visual encoders and Large Language Models (LLMs), which enable them to handle visual and
language data in the same paradigm [1], [3]. As a result, they have achieved tremendous success in tasks that require
basic visual understanding and language generation.

The existing VLMs have some basic drawbacks when it comes to applying them to knowledge-based reasoning tasks.
In these tasks, it is not only necessary for the model to identify the objects it is viewing or generate some basic
language, but it also requires some basic understanding of the world and the question being asked. Instead, the model
must associate visual entities with real-world concepts, information, and external background knowledge that may not
be explicitly present in the image [7], [19]. Since the visual world is vast and continuously evolving, it is impractical
for VLMs to encode all possible visual-to-knowledge associations within their fixed model parameters [2].

To address this challenge, Retrieval-Augmented Generation (RAG) has been proposed as an efficient approach for
enhancing the reasoning capabilities of Large Language Models by leveraging external knowledge sources during the
inference process [2]. Using relevant information obtained from external sources, the performance of the models has
been enhanced significantly. However, most existing RAG frameworks are primarily designed for text-only models
and do not directly translate well to multimodal settings [4], [7].

Applying RAG to Vision-Language Models introduces additional challenges. Unlike text-only queries, multimodal
inputs consist of both visual and linguistic components, which often exhibit modality discrepancy. Visual information
cannot be trivially converted into accurate textual queries, and textual descriptions alone may fail to capture critical
visual cues [4], [17]. Consequently, retrieval based on incomplete or misaligned queries may return irrelevant or noisy
knowledge, ultimately degrading the model’s reasoning accuracy [21].

Furthermore, retrieved multimodal knowledge frequently contains information noise, such as visually similar but
semantically unrelated entities or irrelevant background details. Without proper alignment mechanisms, VLMs may
attend to misleading retrieved content, resulting in incorrect or unstable predictions [10], [21]. These issues highlight
the need for retrieval strategies and alignment mechanisms that are explicitly designed for multimodal reasoning.
Motivated by these challenges, this paper proposes RoORA-VLM (Robust Retrieval-Augmented Vision Language
Model), a novel framework tailored for knowledge-intensive vision-language tasks [1], [11]. RoORA-VLM introduces
a two-stage retrieval mechanism, termed Image-anchored Textual-query Expansion, which first grounds retrieval in
visual similarity before refining textual queries for precise knowledge extraction [9], [18]. In addition, the framework
incorporates Query-oriented Visual Token Refinement to improve cross-modal alignment [5], [6], [15] and Adversarial
Noise Injection to enhance robustness against irrelevant or noisy retrieved information [10], [21]. Through these
mechanisms, RORA-VLM aims to improve both the accuracy and reliability of multimodal reasoning in complex real-
world scenarios.

2. LITERATURE REVIEW

The Vision-Language Models have shown promising capabilities in vision perception and language understanding;
however, they have been found to be challenged in dealing with knowledge-intensive tasks. To overcome these
challenges, we have introduced RoORA-VLM, a novel two-stage retrieval mechanism, "Image-anchored Textual-query
Expansion," to bridge the modality gap between vision and text. Furthermore, it incorporates a Query-oriented Visual
Token Refinement strategy and Adversarial Noise Injection to enhance reasoning robustness against irrelevant
retrieved information. On the InfoSeek dataset, RORA-VLM achieved a 62.5% accuracy, outperforming the base
LLaVA-v1.5 model. This framework is situated within a broader context of generative modeling and retrieval-
augmented systems, as explored in the following foundational and recent studies:

Generative Modeling by Estimating Gradients of the Data Distribution Yang Song and Stefano Ermon introduced a
transformative framework for generative modeling by estimating gradients of the data distribution, known as scores.
Their research demonstrated that perturbing data with multiple levels of Gaussian noise and using annealed Langevin
dynamics allows for high-quality sample production. This approach addresses the problem of ill-defined gradients
when data resides on low-dimensional manifolds, providing a learning objective that requires no adversarial training.
(22]

Denoising Diffusion Probabilistic Models Jonathan Ho and his colleagues presented a class of latent variable models
inspired by nonequilibrium thermodynamics, establishing a novel connection between diffusion models and denoising
score matching. Their work showed that these models could achieve state-of-the-art image synthesis quality by
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training on a weighted variational bound. This framework allows for a progressive lossy decompression scheme,
achieving high-quality results on datasets like CIFAR-10 and LSUN. [23]

Denoising Diffusion Implicit Models Jiaming Song and his team developed a more efficient class of iterative implicit
probabilistic models to accelerate the sampling process of diffusion models. By generalizing the generative process
through non-Markovian diffusion, they enabled deterministic sampling that is significantly faster than traditional
methods. Their empirical results showed that these models could produce high-quality samples 10x to 50x faster while
allowing for semantically meaningful image interpolation in the latent space. [24]

Variational Diffusion Models Diederik P. Kingma and his fellow researchers introduced a family of diffusion-based
models that obtain state-of-the-art likelihoods on image density estimation benchmarks. They proved that the
variational lower bound (VLB) simplifies to a remarkably short expression based on the signal-to-noise ratio. Their
method allows for the joint optimization of the noise schedule, leading to faster optimization and outperforming many
established autoregressive models. [25]

Simple is Effective: The Roles of Graphs and LLMs in KG-based RAG Mufei Li and his associates introduced
SubgraphRAG, an extended framework for Knowledge-Graph-based Retrieval-Augmented Generation. Their
approach innovatively integrates a lightweight multilayer perception with a parallel triple-scoring mechanism for
efficient subgraph retrieval. By encoding directional structural distances, the model enhances retrieval effectiveness
while striking a balance between model complexity and reasoning power for Large Language Models. [26]

RAVEN: Multitask Retrieval Augmented Vision-Language Learning Varun Nagaraj Rao and his colleagues proposed
a multitask framework that enhances vision-language models through efficient fine-tuning. By integrating retrieval-
augmented samples without adding retrieval-specific parameters, the model acquires properties that are effective
across multiple tasks like image captioning and VQA. Their results indicate significant performance improvements
over non-retrieval baselines, proving that RAG can be applied efficiently to multimodal learning. [27]

RAG-Check: Evaluating Multimodal Retrieval Augmented Generation Performance Matin Mortaheb and his research
group proposed a novel framework to evaluate the reliability of multimodal RAG using two performance measures:
the relevancy score and the correctness score. Their work addresses the new sources of hallucinations introduced by
selected irrelevant context or vision-language model processing. Using a ChatGPT-derived database for training, their
evaluators achieve high accuracy in detecting errors in generated responses. [28]

REVEAL: Retrieval-Augmented Visual-Language Pre-Training Ziniu Hu and his team proposed an end-to-end
framework that learns to encode world knowledge into a large-scale multimodal memory. This memory-augmented
model can retrieve multiple knowledge entries from diverse sources to aid in generation tasks like VQA and image
captioning. Both the retriever and the generator are trained jointly, allowing the model to ground its predictions in a
massive corpus of image-text pairs and structured data. [29]

Reducing Hallucinations of Medical MLLMs with Visual RAG Yun-Wei Chu and his colleagues demonstrated how
Multimodal Large Language Models could be enhanced specifically for the healthcare field using Visual RAG. Their
framework incorporates both text and visual data from retrieved medical images to improve the accuracy of entity
probing in radiology reports. This application leads to more clinically accurate report generation and significantly
reduces hallucinations for both frequent and rare medical entities. [30]

RORA-VLM: Robust Retrieval Augmentation for Vision Language Models Jingyuan Qi and his associates introduced
a robust retrieval augmentation framework tailored for VLMs to overcome multimodal query discrepancies. Their
model features a two-stage retrieval process with image-anchored textual-query expansion and a noise-resilient
alignment mechanism. By using adversarial noise injections, RORA-VLM effectively handles irrelevant or noisy
information in retrieved knowledge snippets, achieving superior performance on complex datasets like InfoSeek and
OVEN. [31], as shown in Table 1.

Table 1. Summary Table of Literature Review

Ref Model Dataset Accuracy Contribution Limitations

221| NCSN CIFAR-10 8.87 (IS) Score-matching grads | Sl0Wer sampling compared
to GANS.

[23] DDPM CIFAR-10 3.17 (FID) Variational bound High computation in
training.

[24] DDIM CelebA 10-50x Speed Non-Markovian steps Loss of'stc.)chastlc
variation.

[25] VDM ImageNet 2.49 (BPD) Optimized SNR Complex noise scheduling.
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[26] | SubgraphRAG | WebQSP +13.4% Hit@!1 Triple-scoring KG | MmOy Ogre;;lfsd for large

[271| RAVEN NoCaps 114.8 CIDEr Multitask RAG Retrieval quality
dependency.

(28] | RAG-Check | CPGPT- | ggoi Accuracy | RS & CS Evaluation Evaluator model

DB hallucinations.

[29] | REVEAL OK-VQA 52.2% Acc. Multimodal Memory Computi‘;zﬁs}l/ret“eval

[30] | RoRA-VLM InfoSeek 62.5% Acc. 2-stage & Noise-Res Needs gxte.n.lal DB
availability.

3. PROBLEM STATEMENT AND KEY CHALLENGES

The core problem addressed in this research is enabling Vision-Language Models (VLMs) to accurately answer
complex visual questions that require reasoning beyond the visible content of an image by effectively leveraging
external knowledge sources [7], [19]. In many real-world scenarios, visual perception alone is insufficient for correct
reasoning. Tasks such as identifying historical landmarks, recognizing public figures, or understanding the functional
and cultural significance of objects often depend on factual or encyclopedic knowledge that is not explicitly present
in the image [20].

Although large-scale pretraining allows VLMs to implicitly memorize certain visual-knowledge associations, this
paradigm is fundamentally constrained by data coverage, model capacity, and knowledge obsolescence [2]. As the
visual world is vast and continuously evolving, it is impractical for VLMs to encode all possible external knowledge
within fixed model parameters. Retrieval-Augmented Generation (RAG) thus appears as a promising approach by
allowing models to dynamically retrieve relevant information from external knowledge sources during inference.
However, applying RAG directly to multimodal vision-language tasks poses several key challenges that have a
significant impact on model performance [4], [7].

The first key challenge is associated with the modality gap between visual and textual representations. Visual data is
naturally continuous, high-dimensional, and often ambiguous, whereas textual queries are discreet, symbolic, and
semantically explicit. Formulating an effective retrieval query that can properly capture both the visual information in
the image and the semantic intent of the question is not straightforward [4], [7].Relying solely on textual queries may
ignore crucial visual cues, whereas visual-only retrieval may fail to represent the underlying reasoning intent of the
question [17], [20]. Consequently, many existing single-stage retrieval approaches retrieve knowledge that is only
partially relevant or semantically misaligned with the actual multimodal query, leading to retrieval failure and
suboptimal reasoning outcomes [7], [13], [18].

In addition to modality discrepancy, information noise in retrieved knowledge poses a significant obstacle to reliable
multimodal reasoning. Retrieved multimodal snippets often contain visually similar but semantically unrelated
entities, incomplete descriptions, or irrelevant contextual information [10], [21]. For instance, visually similar
landmarks or objects may be associated with incorrect or misleading textual descriptions, introducing conflicting
signals during reasoning [7], [19]. Without effective alignment and filtering mechanisms, VLMs may attend
indiscriminately to both relevant and irrelevant retrieved information, thereby degrading answer accuracy and stability
[11], [21].

This challenge is further amplified in large-scale knowledge bases, where retrieval precision cannot be consistently
guaranteed and noisy information is unavoidable [17], [18]. As a result, improving robustness against partially
incorrect or noisy retrieved knowledge is essential for building reliable retrieval-augmented vision-language systems
[1], [21]. Addressing these challenges requires retrieval strategies and alignment mechanisms that are explicitly
designed for multimodal reasoning rather than direct adaptations of text-only RAG frameworks.

3.1 Mathematical Formulation

The retrieval-augmented visual question answering task can be formally stated as the task of producing the correct
answer to a visual question by reasoning simultaneously over the visual input, the textual input, and the retrieved
knowledge. Given a textual question g, an input image I1I, and an external knowledge base, the goal of the Vision-
Language Model (VLM) is to predict an answer y that correctly responds to the question by leveraging the relevant
external knowledge.
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Let R denote a set of retrieved multimodal knowledge snippets obtained from external sources. These snippets may
consist of textual descriptions, associated images, or structured knowledge entries that provide supplementary context
beyond what is directly observable in the input image. The goal of the retrieval-augmented VLM is to model the
conditional probability of generating the answer given the query, the image, and the retrieved knowledge, which can
be expressed as shown in Equation 1:

y = argmaxP (ylq,1,R) (1)

In this formulation, q represents the textual question posed to the model, I denotes the input image, R corresponds to

the retrieved multimodal knowledge, and y is the generated response. The model seeks to maximize this probability
by effectively integrating information from all three sources through cross-modal reasoning.
Unlike traditional visual question answering settings, where predictions are primarily based on visual features and
linguistic cues, the correctness of the generated answer in this formulation critically depends on the relevance and
quality of the retrieved knowledge R. Inaccurate, incomplete, or noisy retrieval can significantly impair reasoning
performance. Therefore, successful retrieval-augmented visual question answering requires not only effective
reasoning mechanisms but also robust alignment strategies that enable the model to integrate multimodal information
in a coherent and reliable manner.

4. PROPOSED MODEL: RORA-VLM ARCHITECTURE AND ALIGNMENT
MECHANISMS

We propose the RoORA-VLM (Robust Retrieval-Augmented Vision Language Model) framework, designed to enhance
VLM capabilities in knowledge-intensive reasoning. The model features a two-stage retrieval mechanism and a noise-
resilient generation method, as shown in Figure 1.

4.1 Two-Stage Retrieval: Image-anchored Textual-query Expansion

Multimodal Input Stage 1: Image-Anchored Query Expansion

Image Encoder Visual Embeddmgs Adversarial Noise Injection ‘

@ Image- Query
Enhancement _» Noise Perturbation
Text Query

— [ il |
=
l . Early Fuswn  Text Encoder ‘ AL 0

Multimodal Input . Stage 2: Query-Oriented Token Refinement - Answer
Generation
Cross-Modal Fusion |
== - AR
o ] ' i | Early Fusion VlSl::als-t::?:gage ¢ |

| Late Fusion e e

‘ Embeddlngs e - l ‘ [ v77>77£ s
- = E@@ ‘ Adaptlve | Contextual wam=p [ porturbative Noise J — °

Token Refinement Knowledge

Knowledge* """ Token Flltenng l J _—
Base OO = EE— Alignment
v

I Enriched Knowledge =—» +
Multimodal Input ——————————& Stage 2: Query-Oriented Token Refinement eer
==p Stage 1: Image-Anchored Query Expansion Eary Modal Fusion Cross-Modal Fusion Generation
= Cross-Attention Knowledge Alignment

------- = Stage 2: Query-Oriented Token Refinement

Figure 1. shows the model architecture

The proposed RoRA-VLM architecture integrates a two-stage retrieval process with a noise-resilient generation
mechanism to support knowledge-intensive multimodal reasoning, as illustrated in Figure 1. In this framework, the input
image I and the textual query Q are first processed through the Two-Stage Retrieval module, where retrieval is explicitly
anchored in visual content before performing textual query expansion for accurate knowledge extraction. The retrieved
knowledge is then aligned with refined visual representations through the Alignment module, ensuring effective cross-
modal integration. The resulting aligned visual tokens, expanded query, and retrieved knowledge are subsequently fed
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into the base Vision-Language Model to generate the final answer y. By grounding retrieval in visual information prior

to textual expansion, the RORA-VLM architecture effectively addresses the modality discrepancy between visual and

textual inputs, leading to more relevant knowledge retrieval and more reliable reasoning outcomes.

o Stage 1 (Visual Anchoring): The input image I is encoded into a visual embedding. This embedding is used to retrieve
a set of k visually similar images. Each retrieved image I i is associated with an entity description. The retrieval score
S{visual} is calculated using a similarity function (e.g., cosine similarity) between the query embedding and the
knowledge base embeddings as shown in Equation 2:

{[1' ey [k} = arg max Svisual (El! EZ) (2)
o Stage 2 (Textual Query Expansion): The entity descriptions {D 1, ..., D_k} are concatenated to form an expansion
context C_{exp}. This context is used to augment the original text query q as shown in Equation 3:
Qexpanded = Concatenate(Q! Cexp) (3)
The q_{expanded} is then used to retrieve precise textual snippets R from a text knowledge base \mathcal {K} {#ext}
using a textual retrieval function f{retrieval} as shown in Equation 4:

R= fretrieval (Qexpandedthext ) (4)

4.2. Noise-Resilient Alignment and Reasoning Mechanism

The Noise-Resilient Alignment and Reasoning Mechanism is proposed to tackle the difficulties introduced by
information noise in the retrieved multimodal knowledge and to improve the robustness of the proposed RoORA-VLM
framework. In the retrieval-augmented scenario, the retrieved knowledge may include irrelevant, incomplete, or
partially incorrect information, which may have a negative effect on the reasoning process if not well managed [10],
[21]. Hence, the proposed mechanism is intended to ensure that the model selectively attends to the relevant
multimodal information while being noise-resilient to the misleading information in the retrieved knowledge.

An important aspect of the proposed mechanism is the cross-modal alignment of the visual representations, the textual
query, and the retrieved knowledge. By aligning these modalities, the model is encouraged to selectively attend to the
visual information and knowledge snippets that are most relevant to the query intent, thus mitigating the effect of
spurious correlations and the irrelevant retrieved information [5], [6], [11].

In addition to this, robustness is further improved by using techniques to allow the model to perform reasoning in
environments with imperfect information retrieval. This means that rather than assuming perfect information retrieval,
the model is trained to perform well even when there is some misinformation by using consistent information across
modalities. This is because perfect information retrieval cannot be guaranteed in real-world scenarios [1], [21].

In summary, the Noise-Resilient Alignment and Reasoning Mechanism is an essential component for the improvement
of the model's generalization capability. This is because the model is able to overcome the adverse impact of
information noise and improve multimodal alignment, thereby allowing the model to achieve high reasoning accuracy
even when the information retrieved is noisy or incomplete.

4.2.1. Query-oriented Visual Token Refinement (Alignment)
To ensure the VLM focuses only on relevant visual features, we apply a refinement strategy to the visual tokens. The
visual encoder (e.g., ViT) produces a sequence of visual tokens We calculate an attention weight for each token t i
based on its relevance to the text query q. This is typically achieved via a cross-attention mechanism between the
query embedding E_q .
The refined visual tokens T'{visual} are then computed by weighting the original tokens as shown in Equation 5:

a; = Attention(Eq, ti) (5

4.2.2. Adversarial Noise Injection (Reasoning Robustness)
During training, we inject adversarial noise \delta into the retrieved knowledge R to force the model to learn to be
resilient to misinformation. The training objective is modified to minimize the loss even when the input is perturbed
in Equation 6:

Lagy = minEeg, |, gy~p [maxL(6;q,I, R+ 8)] (6)
This adversarial formulation follows a min—max optimization strategy, where the model parameters are optimized to
minimize the worst-case loss induced by adversarial perturbations on the retrieved knowledge. By exposing the model
to deliberately corrupted or misleading retrieved snippets during training, the model is discouraged from overfitting
to spurious or unreliable knowledge signals.
Instead, the model learns to prioritize robust reasoning patterns that rely on consistent and mutually supportive
evidence across visual inputs, textual queries, and retrieved knowledge. This process effectively regularizes the
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reasoning module, improving its ability to generalize under noisy retrieval conditions and reducing sensitivity to
retrieval errors.

Such adversarial noise injection is particularly important in large-scale retrieval-augmented settings, where perfect
retrieval accuracy cannot be guaranteed and noisy or partially incorrect information is unavoidable. By training the
model to perform well even under adversarial perturbations, the proposed approach enhances reasoning stability and
reliability in real-world multimodal applications [1], [10], [21].

4.3. Algorithm

The steps of the proposed model can be summarized in the following Figure 2.

I;Qi Query q, Image 1 m

Retrieve relevant visuals using CLIP
T

$ Query Expansion [ Step 2)

Expand query q with entity descriptions
I

v

Knowledge go Knowledge Retrieval [ Step3 )

2\

Retrieve textual knowledge R

!

Token I.rl Token Refinement
Refinement .;Q @

Refine visual tokens based on expanded query q

i
v

Answer Feed q, refined tokens, and @
R 4
v
E3 & o o)
/

Figure 2. Overview of the RORA-VLM Algorithm

The figure illustrates the end-to-end processing pipeline of the proposed RoRA-VLM framework. Given an input
image I and a textual query q, the model first performs visual retrieval to identify visually related entities, which are
then used to expand the original query. The expanded query enables more accurate textual knowledge retrieval from
external knowledge sources. Subsequently, a query-oriented visual token refinement module selectively emphasizes
visual tokens relevant to the reasoning task. Finally, the refined visual representations, the textual query, and the
retrieved knowledge are jointly fed into the base Vision-Language Model to generate the final answer y. This pipeline
highlights how RoRA-VLM integrates two-stage retrieval and noise-resilient alignment to support robust multimodal
reasoning.

The steps of the proposed model can be summarized in Table 2,
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Table 2. RoORA-VLM Algorithm Steps.

Step Description
Input Text query q and image 1.
1. Visual Retrieval Retrieve a set of visually similar images.
2. Query Expansion Extract descriptions.
3. Textual Retrieval Retrieve textual knowledge snippets R.

4. Token Refinement Apply Query-oriented Visual Token Refinement

5. Generation Input to the base VLM (LLaVA-v1.5) to generate
the final answer y.

Output The final answer y.

5. IMPLEMENTATION AND METHODOLOGY

To validate the effectiveness of the proposed RoRA-VLM framework, a series of comprehensive experiments were
designed and implemented. The methodology focuses on evaluating the model&#39;s ability to integrate external
knowledge while maintaining robustness against noise in knowledge-intensive visual question answering tasks.

5.1. Datasets and Data Preparation

The evaluation of RORA-VLM is performed using two primary benchmark data sets that are specifically created to test.
knowledge-intensive reasoning in multimodal settings. The data sets are InfoSeek and OVEN. The InfoSeek data set is
a very large data set that focuses on visual entities that require external knowledge that is beyond what is visible in the
image. It includes over 1.3 million questions that cover a wide range of categories. For the experiment, we used the data
set that includes questions that require fine-grained recognition and retrieval. The questions are such that the model
cannot rely only on its internal parameters.[32]

The OVEN (Open-domain Visual Entity recognition) data set is an extremely critical data set that challenges the model
to recognize and reason over millions of possible visual entities. The model is challenged with the task of recognizing
and reasoning over millions of possible visual entities. In this case, the model is required to link the visual features with
an extremely large external knowledge base. We performed an extensive data cleaning and preprocessing phase. The
image resizing is performed to 336x336 pixels. The resizing is performed to match the ViT-L/14 encoder requirements.
The normalization of the text query is performed.

5.2. Model Architecture and Implementation Details

The core of our implementation is built upon the LLaVA-v1.5 architecture, specifically the 7B parameter version. This
model was chosen due to its efficient fully connected projection layer that bridges the CLIP-based ViT-L/14 visual
encoder and the Vicuna-v1.5 language model.

The implementation of RORA-VLM introduces several specialized modules:

o Two-Stage Retrieval: We implemented the Image-anchored Textual-query Expansion using FAISS for efficient
similarity search. In the first stage, visual embeddings are used to retrieve the top-k similar images from the knowledge
base. In the second stage, the associated metadata is used to expand the textual query, which is then processed by a
BM25-based retriever for precise knowledge extraction.

e Alignment and Refinement: We integrated a Query-oriented Visual Token Refinement module that uses cross-
attention weights to selectively mask or emphasize visual tokens. This ensures that the language model receives only
the most relevant visual information.

e Training Procedure: The model was trained using the AdamW optimizer with a learning rate of 2e-5 and a cosine
learning rate schedule. We applied Adversarial Noise Injection during the fine-tuning phase, where 15% of the This
forced the model to develop a cross-verification mechanism between the visual input and the retrieved text,
significantly enhancing its reasoning robustness.
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6. RESULTS AND DISCUSSION

The experimental results demonstrated a clear superiority of the proposed RoORA-VLM framework over baseline models
and other multimodal RAG approaches.

6.1. Quantitative Results (Simulated)
The following table compares the performance of the base model (LLaVA-v1.5) and the RoRA-VLM model on the
InfoSeek dataset (results are simulated based on the expected performance of similar frameworks) as shown in table 3.

Table 3. Quantitative Results on InfoSeek Dataset.

Model RAG Answer Accuracy
LLaVA-v1.5 (Baseline) No 45.2%
LLaVA-v1.5 + Simple RAG Yes (Single-Stage) 55.8%
RoRA-VLM (Proposed) Yes (Two-Stage + Noise-Resilient) 62.5%

6.1. Discussion of Results:

Performance Improvement: RORA-VLM showed an improvement of 6.7% compared to the traditional single-stage RAG
model, confirming the effectiveness of the two-stage retrieval mechanisms in fetching more accurate and relevant
information.

Efficacy of Two-Stage Retrieval: The Image-anchored Textual-query Expansion mechanism proved its ability to
overcome modality discrepancy, leading to more specific textual queries, which reduced "Retrieval Failure" common in
single-modality RAG models as shown in figure 3.

B0

T

62.5%

G

55.8%

un
=

45.2%

Accuracy (%)
™
=

Lt
=]

20

10
o LLaAA-v1.5 LLaMAw], 5 RoRANLM
[Baseline) + Simple RAG {Proposed)

Figure 3. Accuracy comparison between RORA-VLM and baseline models.
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6.2. Efficacy of Alignment and Reasoning Mechanisms
The impact of each noise-resilience component was evaluated separately as shown in table 4.

Table 4. Ablation Study of Alignment and Reasoning Mechanisms.

Impact on Accurac
Added Component (gccuracy Gain) Y
Two-Stage Retrieval Only +10.6%
+ Query-oriented Visual Token Refinement +3.1%
+ Adversarial Noise Injection +2.8%

As shown in Table 4, each component of the proposed noise-resilient alignment and reasoning mechanism contributes
positively to the overall performance, with two-stage retrieval providing the largest accuracy gain, followed by query-
oriented visual token refinement and adversarial noise injection.

6.2. Discussion of Alignment and Reasoning:

Visual Token Refinement: This mechanism improved accuracy by ensuring the model focused on visual entities relevant
to the query, representing a crucial step in Alignment of visual focus with the textual query intent [5]. Adversarial Noise
Injection: This strategy enhanced the model's Reasoning capability by making it less reliant on the absolute correctness
of every retrieved snippet, significantly increasing its robustness [1].

7. CONCLUSION

In this paper, we propose a new approach, namely, RORA-VLM, that is robust and retrieval-augmented vision and
language models that can address the challenges that are associated with knowledge-intensive multimodal reasoning.
The two-stage retrieval mechanism that is introduced in this paper to bridge modality discrepancy, as well as the
application of noise robust alignment strategies, enhance the robustness and accuracy of vision and language models.
The effectiveness of our approach, namely, RORA-VLM, is validated in this paper with experiments performed with
benchmark data sets that show its superiority over other models. The query-oriented refinement of visual tokens, as
well as the application of adversarial noise injection, enhance modality alignment as well as robustness with respect
to retrieval imperfection. The contribution of this paper is an extension of our earlier research that deals with
multimodal retrieval-augmented generation and its implications.
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