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Abstract

Retrieval-Augmented Generation (RAG) has emerged as a pow-

erful paradigm for enhancing Large Language Models (LLMs) by

retrieving relevant documents from an external corpus. However,

existing RAG systems primarily focus on unimodal text documents,

and often fall short in real-world scenarios where both queries and

documents may contain mixed modalities (such as text and im-

ages). In this paper, we address the challenge of Universal Retrieval-

Augmented Generation (URAG), which involves retrieving and rea-

soning over mixed-modal information to improve vision-language

generation. To this end, we propose Nyx, a unified mixed-modal-

to-mixed-modal retriever tailored for URAG scenarios. To mitigate

the scarcity of realistic mixed-modal data, we introduce a four-

stage automated pipeline for data generation and filtering, lever-

aging web documents to construct NyxQA, a dataset comprising

diverse mixed-modal question-answer pairs that better reflect real-

world information needs. Building on this high-quality dataset,

we adopt a two-stage training framework for Nyx: we first per-

form pre-training on NyxQA along with a variety of open-source

retrieval datasets, followed by supervised fine-tuning using feed-

back from downstream Vision-Language Models (VLMs) to align

retrieval outputs with generative preferences. Experimental re-

sults demonstrate that Nyx not only performs competitively on

standard text-only RAG benchmarks, but also excels in the more

general and realistic URAG setting, significantly improving gen-

eration quality in vision-language tasks. Our code is released at

https://github.com/SnowNation101/Nyx
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Figure 1: An illustration of the input patterns of “mixed-

modal” content in the URAG scenario.
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1 Introduction

Large Language Models (LLMs) have shown remarkable capabilities

in text comprehension and generation [8, 11, 43]. To extend their

capabilities to multimodal understanding, Vision-Language Models

(VLMs) incorporate visual encoders to process text and image in-

puts [1, 52]. However, like LLMs, VLMs often struggle with queries

needing up-to-date or external knowledge. Retrieval-Augmented

Generation (RAG) addresses this by retrieving documents from

an external corpus to complement internal knowledge [10, 27].

Building on this, Multimodal RAG (MRAG) extends the paradigm

to settings where both queries and documents may contain text,

images, or both [5, 45].

Current MRAG methods fall broadly into two categories: (1)

The divide-and-conquer approach, which utilizes text queries

for text documents and visual queries for images; (2) The cross-

modal retrieval, which uses text queries to retrieve visual content.

However, both paradigms suffer from notable limitations. They

often overlook the spatial and logical relationships between images

and text within a document, making it difficult to capture fine-

grained interactions crucial for downstream reasoning.

Furthermore, web documents in the real world are far more com-

plex and diverse. As illustrated in Figure 1, they may include pure

text, individual images, paired image-text content, or arbitrarily

interleaved sequences of text and images. We refer to this broad
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spectrum of formats as mixed-modal content, where the interplay
between modalities plays a critical role in conveying meaning.

While recent efforts, such as VLM2Vec [20], have introduced

unified multimodal embedding models, these approaches mainly

focus on embedding pure text, individual images, or neatly aligned

text-image pairs. Consequently, they face challenges in handling

complex multimodal structures, such as interwoven or densely

intertwined text and images. Furthermore, their application within

the MRAG framework is still largely unexplored.

This gap becomes even more pronounced in the context of

Universal Retrieval-Augmented Generation (URAG), as both

queries and documents can be of arbitrary mixed modalities. Unlike

traditional settings with purely textual queries, URAG introduces

dual challenges: understanding heterogeneous inputs and retrieving

from equally diverse corpora. An effective retriever needs to be

capable of encoding various content types and matching them

with complex document structures. This imposes new technical

requirements on representation learning, matching precision, and

alignment with downstream VLMs, highlighting the need for a truly

universal, flexible, and vision-language-aware retrieval paradigm.

To address these challenges, we propose Nyx, a unified retriever

designed for mixed-modal-to-mixed-modal retrieval in URAG sce-

narios. To mitigate data scarcity of realistic URAG data, we first

introduce a four-stage fully automatic pipeline to build NyxQA,

a novel dataset tailored for URAG. NyxQA consists of three com-

ponents: (1) a large-scale mixed-modal multiple-choice question

answering (QA) dataset, (2) a corresponding mixed-modal docu-

ment corpus, and (3) a pretraining dataset for contrastive learning.

Our construction process begins with sampling naturally inter-

leaved image-text documents from the web to form the corpus. We

then employ a powerful VLM to generate QA pairs conditioned on

these documents. To ensure high data quality, we apply a multi-

step post-processing procedure, yielding a clean and diverse QA set.

Finally, based on these QA pairs, we mine hard negatives from the

corpus to form the pretraining triplets used for contrastive learning.

Unlike existing multimodal datasets limited to specific modality

combinations, NyxQA supports retrieval and generation involving

arbitrarily structured text, images, and their interleaved formats.

Building upon this dataset, we adopt a two-stage training frame-

work to develop Nyx from a VLM. In the first stage, we pretrain

the retriever on NyxQA and several public datasets to establish

general-purpose mixed-modal retrieval capabilities. To balance re-

trieval effectiveness and efficiency, we incorporate Matryoshka

Representation Learning (MRL) [24], resulting in a compact yet

expressive embedding model, termed Nyx-pretrained. In the sec-

ond stage, we conduct feedback-driven fine-tuning by harvesting

preference signals from the downstream VLM. We then use the

resulting preference dataset to further fine-tune the retriever, en-

couraging it to retrieve contexts that are both semantically relevant

and more conducive to the generator’s output quality, yielding the

final retriever, Nyx.

Extensive experiments demonstrate that Nyx consistently en-

hances retrieval accuracy and downstream reasoning performance

in challenging mixed-modal scenarios, showcasing its strong suit-

ability for URAG tasks.

In conclusion, our contributions are as follows:

(1) We pioneer the exploration of the Universal Retrieval-

Augmented Generation (URAG) problem, addressing scenarios

where both queries and documents consist of arbitrarily interleaved

image-text content.

(2) We introduceNyxQA, a dataset specifically designed for real-

world URAG applications, created through a comprehensive four-

step web-based multimodal data synthesis pipeline. This dataset

offers a wide variety of interleaved content formats, serving as an

effective benchmark for practical multimodal retrieval tasks.

(3) We propose a two-stage training framework for Nyx, com-

bining MRL-based contrastive pretraining with downstream VLM

preference fine-tuning to better align retrieval with generation.

2 Related Work

Multimodal Retrieval-Augmented Generation (MRAG) ex-

tends the traditional RAG framework to multimodal settings by

retrieving text, images, or image-text pairs from an external corpus

to support Vision-Language Models (VLMs) in generating textual

responses [5]. Current methods use various retrieval strategies:

dual-path strategies retrieve text with text queries and images with

image queries [9, 35]; cross-modal retrieval techniques [6, 45]; and

treating multimodal documents as images for retrieval [38].

In real-world applications, queries and documents often contain

mixed-modal inputs—combinations of text and images. New mul-

timodal deep search paradigms introduce iterative retrieval [14],

where intermediate queries may also be mixed-modal. However, a

unified retrieval framework for URAG scenarios remains undevel-

oped.

Multimodal Embedding Retrievers focus on retrieving relevant

multimodal documents by encoding both queries and documents

into a shared embedding space. In text-only contexts, embedding-

based retrievers have shown strong performance across various

tasks and languages [3, 17, 22, 41]. Extending this to multimodal sce-

narios, cross-modal retrievers like CLIP [18, 23, 32, 46] and vision-

language models such as BLIP-2 [13, 28] encode text and images

into a unified space, enabling retrieval tasks such as image-to-text,

text-to-image, and image-to-image.

Recent advancements [19, 20, 42, 50] have leveraged VLMs as

general-purpose encoders for text, images, and image-text pairs.

Other studies have focused on using synthetic data [2, 49, 51] and

improving contrastive learning objectives [25, 39] to enhance em-

bedding quality. Building on this, MME [48] utilized synthetic data

to improve performance on interleaved text-image retrieval in the

wikiHow task.

However, these methods lack support for text-to-text and general

interleaved text-image retrieval in URAG scenarios. Moreover, most

retrievers are trained independently of downstreamVLMs, resulting

in suboptimal alignment. Therefore, this paper proposes a unified

retriever, Nyx, which builds a bridge for mixed-modal to mixed-

modal retrieval, leading to better alignment with VLM generation.

3 Methodology

3.1 Problem Formulation: URAG

This work addresses the task of Universal Retrieval-Augmented

Generation (URAG), which aims to generate high-quality textual
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Figure 2: The proposed four-step automated NyxQA construction pipeline.

responses to mixed-modal queries by retrieving and leveraging

relevant information from a mixed-modal corpus. Amixed-modal

content 𝑥 is defined as an ordered sequence of elements, where

each element can be either a textual segment or an image. Formally,

it can be represented as: 𝑥 ∈ {𝑎1𝑎2 . . . 𝑎𝑛 | 𝑎𝑖 ∈ {T ,I}}.
To effectively accomplish this task, we presuppose access to

a mixed-modal corpus C. A retriever is required to retrieve a

relevant subset of documents {𝑑𝑖 } ⊆ C, conditioned on a mixed-

modal question 𝑞. The retrieved content then serves to guide the

generation of the ultimate textual response. Formally, the objective

is to learn a retrieval function R and a generation model G such

that: 𝑦 = G(𝑝, 𝑞,R(𝑞)), where 𝑝 denotes a textual prompt, 𝑞 is

the mixed-modal query, and R(𝑞) represents the set of retrieved
documents. The output𝑦 is a natural-language textual response.

The retrieval function R selects the top-𝐾 most relevant entries

from the corpus C based on their relevance to the query 𝑞:

R(𝑞) = Top-K𝑑∈C sim(𝑞, 𝑑),
where 𝑑 denotes a document in the mixed-modal corpus and

sim(·, ·) is a similarity-based relevance function defined within

the joint vision-language embedding space.

The generation model G, typically instantiated as a VLM, pro-

cesses both the query 𝑞 and the retrieved documents R(𝑞) to yield

a coherent and factually grounded textual output 𝑦.

3.2 NyxQA: A Dataset for URAG

To simulate a realistic web environment, we introduce NyxQA, a

large-scalemixed-modal dataset designed for the URAG setting. Our

dataset comprises three components: (1) a high-quality multiple-

choice QA datasetDNyxQA with mixed-modal questions, (2) a corre-

sponding mixed-modal document corpus Cmix, and (3) a contrastive

pretraining set Dpretrain containing positive and hard negative ex-

amples for retriever training.

The construction of NyxQA follows a four-stage pipeline (Fig-

ure 2). First, we sample and segment web documents to create a

diverse mixed-modal corpus. Next, we utilize a VLM to generate

QA pairs from these document segments. This is followed by a

post-processing pipeline to filter errors, refine answers, and format

multiple-choice options. Finally, we employ hard negative min-

ing using an existing retriever to produce high-quality contrastive

training triplets for pretraining the mixed-modal retriever.

Step 1: Web Document Sampling. To obtain naturally occur-

ring mixed-modal documents, we sample from OBELICS [26], a

large-scale dataset of web pages featuring interleaved text and im-

ages that reflect real-world multimodal distributions. Following

standard practices in text-only RAG [21], each document is seg-

mented into smaller chunks {𝑑𝑖 }𝑁𝑖=1, where each 𝑑𝑖 contains up to

200 textual tokens (excluding image tokens from the count). This

segmentation maintains semantic coherence and prevents length

imbalance caused by densely illustrated documents. The result-

ing set of chunks forms our mixed-modal corpus Cmix = {𝑑𝑖 }𝑁𝑖=1,
comprising 49,723 segments in total (35,178 text-only, 13,266 single-

image, and 1,279 multi-image). We then perform stratified sampling

to select 10,000 chunks from Cmix for QA pair generation, while

preserving the original modality ratios.

Step 2: QA Pair Generation. For each sampled chunk 𝑑𝑖 ,

whether text-only or containing images, we use a VLM to generate

up to five context-independent raw QA pairs (𝑞raw𝑖 𝑗 , 𝑎raw𝑖 𝑗 ), ensuring
that each question can be answered solely based on its associated

chunk. For chunks with images, we specifically prompt the VLM to

create questions that reference the visual content. Since the model

outputs text only, we use special tags such as <image k> to denote

the 𝑘-th image within the chunk. This process produces the raw QA

dataset Draw = {(𝑑𝑖 , 𝑞raw𝑖 𝑗 , 𝑎raw𝑖 𝑗 )}, which contains diverse samples
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Figure 3: Overview of the Nyx architecture and its training paradigm.

ranging from pure text to multi-image questions, thereby enriching

the modality diversity of NyxQA.

Step 3: Post Processing. The initial set Draw of generated QA

pairs is of suboptimal quality, containing various errors that could

adversely affect subsequent training and evaluation. Therefore, we

perform a three-stage post-processing procedure on the raw data

to produce the final NyxQA dataset.

• Error Filtering. Questions with explicit contextual references

(e.g., phrases like “in this document”) are removed using rule-

based filters. In addition, we ensure image–text consistency by

verifying that the image tagsmentioned in the generated question

correspond to actual images present in the chunk 𝑑𝑖 .

• QA Refinement. We further refine the filtered QA pairs us-

ing a VLM to enhance clarity and completeness. Each retained

pair (𝑞raw𝑖 𝑗 , 𝑎raw𝑖 𝑗 ) is compressed to its essential content, eliminat-

ing redundancy while preserving factual accuracy. This process

yields concise, self-contained questions and answers that align

closely with the corresponding gold document 𝑑+𝑖 , resulting in
the refined set (𝑑+𝑖 , 𝑞𝑖 𝑗 , 𝑎+𝑖 𝑗 ).

• Option Generation. For each refined QA, an LLM generates

three semantically plausible distractors {𝑎−𝑖 𝑗 } for the question
𝑞𝑖 𝑗 . After shuffling the distractors with the correct answer, we

finalize each sample with the question, four options, and the

gold document, forming our multiple-choice dataset DNyxQA =

{(𝑞𝑖 𝑗 , {𝑎+𝑖 𝑗 , 𝑎−𝑖 𝑗 }, 𝑑+𝑖 )}.

Step 4: Hard Negative Mining. To enhance retriever pretrain-

ing, we construct contrastive triplets based on DNyxQA. Each ques-

tion 𝑞𝑖 𝑗 serves as a query, with its corresponding gold document

𝑑+𝑖 (the same chunk 𝑑𝑖 that was used to generate the correspond-

ing QA instance) designated as the positive sample. We then em-

ploy mmE5 [2] to retrieve the top-10 relevant documents from

the mixed-modal corpus Cmix. From these, we select five docu-

ments that differ from 𝑑+𝑖 as hard negatives {𝑑−𝑖 𝑗 }, prioritizing

the highest-ranked candidates. This yields the pretraining dataset

Dpretrain = {(𝑞𝑖 𝑗 , 𝑑+𝑖 , {𝑑−𝑖 𝑗 })}, a contrastive training set specifically
designed for mixed-modal retrieval.

3.3 Nyx: Training Paradigm

Our goal is to build a unified retriever capable of handling mixed-

modal queries and documents across diverse real-world scenarios.

To this end, we begin by pretraining Nyx on a large-scale corpus

that includes both public and synthetic datasets spanning vari-

ous modality configurations, resulting in Nyx-pretrained. This

initialization equips the retriever with general-purpose retrieval

capabilities across text-only, image-only, and multimodal pairs.

However, generic pretraining may not fully align with the

specific information needs of downstream VLMs during gener-

ation. Therefore, in the second stage, we fine-tune Nyx-pretrained

through a feedback-driven learning process, leveraging VLM re-

sponses to construct high-quality examples that reflect the actual

relevance signals needed for multimodal generation.

Throughout both stages, we employ contrastive learning with

Matryoshka Representation Learning (MRL) [24], as illustrated in

Figure 3(b), to enable scalable and efficient retrieval while main-

taining high embedding quality. We detail our training objective

and the two-stage training procedure below.

Training Objective. As shown in Figure 3(a), our retriever is

built upon Qwen-2.5-VL-3B-Instruct [1] pretrained VLM, which

serves as our backbone encoder. For a given input sequence, we

leverage the last hidden state of the final <EOS> token as the global

embedding for retrieval.

Following established practices in embedding model training,

we construct each training instance as a triplet {𝑞, 𝑑+, {𝑑−𝑛 }𝑁𝑛=1},
where 𝑞 is a query, 𝑑+ is a positive document, and {𝑑−𝑛 } are 𝑁

negative documents. An instruction string is prepended to each

query before encoding. Both queries and documents may come
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from mixed modalities (e.g., text, image, or interleaved image-text),

allowing Nyx to operate in a unified embedding space.

To learn discriminative representations, we adopt the InfoNCE

loss for contrastive learning. Let h𝑞 ∈ R𝑑 , h+ ∈ R𝑑 , and {h−𝑛 }𝑁𝑛=1 ⊂
R𝑑 denote the embeddings of the query, the positive document, and

the negative documents, respectively. We applyMRL, which encour-

ages the full embedding h ∈ R𝑑 to remain informative even when

truncated to lower-dimensional subspaces. This enables flexible

trade-offs between retrieval performance and memory efficiency.

Specifically, for a set of target dimensions {dim1, . . . , dim𝐾 },
where each dim𝑘 is smaller than the model’s original embedding

dimension, we truncate each embedding to its first dim𝑘 dimen-

sions, denoted as h(dim𝑘 ) ∈ Rdim𝑘 . For each dim𝑘 , we compute an

InfoNCE loss as:

L (dim𝑘 )
Info

= − log

𝜙 (h(dim𝑘 )
𝑞 , h+(dim𝑘 ) )

𝜙 (h(dim𝑘 )
𝑞 , h+(dim𝑘 ) ) +∑𝑁

𝑛=1 𝜙 (h
(dim𝑘 )
𝑞 , h−(dim𝑘 )

𝑛 )
, (1)

where 𝜙 (a, b) = exp (sim(a, b)/𝜏), and sim(·, ·) denotes cosine sim-

ilarity with temperature hyperparameter 𝜏 > 0. Here, h+(dim𝑘 ) and

h−(dim𝑘 )
𝑛 correspond to the positive and the 𝑛-th negative sample

document embeddings, respectively.

The final training objective aggregates the InfoNCE losses over

all truncated dimensions as a weighted sum:

LMRL =

𝐾∑︁
𝑘=1

𝑤𝑘 · L (dim𝑘 )
Info

, where

𝐾∑︁
𝑘=1

𝑤𝑘 = 1, (2)

with𝑤𝑘 denoting the weight for the 𝑘-th dimension. This objective

encourages each embedding prefix to preserve semantic integrity

under varying retrieval constraints.

Stage 1: Pretraining with Mixed-Modal Data. In the first

stage, we pretrain Nyx as a general-purpose retriever using a

large-scale corpus constructed from both public and synthetic data

sources. Following mmE5 [2], we include MMEB [20] and synthetic

triplets from the mmE5 pipeline. To ensure the model’s ability to

handle genuinely mixed-modal scenarios, we further integrate our

proposed NyxQA dataset, which supports retrieval across diverse

modality combinations.

Since real-world retrieval tasks still predominantly involve tex-

tual inputs, we further enhance the retriever’s text understanding

ability by introducing additional text-only datasets. Specifically, we

use the training sets from HotpotQA [44], 2WikiMultiHopQA [15],

andMuSiQue [40]. For each query, we retrieve the top-𝐾 documents

from the full Wikipedia corpus using E5-v2 [41], and treat the top-1

document as the positive sample, while selecting negative samples

from documents ranked beyond top-10.

All the datasets described above are combined and jointly used

to train the initial retriever, resulting in the Nyx-pretrained model.

Stage 2: Supervised Fine-tuning with VLM-Guided Feedback.
While Nyx-pretrained demonstrates strong retrieval performance,

it is not explicitly optimized for supporting downstream generation

by VLMs. To bridge this gap, we introduce a fine-tuning stage that

leverages feedback from a VLM to align the retriever with the actual

information needs during generation.

Given a dataset𝐷 = {(𝑞𝑖 , 𝑎𝑖 )} of queries and their corresponding
answers, along with a retrieval corpus C, we proceed as follows.

For each query 𝑞𝑖 , we first useNyx-pretrained to retrieve the top-𝐾

candidate documents {𝑑1, 𝑑2, . . . , 𝑑𝐾 }. Then, using a sliding win-

dow of length 𝐿, we construct a sequence of candidate contexts

by grouping contiguous subsets of the retrieved documents. Each

context window is concatenated with the query and fed into the

VLM to generate an answer.

We select the first context window that either yields a correct

answer or exceeds a pre-defined generation-quality threshold (e.g.,

EM, F1). Prior work suggests that LLMs exhibit biased document

usage in long-context RAG, often relying more on higher-ranked

and boundary-positioned documents [29, 36]. Therefore, the first

document in this window is treated as the positive sample 𝑑+, and
the remaining 𝐾 − 1 documents are used as negative samples {𝑑−𝑛 }.
If no window meets the quality threshold, the entire instance is

discarded from the feedback dataset.

By applying this procedure to all queries in 𝐷 , we construct

a downstream preference dataset from the feedback 𝐷pref =

{(𝑞𝑖 , 𝑑+𝑖 , {𝑑−𝑖,𝑛})}, which reflects the actual preferences of the VLM

in real generation scenarios. We then fine-tune Nyx-pretrained

on this dataset using the same contrastive learning framework

described earlier, thus obtaining the final retriever Nyx.

4 Experimental Settings

4.1 Datasets

HotPotQA [44] is a widely used multi-hop QA dataset requiring

reasoning across multiple Wikipedia articles. It contains 90,447

training samples, and we evaluate on a held-out validation set

of 250 examples. 2WikiMultihopQA [15] is a large-scale multi-

hop reasoning dataset built from Wikidata and Wikipedia, with

diverse questions and annotated reasoning chains. It includes 15,000

training samples, and we evaluate on the test set of 250 examples.

Bamboogle [31] contains manually curated multi-hop questions

for compositional reasoning, with up to four inference steps. It

provides only a test set of 125 examples, whichwe use for evaluation.

MuSiQue [40] targets sequential multi-hop inference where each

step depends on the previous one. It comprises 19,938 training

examples, and we evaluate on its development set of 250 held-out

samples.

For the four text-only datasets above, we build two Wikipedia-

derived corpora for training and evaluation. For each corpus, we

retrieve top-20 relevant Wikipedia passages for all questions using

the E5 retriever over the full Wikipedia dump, then deduplicate the

results. The training corpus is used in feedback collection, where

Nyx-pretrained retrieves passages to construct the “downstream

VLM preference dataset” for fine-tuning, while the evaluation cor-

pus is used for final benchmarking on the four text-only datasets.

MultimodalQA [37] requires joint reasoning over text, tables,

and images. It contains 23,817 training and 2,411 testing examples.

Wemerge these modalities to build a mixed-modal corpus of 285,370

instances for MMQA. ScienceQA [30] is a large-scale multimodal

science QA dataset with lecture-style explanations and context in

text or images. We construct two corpora: a deduplicated lecture

corpus and a training QA-pair example corpus. During testing, we

retrieve one lecture and two example QAs as external support. The

dataset includes 12,726 training and 4,241 testing examples.
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Table 1: The overall results on the six RAG datasets. To ensure consistent evaluation, the top document retrieved by each

retriever was combined with the corresponding question, then input into Qwen2.5-VL-7B for answer generation. The exception

is SciQA, where the retrieval content consists of one lecture and two example-based retrieval results to suit the dataset’s

structure. This setup isolates the effect of the retrievers, facilitating a controlled comparison of retrieval performance. The best

results are highlighted in bold, and the second-best results are underlined.

Method

HotpotQA Bamboogle MuSiQue SciQA MMQA NyxQA

Avg.

EM F1 EM F1 EM F1 Acc EM F1 Acc

Direct Answer
InternVL3 (8B) [52] 16.40 22.88 9.60 15.49 3.60 8.16 78.87 20.07 23.99 53.33 25.24

Qwen2.5-VL (7B) [1] 12.40 18.36 6.40 11.50 3.29 7.32 77.98 20.73 24.39 50.17 23.25

Text RAG
E5-v2 (0.1B) [41] 14.40 19.18 7.20 12.80 2.40 6.79 – – – – –

Vision-Language RAG
CLIP (0.4B) [32] 14.00 21.12 6.40 11.64 3.20 6.74 73.07 18.03 20.67 61.50 23.64

VLM2Vec (4B) [20] 14.40 22.08 10.40 16.95 3.60 10.12 79.56 19.91 23.34 56.50 25.69

VisRAG-Ret (3B) [45] 12.08 19.84 8.80 16.05 3.60 8.29 80.45 18.84 21.55 64.33 25.38

mmE5 (11B) [2] 17.60 24.30 13.60 18.69 5.20 9.70 81.40 34.00 38.50 66.83 30.71

Ours
Nyx-pretrained (3B) 22.00 31.38 16.00 22.87 5.60 11.00 81.33 31.75 35.97 74.83 33.27

Nyx (3B) 24.40 33.19 16.80 25.93 7.20 12.80 81.75 39.66 44.50 81.83 36.81

4.2 Training Settings

We train Nyx based on the Qwen2.5-VL-3B model using a single

node equipped with 8 × NVIDIA A800-SXM4-80GB GPUs. To enable
efficient fine-tuning, we apply Low-Rank Adaptation (LoRA) [16]

with a rank of 8. Each GPU processes a batch of 20 samples, and we

accumulate gradients over 4 steps, resulting in an effective batch

size of 640. The temperature parameter 𝜏 in the InfoNCE loss is fixed

at 0.02. To prevent memory overflow when processing multi-image

inputs, we cap the visual input resolution at 400×28×28 pixels.
We use DeepSpeed [34] with bf16 mixed-precision training and

enable gradient checkpointing for memory efficiency. The optimizer

is AdamW, combined with a linear learning rate scheduler. The

base learning rate is set to 1e-5, with a warmup ratio of 0.05, and a

maximum gradient norm of 5.0. The contrastive loss function uses

a temperature of 0.02 and a negative sampling ratio of 1.

For efficient memory optimization, we employ DeepSpeed’s

ZeRO optimization [33] at stage 2, which partitions model states

across devices to significantly reduce memory consumption. This

allows us to train larger models without overflow. ZeRO stage 2 also

enables communication optimizations such as allgather and reduce-

scatter, improving parallelism and computational efficiency. These

configurations, combined with gradient checkpointing and mixed-

precision training, work together to maximize both performance

and memory efficiency during training.

5 Main Experiments

Our main experiments consist of two parts, where we first evaluate

the generation performance in URAG scenarios and then examine

the embedding performance, given that the model is inherently an

embedding model.

5.1 Evaluation Methodology for Generation

Datasets and Metrics. We evaluate RAG pipelines incorporat-

ing our retriever across two categories: (1) text-only datasets and

(2) multimodal datasets, including MRAG and URAG.

For text-only RAG, following ReSearch [4], we evaluate onHot-

potQA [44],MuSiQue [40], and Bamboogle [31]. For each ques-

tion, we use E5-v2 to retrieve the top 20 documents fromWikipedia,

merge and deduplicate them to create a task-specific corpus, and

randomly sample up to 250 questions per dataset.

In the case of MRAG and URAG, we utilize MultimodalQA

(MMQA) [37], ScienceQA (SciQA) [30], and NyxQA. MMQA re-

quires retrieval from a corpus containing text, tables, and images.

Since the tables in the MMQA corpus are originally stored in JSON

format, we employ the Python tabulate library to convert them

into amore comprehensible text table format. SciQA presents image-

text questions, and we construct its corpus using associated lec-

tures and QA examples. NyxQA, constructed from authentic web

pages, covers a broader spectrum of input and document modalities,

thereby facilitating more realistic and comprehensive evaluation of

URAG in real-world web environments.

During pretraining, we use the training sets of 2WikiMulti-

HopQA, HotpotQA, MuSiQue, and NyxQA, treating Bamboogle,

MMQA, and SciQA as out-of-domain (OOD) evaluation sets. For

feedback-based fine-tuning, feedback is collected from HotpotQA,

MuSiQue, MMQA, SciQA, and NyxQA, with Bamboogle serving

as the OOD benchmark.

For multiple-choice datasets, we report accuracy (Acc), while

for open-ended QA, we adopt exact match (EM) and F1 score (F1),

reflecting both strict correctness and token-level overlap between

predictions and references.
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Table 2: Performance comparison on the MMEB benchmark,

which includes 36 tasks spanning four categories: classifica-

tion (Cls.), visual question answering (VQA), retrieval (Retr.),

and visual grounding (Grd.). Bold values denote the best re-

sults.

Models

Per Meta-Task Score

Overall

Cls. VQA Retr. Grd.

Zero-Shot Setting Models
CLIP (0.4B) [32] 42.8 9.1 53.0 51.8 37.8

BLIP2 (4B) [28] 27.0 4.2 33.9 47.0 25.2

OpenCLIP (0.4B) [7] 47.8 10.9 52.3 53.3 39.7

E5-V (8B) [19] 21.8 4.9 11.5 19.0 13.3

MagicLens (0.4B) [47] 38.8 8.3 35.4 26.0 27.8

MMRet (7B) [51] 47.2 18.4 56.5 62.2 44.0

VLM2Vec (4B) [20] 52.8 50.3 57.8 72.3 55.9

Supervised Fine-tuning Models
CLIP (0.4B) [32] 55.2 19.7 53.2 62.2 45.4

OpenCLIP (0.4B) [7] 56.0 21.9 55.4 64.1 47.2

VLM2Vec (4B) [20] 61.2 49.9 67.4 86.1 62.9

MMRet (7B) [51] 56.0 57.4 69.9 83.6 64.1

mmE5 (11B) [2] 67.6 62.8 70.9 89.7 69.8

mmE5-Qwen-3B (3B) 56.6 56.0 59.4 71.5 59.0

Ours
Nyx-pretrained (3B) 55.2 53.7 58.4 70.5 57.5

Nyx (3B) 57.9 57.5 61.8 75.7 61.1

Baseline Models. For the text-only retriever, we use E5-v2 [41]

as the unimodal RAG baseline, since it serves as the backbone model

for constructing our text-only retrieval datasets and is also one of

the most widely used retrievers in text-based RAG systems [21].

For multimodal retrievers, we use well-supervised fine-tuned em-

bedding models CLIP [32], VLM2Vec [20] and mmE5 [2], as well as

a retriever for visual document retrieval for RAG, VisRAG-Ret [45].

We also report the direct answering results of InternVL3-8B [52]

and Qwen2.5-VL-7B as baselines for comparison.

5.2 Results on Generation Performance

Our generation performance results are presented in Table 1. Over-

all, Nyx consistently outperforms all baselines, clearly demonstrat-

ing its superiority. We further highlight the following insights:

Performance in Text-Only RAG. Despite the powerful 11 bil-
lion parameter VLM backbone of mmE5, our 3 billion parameter

Nyx-pretrained model still outperforms mmE5 on HotpotQA, Bam-

boogle, and MuSiQue, with performance gains of 9% and 6% on Hot-

potQA and Bamboogle, respectively. This result shows the strength

of targeted training. Moreover, Nyx substantially surpasses the

text-only retriever E5 that is commonly used in RAG frameworks,

further demonstrating its effectiveness in unimodal retrieval.

Multimodal RAG Performance. In multimodal tasks, Nyx-

pretrained performs competitively on MMQA and NyxQA, though

it trails mmE5 slightly on SciQA. This may be attributed to Nyx’s

smaller parameter count and its broader training coverage, which
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Figure 4: Impact of training data scale on NyxQA accuracy

when training Nyx with varying sample sizes.

includes interleaved and text-only examples. Nevertheless, its ro-

bust performance across different input types highlights the ben-

efit of mixed-modal training. After incorporating feedback from

downstream VLMs, Nyx achieves the best performance across all

multimodal benchmarks, with great results on MMQA (F1: 35.97%

→ 44.50%) and NyxQA (Accuracy: 74.83%→ 81.83%). On SciQA,

the gain is modest, possibly due to the limited informativeness of

the provided lecture corpus. Nonetheless, fine-tuning with feedback

still leads to alignment with the VLM’s preferences.

A McNemar’s test was conducted on NyxQA to assess the per-

formance differences among mmE5, Nyx-pretrained, and Nyx as

retrievers. The comparison between mmE5 and Nyx-pretrained

yielded a test statistic of 19.0631 (𝜒2, 1 degree of freedom) with

a p-value of 0.0000. Furthermore, the comparison between Nyx-

pretrained and Nyx resulted in a test statistic of 15.7538 and a

p-value of 0.0001. These results provide strong evidence that the

retrieval performance differs significantly across the methods.

Beyond Gold Documents: Learning from Preference. An in-

teresting observation arises from NyxQA, where each question

is originally paired with a generation-originated “golden” docu-

ment. Although semantically relevant, these gold documents do

not always lead to correct answers during inference. Our feedback

analysis shows that documents preferred by the VLM may differ

from the labelled positives. Incorporating this preference signal

during fine-tuning leads to a 7-point accuracy gain on NyxQA.

This suggests the importance of further aligning retrieval models

with downstream generative utility in URAG systems.

5.3 Embedding Capability Analysis

Although aligning mixed-modal retriever with downstream models

can enhance the generative quality of the final VLM, the capability

of the retriever itself is also of central importance. We evaluate the

embedding ability of our models on the MMEB benchmark [20], and

the results are reported in Table 2. In particular, mmE5-Qwen2.5-3B
is trained on Qwen-2.5-VL-3B-Instruct, with its training data con-

sisting of MMEB-labelled data together with the retrieval and VQA
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Figure 5: Impact of the number of in-context documents on

NyxQA.

subsets of the mmE5 synthetic data (excluding classification sub-

set to maintain alignment with Nyx-pretrained and Nyx settings),

serving as the ablation setting.

Compared to mmE5, mmE5-Qwen2.5-3B performs worse across

all capabilities, which can be attributed to its smaller backbone size

and the exclusion of the classification subset from the mmE5 syn-

thetic data. Nevertheless, it still surpasses most of the models. When

OOD pure text data and NyxQA mixed-modal data are included,

the mismatch with the MMEB evaluation pattern results in a 1.5%

overall performance drop. However, after fine-tuning with feedback

from a VLM on OOD datasets with entirely different tasks, Nyx

outperforms mmE5-Qwen2.5-3B across all capabilities, achieving a

2.1% overall improvement. These findings further demonstrate that

incorporating VLM feedback not only improves the performance

of URAG systems but also enhances the embedding capability of

dense retrievers themselves.

6 Quantitative Analysis

6.1 Impact of Data Scale on URAG Performance

The scalability of training data is crucial for building effective re-

trievers. Prior studies have shown an approximately logarithmic-

linear relationship between the volume of training data and the

quality of retrieval model embeddings [2, 12]. In this section, we

further examine how the scale of training data affects Nyx’s per-

formance in the URAG setting.

As illustrated in Figure 4, the performance trend closely follows

a logarithmic-linear curve, consistent with previous findings. The

steady improvement of URAG performance with increasing data

scale further confirms the high quality and diversity of our training

data. This indicates that enhancements in the retriever’s indepen-

dent capabilities translate proportionally into gains in end-to-end

URAG performance. Thus, increasing training data is expected to

predictably enhance URAG scenario generalization.
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Figure 6: Performance of Nyx when paired with InternVL3

generators of different parameter scales on NyxQA.

6.2 Effect of Retrieved Document Count

To examine how the number of retrieved documents influences gen-

eration quality, we vary the number of documents fed into Qwen2.5-

VL-7B from 0 to 16, evaluating the URAG results of mmE5, Nyx-

pretrained, andNyx. As shown in Figure 5, adding more documents

consistently improves all retrievers, though the gains diminish

as the count increases. Nyx consistently outperforms both Nyx-

pretrained and mmE5, demonstrating robust performance even

with fewer documents and confirming the effectiveness of feedback-

based fine-tuning in producing informative retrievals. Overall, the

results highlight the critical importance of high-quality top-ranked

retrieval for efficient generation.

6.3 Generalization Across Generators

While Nyx is fine-tuned with supervision from Qwen2.5-VL-7B,

we also examine whether such supervision generalizes to other

VLMs. To assess this, we evaluate its performance across InternVL3

models of varying sizes used as generators. As shown in Figure 6,

Nyx consistently outperforms the direct-answer baseline across all

InternVL3 variants, indicating that supervision from Qwen2.5-VL-

7B transfers effectively across different generator architectures.

Integrating Nyx yields further improvements, particularly for

InternVL3-2B and InternVL3-14B, with absolute gains exceeding

0.2 points.

However, the degree of improvement varies with generator size,

indicating different alignment preferences among models. Addi-

tionally, since performance does not increase monotonically with

model size, this suggests that generator size is not a reliable predic-

tor of RAG pipeline performance. Effective alignment is crucial in

bridging semantic gaps across VLMs.

6.4 Effect of MRL

In real-world retrieval systems, reducing embedding dimensions

can significantly decrease memory usage and speed up retrieval.

To adapt to varying resource budgets, we incorporate MRL into our

contrastive training framework. MRL ensures the model maintains

meaningful representations across reduced dimensions. We train
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Figure 7: Comparison of retrieval and answer correctness distributions on NyxQA for mmE5, Nyx-pretrained, and Nyx.
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Figure 8: Case study on MMQA. The top-1 retrieved docu-

ments by mmE5, Nyx-pretrained, and Nyx are shown to-

gether with the corresponding answers produced by VLM.

the model to generate effective embeddings at four target dimen-

sions: 2048, 1024, 512, and 256, with weights of [1.0, 1.0, 0.2, 0.2]

(before normalization), where 2048 is the default VLM output.

As shown in Table 3, the 1024-dimensional variant achieves

accuracy comparable to the 2048 one while halving storage, and

even the 512- and 256-dimensional versions maintain strong per-

formance. These results highlight MRL’s ability to provide efficient,

resource-aware retrieval with graceful performance degradation

under limited memory or latency budgets.

6.5 Impact of Retrieved Docs on Generation

To investigate the impact of retrieved documents on generation,

we begin with a case study on MMQA. As shown in Figure 8, we

examine how retrieval influences the produced answers. Unlike

MMEB, which assumes modality-specific similarity computation,

real-world retrieval entails cross-modal relevance estimation across

multimodal documents. In this example, mmE5 retrieves an image-

text pair focused solely on “face,” missing the query subject; Nyx-

pretrained correctly identifies “Felicia Day” but provides the textual

evidence that fails to support the answer; in contrast, Nyx retrieves

Table 3: Performance of Nyx on NyxQA under different out-

put dimensions.

Setting

Output Embedding Dimension

2048-dim 1024-dim 512-dim 256-dim

Weight 1.0000 1.0000 0.2000 0.2000

Accuracy 0.8183 0.8100 0.7800 0.7467

Table 4: Impact of different retriever backbones on perfor-

mance. Results are averaged over the six datasets reported

in the main results.

Backbone VLM Pretrained w/ Feedback

InternVL3-2B 31.84 35.62

Qwen-2.5-VL-3B 33.27 36.46

the correct entity along with both the proper title and visual infor-

mation, directly grounding the generated response.

Building on these qualitative observations, we further perform

a quantitative analysis on the NyxQA dataset to study the rela-

tionship between retrieval correctness and answer correctness. The

retrieval quality is visualized in Figure 7 using Sankey diagrams. The

results reveal two key trends: (1) higher proportions of golden docu-

ments lead to higher answer accuracy; and (2) evenwith non-golden

documents, nearly half of the answers remain correct, demonstrat-

ing the robustness of VLMs. These findings suggest that improving

retrievers is crucial not only for ensuring faithful grounding but

also for mitigating noise from irrelevant evidence. Future improve-

ments may arise from modelling VLM preferences on non-golden

evidence, which can sometimes diverge from human intuition.

6.6 Ablation on Backbone Model

To evaluate the architectural robustness of our framework, we re-

place the VLM backbone Qwen-2.5-VL-3B with InternVL3-2B while

keeping the generator as Qwen-2.5-VL-7B constant. As illustrated

in Table 4, InternVL3-2B achieves consistent performance gains of

3.78 following feedback-driven fine-tuning. However, it is observed

that InternVL3-2B exhibits lower absolute performance compared

to Qwen-2.5-VL-3B in both pretrained and fine-tuned settings. This
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disparity can be primarily attributed to the smaller parameter scale

of InternVL3-2B, alongside fundamental differences in their base

VLM architectures and original pre-training data distributions. Nev-

ertheless, these results underscore the robustness of our two-stage

approach across varying model architectures.

7 Conclusion

To enable Universal Retrieval-Augmented Generation (URAG) over

arbitrarily mixed-modal questions and corpora, we constructed

NyxQA, the first large-scale and comprehensive dataset that faith-

fully reflected real-world URAG scenarios, where text, images, and

their interleaved combinations naturally coexisted. Building on

this foundation, we introduced Nyx, a unified multimodal retriever

explicitly optimized for such settings. Nyx was initially pretrained

via contrastive learning with Matryoshka Representation Learn-

ing on a diverse mixture of public and synthetic data, and was

subsequently fine-tuned using feedback from a downstream vision-

language generator, thereby better aligning retrieval relevance with

generation utility. Extensive experiments demonstrated that this

simple yet effective pipeline achieved consistent and substantial

improvements over both unimodal and multimodal baselines across

all modality combinations, underscoring the promise of unified

mixed-modal retrieval for next-generation URAG systems.
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