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Abstract001

Universal Multimodal Retrieval (UMR) aims002
to map different modalities (e.g., visual and003
textual) into a shared embedding space for004
multi-modal retrieval. Existing UMR meth-005
ods can be broadly divided into two cate-006
gories: early-fusion approaches, such as Mar-007
vel, which projects visual features into the lan-008
guage model (LM) space for integrating with009
text modality, and late-fusion approaches, such010
as UniVL-DR, encode visual and textual in-011
puts using separate encoders and obtain fused012
embeddings through addition. Our pilot study013
reveals that Marvel exhibits visual modality014
collapse, which is characterized by the model’s015
tendency to disregard visual features while de-016
pending excessively on textual cues. In con-017
trast, although UniVL-DR is less affected by018
this issue, it is more susceptible to semantic019
misalignment, where semantically related con-020
tent is positioned far apart in the embedding021
space. To address these challenges, we pro-022
pose MiMIC, which introduces two key inno-023
vations: (1) a fusion-in-decoder architecture024
for effective multimodal integration, and (2)025
robust training through single-modality mix-026
in and random caption dropout. Experiments027
on the WebQA+ and EVQA+ datasets—where028
image in documents or queries might lack cap-029
tions—indicate that MiMIC consistently out-030
performs both early- and late-fusion baselines.031

1 Introduction032

Universal Multimodal Retrieval (UMR) aims to033

map diverse modalities—such as images and034

text—into a unified, shared embedding space to035

facilitate seamless multi-modal search and retrieval036

(Zhou et al., 2024b; Liu et al.; Zhang et al., 2025b).037

The necessity of UMR arises from the increasingly038

heterogeneous nature of digital information; users039

frequently seek answers that require data from di-040

verse modal sources, where a query in one modal-041

ity must effectively retrieve relevant content in an-042

other. In addition to cross-modal retrieval, both043

Figure 1: First row demonstrates the visual modality
collapse in image document. Second row shows the
semantic misalignment, that limits the model to effec-
tively combine and understanding information.

queries and documents in UMR can be multimodal 044

themselves, such as a query composed of an image 045

paired with a textual question. 046

Existing UMR methods can be broadly catego- 047

rized into two types based on their fusion strategy. 048

Early-fusion approaches project visual features into 049

the language model (LM) space to facilitate multi- 050

modal interactions via self-attention mechanisms. 051

Representative methods in this category include 052

Marvel (Zhou et al., 2024b), VISTA (Zhou et al., 053

2024a), and GME (Zhang et al., 2025b). Con- 054

versely, late-fusion approaches—such as UniVL- 055

DR (Liu et al.)—encode visual and textual inputs 056

using separate encoders and derive fused represen- 057

tations through addition. 058

While early-fusion methods generally outper- 059

form late-fusion alternatives, our pilot study with 060

Marvel reveals that this approach exhibits visual 061

modality collapse. This phenomenon is character- 062

ized by the model’s tendency to disregard visual 063

features in favor of an excessive reliance on textual 064

cues—an observation consistent with recent studies 065

highlighting the “text dominance” issue in Visual 066

Language Models (VLM) and Multimodal LLMs 067

(MLLMs) (Wu et al., 2025; Zheng et al., 2025). In 068

contrast, while late-fusion models like UniVL-DR 069
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are less prone to modality collapse, they are more070

susceptible to semantic misalignment, where the071

position of a document in semantic space is heav-072

ily influenced by its modality. Figure 1 illustrates073

these challenges: the first row depicts modality col-074

lapse, where ignored visual information regarding075

the "speaker" leads to incorrect retrieval, while the076

second row demonstrates the model’s limited ca-077

pacity to fully understand the query due to semantic078

misalignment.079

To address these challenges, we propose MiMIC,080

which introduces two key innovations: (1) a fusion-081

in-decoder architecture for effective multimodal082

integration, and (2) a robust training strategy in-083

corporating single-modality mix-in and random084

caption dropout. Our method employs separate085

encoders for different modalities and utilizes cross-086

attention of the LM decoder to selectively aggre-087

gate predictive information from multiple modali-088

ties into the fused embedding (fusion-in-decoder).089

During training, we explicitly maintain and “mix090

in” single-modality representations with the fused091

embeddings. This design is motivated by the in-092

sight that different modalities generalize at dif-093

ferent rates (Chaudhuri et al., 2025; Wang et al.,094

2020). By preserving these individual modality095

signals, we prevent the model from discarding crit-096

ical modality-specific information. Furthermore,097

our caption dropout strategy also forces the model098

to optimize visual embeddings, preventing over-099

reliance on textual features. To the best of our100

knowledge, this is the first work to investigate the101

modality collapse issue in UMR.102

To evaluate our method, we extended the We-103

bQA and EVQA datasets to WebQA+ and EVQA+104

to include scenarios with missing modalities, re-105

quiring the model to understand information from106

each modality without over-relying on any one107

modality. Our experimental results demonstrate108

that MiMIC consistently outperforms early-fusion109

baselines, such as Marvel and VISTA, as well as the110

late-fusion baseline, UniVL-DR. Furthermore, our111

ablation study validates the critical roles of both the112

fusion-in-decoder architecture and our robust train-113

ing strategy in maintaining balanced performance114

across different retrieval settings.115

Our contributions are summarized as follows:116

• We conduct an empirical study revealing that117

existing UMR methods suffer from two dis-118

tinct failure modes: visual modality collapse119

in early-fusion models and semantic misalign-120

ment in late-fusion models. 121

• We propose the usage of Fusion-in-Decoder 122

(FID) for multi-modal fusion, which utilizes 123

a Language Model (LM) and cross-attention 124

to dynamically aggregate information from 125

separate encoders. 126

• We propose a robust strategy consisting of 127

single-modality mix-in to preserve modality- 128

specific signals and random caption dropout 129

to force the model to utilize visual features, 130

effectively mitigating text dominance. 131

• We demonstrate through extensive experi- 132

ments that MiMIC consistently outperforms 133

competitive early- and late-fusion baselines, 134

particularly in “imperfect” data settings. 135

2 Related Work 136

2.1 Universial Multi-modal Retrieval 137

Multi-modal retrieval has attracted growing atten- 138

tion in recent years, with representative bench- 139

marks such as OKVQA (Marino et al., 2019), 140

WebQA (Chang et al., 2022), ViquAE (Lerner 141

et al., 2022), Remuq (Luo et al., 2023), and EVQA 142

(Mensink et al., 2023). Unlike conventional cross- 143

modal retrieval, multi-modal retrieval demands ef- 144

fective representation of compositional information 145

across modalities. 146

Traditional multimodal retrieval frameworks use 147

a pipeline, performing modality-specific retrieval 148

with separate models before post-ranking. Text re- 149

trieval uses models like DPR (Karpukhin et al., 150

2020), BM25 (Robertson et al., 2009) or BGE 151

(Xiao et al., 2023), while image retrieval relies 152

on CLIP(Radford et al., 2021), BLIP (Chen et al., 153

2023b) or SIGLIP (Zhai et al., 2023). This separa- 154

tion hinders effective cross-modal integration. 155

UMR maps multiple modalities into a shared 156

semantic space for intra-, cross-, and multi-modal 157

retrieval. Fusion is key to cross-modal integra- 158

tion, with models mainly using early or late fu- 159

sion (Figure 2). Early-fusion methods, like Marvel, 160

VISTA, and GME, jointly process textual and vi- 161

sual tokens via self-attention for richer interactions. 162

Late-fusion methods, such as UniVL-DR, rely on 163

dual-tower VLMs (e.g., CLIP, EVA-CLIP, BLIP, 164

SIGLIP) that encode each modality separately and 165

fuse embeddings by addition. Unfortunately, UMR 166

suffers from modality collapse and misalignment 167

issue, which has not been fully addressed in the 168

current liturature. 169
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(a) Late Fusion. (b) Early Fusion.

Figure 2: Different Fusion Strategies. (a) Late Fusion.
Use separate image and text encoder (eg. UniVL-DR).
(b) Early Fusion. Concatenate image and text embed-
dings together, then fed into LM. (eg. Marvel, VISTA)

2.2 Modality Collapse170

Modality collapse occurs when multimodal mod-171

els fail to integrate information across modalities,172

overfitting to a dominant one while others lose rep-173

resentational capacity. These problems have been174

observed in multi-modal applications such as clas-175

sification (Wang et al., 2020), question answering176

(Sim et al., 2025), clinical multi-modal prediction177

(Zhang et al., 2022; Wu et al., 2024). In modern178

Vision-Language and Multimodal LLMs, this often179

appears as text modality dominance, where visual180

cues are neglected in favor of linguistic features181

(Sim et al., 2025; Chaudhuri et al., 2025). This lim-182

itation is particularly concerning given that missing183

modalities are common in real-world scenarios.184

Current studies attribute modality collapse to var-185

ious factors, including multimodal polysemantic186

collisions (Chaudhuri et al., 2025), dataset bias or187

model behavior (Sim et al., 2025), and conflicting188

gradients (Javaloy et al., 2022). Other work high-189

lights Transformers’ sensitivity to missing modal-190

ities and the task-dependent robustness of fusion191

strategies (Ma et al., 2022). Despite this progress,192

modality collapse remains poorly understood in193

the context of UMR. This paper provides the first194

investigation addressing it from the fusion design195

and training strategies perspectives.196

3 Pilot Observations197

3.1 Visual Modality Collapse Issue198

Experimental Setup We trained UniVL-DR and199

Marvel on the WebQA dataset. Information about200

the dataset is given in Section 5.1, and the imple-201

mentation details of UniVL-DR and Marvel are202

(a) Marvel: Q −→ DIV C (b) Marvel: Q −→ DIV

(c) UniVL-DR: Q −→ DIV C (d) UniVL-DR: Q −→ DIV

Figure 3: Embeddings of T2I Queries with paired Image
Documents Embeddings (IV C or IV ) and random Text
Documents Embeddings (T ).

given in the Appendix A.2. We then utilized the 203

resulting models to extract query and image em- 204

beddings for th Text-to-Image (T2I) retrieval task. 205

In this setup, the ground-truth documents are im- 206

ages and the corpus exclusively consists of image 207

documents. We evaluated two specific scenarios: 208

retrieval in DIV C , where documents IV C include 209

both visual content and captions, and DIV , where 210

documents contain only visual information. Fi- 211

nally, we employed t-SNE(van der Maaten and 212

Hinton, 2008) to project the embeddings into a two- 213

dimensional space for qualitative analysis, with the 214

results visualized in Figure 3. 215

Results and Discussion As illustrated in Figure 216

3, the queries consistently cluster around their cor- 217

responding image documents across all cases, in- 218

dicating effective query-document alignment for 219

the T2I retrieval task. In the multimodal scenario 220

where images are paired with captions (Figure 3a 221

3c), the fused embeddings exhibit a broad distribu- 222

tion throughout the vector space. However, in the 223

absence of captions (Figure 3b, 3d), a clear perfor- 224

mance gap emerges: Marvel embeddings collapse 225

into several highly dense clusters, whereas UniVL- 226

DR maintains a broad spread and more diverse 227

representation of the visual data. 228

To investigate the impact of visual modality 229

collapse on retrieval performance, we evaluated 230

3



Figure 4: Performance of T2IV and T2IV C using Mar-
vel and UniVL-DR. Here, T2IV C retrieve in DIV C , a
corpus where all images with captions; T2IV retrieve in
DIV , a corpus where image documents have no caption.

(a) Docs in Marvel space (b) Docs in UniVL-DR space

Figure 5: Embeddings of documents with different
modalities, where IV C indicate fused embeddings from
both visual and captions.

the Recall@20 (R@20) and Recall@100 (R@100)231

metrics for both Marvel and UniVL-DR in the T2I232

task. As shown in Figure 4, when image documents233

lack captions, Marvel achieves an R@100 of only234

9.52%, which is significantly lower compared to235

the 34.77% achieved by UniVL-DR.236

3.2 Semantic Misalignment Issue237

Although UniVL-DR is less prone to the visual238

modality collapse issue compared to Marvel, it is239

more affected by the semantic misalignment prob-240

lem, where semantically similar content are posi-241

tioned far apart in the embedding space. We ana-242

lyze this phenomenon in this section.243

Experimental Setup To analyze the alignment244

of document embeddings across different modal-245

ities, we utilized the models trained in the Sec-246

tion 3.1 to extract representations for four distinct247

document types: IV , IV C , IC , and T . In this248

context, T refers to textual documents, while IV249

and IC represent the separate visual and caption-250

based embeddings associated with a single image.251

Furthermore, IV C denotes the fused multimodal252

embeddings derived from both visual and textual253

information. We then employed t-SNE to map the254

Figure 6: Performance of T2T and T2ALL using Marvel
and UniVL-DR. Here, T2ALL retrieve in D{IV C ,T}, a
corpus consist of IV C Docs and T Docs, ; T2T retrieve
in DT , a corpus full of T Docs.

Method s(IV ,T ) s(IV ,IC) s(IC ,T ) s(IV C ,T )

Marvel 0.103 0.494 0.206 0.098

UniVL-DR 0.073 0.270 0.491 0.391

Table 1: Cosine Simlarity between embedding of differ-
ent modalities of WebQA+ Dataset.

embeddings in a two dimensional space for visual- 255

ization and showed the scatter plot in Figure 5. 256

Results and Discussion From Figure 5, it is ob- 257

servable that, despite the collapse of the visual 258

modality in the Marvel embedding space, IV C 259

representations remain closely aligned with their 260

corresponding IV and IC representations. In con- 261

trast, representations of IC , IV and IV C in the 262

UniVL-DR space tend to cluster separately. There 263

is a gap between different modal representations of 264

the same semantic entity. Table 1 also shows that 265

in UniVL-DR, the average cross-modal similarity 266

s(IV ,IC) for the same image is 0.27, notably lower 267

than the 0.491 average similarity between image 268

captions and unrelated texts, even though they are 269

merely in same modality. (The furthest T is chosen 270

for calculation for each image). The semantic mis- 271

alignment issue associated with UniVL-DR leads 272

to its lower overall retrieval performance and T2T 273

performance compared to Marvel on the WebQA 274

dataset, as shown in Figure 6. 275

4 Our Methodology 276

MiMIC Architecture MiMIC uses separate en- 277

coders, like late-fusion models, to retain modality- 278

specific features. However, rather than relying on 279

addition to fuse, we introduce cross-attention in 280

a LM decoder to aggregate representations (i.e. 281

Fusion-in-decoder or FID) and enhance semantic 282

alignment to match that of the early-fusion ap- 283

proach. Our architecture is demonstrated in 7a. 284
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(a) FiD Architexture. (b) Single-Modality MixIn.

Figure 7: (left) The encoding of different modalities
under our architecture. (right) The multi-modal repre-
sentation in training and inference phrase.

The framework supports encoder–decoder models285

(e.g., BART (Lewis et al., 2020), T5, PaLI-X (Chen286

et al., 2023a), T5Gemma (Zhang et al., 2025a))287

and can pair decoder-only LLMs with LLM en-288

coders (e.g., LLM2Vec (BehnamGhader et al.,289

2024), Qwen3Embedding (Zhang et al., 2025c),290

LLM2Comp (Zhang et al., 2025d)). Here, we ex-291

ploit T5 as the LM and CLIP as the vision encoder.292

Exploration with large VLM-based extensions are293

left for future work.294

More formally, our task is to represent multi-295

modal documents from a multimodal corpus D for296

retrieval, where each document IV C
d ∈ D is a multi-297

modal document with textual and visual modalities298

in general case. In practice, one of the modalities299

of the document can be missing, in this case, we300

denote Td to indicate full-text document, and IVd to301

indicate the document with only visual information.302

Similarly, in the query side, we denote TIV C
q for303

multimodal queries, Tq for full text queries. For a304

multimodal document, the embedding is obtained305

by passing both modalities to the MiMIC in Figure306

7a. The embedding xd is obtained as follows:307

eTd =LM-Encoder(IC)

eVd =Projector(Visual-Encoder(IVd ))

xd =LM-Decoder(Concat(eVd , e
T
d ))

(1)308

where the visual encoder is CLIP visual encoder,309

LM-Encoder and LM-Decoder indicate T5 encoder310

and decoder, respectively. For each multi-modal311

document, we can also obtain the single modal312

representations: xVd , visual representation of the313

d document, and xTd , the textual representation of314

the d document, by passing the single modality to315

both the LM encoder and decoder. Specifically, we 316

have: 317
xT
d =LM-Decoder(eTd )

xV
d =LM-Decoder(eVd )

(2) 318

For full-text document Td, we obtain the represen- 319

tation xd = xT
d , where xT

d is decoded as in Eq. 2. 320

Similarly, the visual-only document has the repre- 321

sentation xd = xV
d . We obtain multi-modal query 322

representation xq in the same way with encoding 323

documents, using the same network model and pa- 324

rameters. 325

Training Contrastive learning is exploited to 326

train MiMIC so that a positive pair of (xi
q,x

i
d) 327

should be close to each other, whereas a negative 328

pair (xi
q,x

j
d) is far apart, and the loss is shown 329

in Eq. 3. Here, the positive pair means the pair 330

of the (groundtruth) relevant document with the 331

query, and the negative pair is sampled from the 332

set of groundtruth documents of other queries in 333

the batch (in-batch negative). A balance number 334

of samples of different modality (xq,xd) pairs is 335

supported by the dataset, as shown in Section 5.1. 336

L = − 1

N
log

N∑
i=1

exp(f(xi
q,x

i
d))∑N

j=1 exp(f(x
i
q,x

j
d))

(3) 337

Single-Modality Mixin During the training 338

phase, for multimodal documents, we mix the sin- 339

gle modality xV
d and xT

d representations (see Eq.2) 340

into the fused representation xd, and obtain mix-in 341

representation as follows: 342

x̂d = (1− α)xd

+ α(δ × xV
d + (1− δ)× xT

d )
(4) 343

where α is randomly sampled from [0, ᾱ] (ᾱ < 1) 344

to adjust the contribution of single-modal mixin 345

representation, and δ is also randomly sampled 346

from {0, 1} to select which modality to mixin. In 347

the similar way, we can obtain mixin representation 348

for multi-modal queries x̂q. The single-modal doc- 349

uments and queries are decoded in the same way 350

as previously described. For training with single- 351

modality mixin, we use mixin representations x̂d, 352

x̂q in place of xq, xd in Eq. 3. 353

Caption Dropout Through single-modality 354

mixin, we allow visual encoder to receive more 355

training signals (gradients) through mixin repre- 356

sentation. However, one side of these datasets 357

(queries or documents) is still purely text-based, 358
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Dataset Query CorpusTrain Test Valid

EVQA+ T / TI T / TI T / TI T
15,366 / 32,819 500 / 1,049 2,455 / 3,750 839,692

WebQA+ T T T I / T
31,766 5,000 4,966 389,750 / 787,697

Table 2: Dataset Statistics. On the query side, “T” de-
notes the text modality question and “TI” represents a
multimodal question composed of text and image. On
the document side, “I” refers to image documents, and
“T” refers to text documents. We retain or discard cap-
tions of queries or documents including image based on
caption ratio.

and text still dominates. So, it is essential that359

we actively drop captions from images to force360

the model to rely on visual information for the361

retrieval. We maintain the "caption ratio" as a362

training hyperparameter.363

ANCE Training Like Marvel and UniVL-DR,364

after the first training stage with in-batch negative,365

we conduct the second training stage, where we366

adopt hard negative sampling as in ANCE (Xiong367

et al., 2021). We use the checkpoint obtained from368

the first stage of training as the retrieval model to369

encode the multi-modal corpus and retrieve hard370

negative examples. Besides the hard-negative sam-371

pling, both stages exploit single-modal mixin and372

caption dropout with the same training parameters.373

5 Experiment374

5.1 Experimental Setup375

Dataset WebQA(Chang et al., 2022) is a multi-376

hop, multi-modal retrieval benchmark, including377

T2T and T2I retrieval tasks and the number ratio of378

the two tasks is 1:1. Encyclopedic-VQA(Mensink379

et al., 2023) is a visual question answering (VQA)380

dataset, and the questions are designed to be multi-381

modal. See Appendix A.1 for more details. For382

our experiments, we extend the WebQA and EVQA383

datasets to WebQA+ and EVQA+ respectively. The384

dataset statistics are in Table 2.385

In WebQA+, aside from 50% of the images in386

its corpus lacking captions according to a caption387

ratio of 0.5, everything else is consistent with We-388

bQA, and the search settings still include T2T and389

T2I tasks. In EVQA+, this dataset was obtained by390

sampling the original EVQA dataset and mixing391

it with WebQA T2T data, the retrieval settings in-392

clude T2T and TI2T tasks, where the introduction393

of the T2T task enables the dataset to support a394

wider range of multimodal retrieval scenarios. In395

the TI2T setting of EVQA+, each query consists 396

of a question (text) and an image, where the im- 397

age also preserve captions according to the caption 398

ratio of 0.5. 399

Baselines We compare our results with some 400

baseline methods: UniVL-DR, Marvel, VISTA. 401

Here, CLIP-DPR and Marvel-DPR respectively 402

are UniVL-DRR and Marvel-ANCE without the 403

second stage training (ANCE training with hard 404

negatives). The training details of baselines and 405

MiMIC is given in Appendix A.2,A.3. 406

Metrics We evaluate performance using Recall@ 407

1/5/20/100, MRR@10/20, and NDCG@10/20. Re- 408

call@k measures the proportion of relevant items 409

retrieved within the top-k results, NDCG@k eval- 410

uates ranking quality by accounting for relevance 411

and position, and MRR@k reflects the average re- 412

ciprocal rank of the first relevant item. 413

5.2 Main Results 414

Table 3 presents the overall retrieval performance 415

across various multimodal retrieval tasks on We- 416

bQA+ and EVQA+. Among the baselines without 417

ANCE training, Marvel-DPR shows a clear advan- 418

tage over CLIP-DPR on WebQA+ (e.g., +3.89% 419

R@1). On EVQA+, CLIP-DPR proves more ro- 420

bust, outperforming Marvel-DPR by 1.69% in R@1 421

and 8.79% in R@100. This indicates that EVQA+ 422

places greater emphasis on image understanding, 423

where Marvel is limited due to visual modality col- 424

lapse. 425

Among the baselines with ANCE training, 426

Marvel-ANCE is the strongest baseline on We- 427

bQA+, surpassing UniVL-DR by 4.03% in R@1. 428

On EVQA+, it remains competitive but lags be- 429

hind UniVL-DR in R@20 and R@100 (–3.95% in 430

R@100). While Marvel is not good at processing 431

visual information, its semantic space representa- 432

tion is still better than UniVL-DR. 433

For VISTA, we adopted CLIP-B-32 as the image 434

encoder in order to consistent with other baselines, 435

we denote this variant as VISTA* for reference, 436

while the original VISTA used EVA-CLIP. VISTA* 437

performs poorly on both datasets, showing that it 438

is less robust in modality missing situations. 439

MiMIC shows superior performance across both 440

evaluated scenarios. In the base configuration with- 441

out ANCE training, MiMIC outperforms Marvel- 442

DPR, CLIP-DPR, and the VISTA baseline. In par- 443

ticular, in several key metrics, MiMIC even ex- 444

ceeds Marvel-ANCE and UniVL-DR, achieving 445
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Dataset Task Method R@1 R@5 R@20 R@100 MRR@10 NDCG@10 MRR@20 NDCG@20

WebQA+ T->All

Marvel-DPR 32.54 43.63 58.02 68.07 43.89 40.89 44.19 42.93
Marvel-ANCE 40.84 53.13 65.33 72.10 52.61 49.48 52.78 51.00
VISTA* 21.73 31.59 43.57 52.66 31.63 29.31 31.81 30.86
CLIP-DPR 28.65 39.00 54.16 66.56 39.80 36.69 40.14 38.78
UniVL-DR 36.81 49.55 62.39 69.65 49.21 46.27 49.40 47.75
MiMIC 32.62 44.35 60.29 73.07 44.62 41.75 44.96 43.88
MiMIC-ANCE 40.96 54.88 69.67 78.87 54.11 50.97 54.38 52.77

EVQA+ ALL->T

Marvel-DPR 26.17 37.92 49.75 59.55 35.74 34.74 36.02 36.3
Marvel-ANCE 31.85 45.26 57.51 66.8 42.26 41.5 42.5 42.96
VISTA* 24.05 36.16 49.46 60.27 33.78 33.05 34.05 34.73
CLIP-DPR 27.86 41.19 55.32 68.34 38.38 37.62 38.72 39.39
UniVL-DR 30.48 45.35 58.9 70.75 41.58 41.02 41.89 42.66
MiMIC 29.41 43.08 57.06 71.13 40.03 39.30 40.36 41.15
MiMIC-ANCE 33.36 47.90 61.28 73.87 44.21 43.64 44.51 45.28

Table 3: Retrieval Performance on WebQA+ (based on a mixed-modal corpus D{T,IV ,IV C}) and EVQA+.

Figure 8: Different modality retrieval tasks: T2T(left)
and T2I(right) on WebQA+. All tasks retrieved in a
mixed Corpus D{T,IV ,IV C} but statistic separately.

an R@100 of 73.07 on WebQA+, compared to446

69.65 for UniVL-DR and 72.10 for Marvel-ANCE.447

When integrated with the ANCE strategy, MiMIC-448

ANCE attains state-of-the-art performance across449

all categories. Compared with the strongest base-450

line, Marvel-ANCE, our MiMIC-ANCE improves451

R@100 from 72.10 to 78.87 on WebQA+ (a 6.77%452

absolute gain) and from 66.80 to 73.87 on EVQA+453

(a 7.07% absolute gain).454

5.3 Different Multi-modal Retrieval Settings455

To analyze the contribution of different modali-456

ties, we perform evaluation for modality-specific457

retrieval tasks. For WebQA+, we separately mea-458

sure T2T and T2I tasks (Figure 8). Note that, the459

retrieval is over a corpus with mixed documents,460

which is different from that in Section 3. The re-461

sults for EVQA+ are reported in Appendix A.4.462

The results in Figure 8 show that MiMIC-ANCE463

matches strong text retrieval baselines such as464

Marvel-ANCE and VISTA* in T2T retrieval, while465

outperforming them substantially in T2I. In the466

T2T task, MiMIC-ANCE performs on pair with467

Marvel-ANCE (R@20 = 80.8) and VISTA* (R@20468

MiMIC MRR@10 Recall@20 Recall@100

On WebQA+ Dataset 44.62 60.29 73.07
w/o Caption DropOut 44.05 58.05 67.77
w/o Single-Modality MixIn 44.57 60.21 72.99
w/ Early-Fusion (Marvel-DPR) 44.22 58.59 71.84
w/ Late-Fusion (CLIP-DPR) 37.25 54.27 71.81

On EVQA+ Dataset 40.03 57.06 71.13
w/o Caption DropOut 38.58 52.90 63.61
w/o Single-Modality MixIn 38.19 54.57 68.51
w/ Early-Fusion (Marvel-DPR) 38.01 54.09 68.33
w/ Late-Fusion (CLIP-DPR) 36.87 54.01 69.10

Table 4: Ablation Study on MiMIC (without ANCE
training).

= 82.9), achieving R@20 = 80.2. In the T2I task, 469

MiMIC-ANCE achieves a clear advantage, reach- 470

ing R@20 = 59.4, which surpasses Marvel-ANCE 471

(R@20 = 50.2) by +9.2 and UniVL-DR (R@20 = 472

48.9) by +10.5. Notably, while VISTA* excels in 473

text retrieval, its performance drops sharply in T2I 474

(R@20 = 5.1), revealing severe modality bias. In 475

contrast, MiMIC-ANCE maintains balanced and 476

robust performance across modalities, consistent 477

with the observations in Table 3. 478

5.4 Ablation Study 479

The ablation study examines the contribution of 480

each component in MiMIC (without ANCE train- 481

ing). We evaluate performance changes under four 482

settings: (1&2) w/o Caption Dropout or w/o Single- 483

Modality Mixin, where each training strategy is 484

removed in turn; (3) w/ Early Fusion (Marvel), us- 485

ing the Marvel-DPR architecture with MiMIC’s 486

training strategies without ANCE training; and (4) 487

w/ Late Fusion, using the CLIP-DPR architecture 488

(which is also the same with UniVL-DR) with the 489

same training strategies. The second and third vari- 490

ants assess the effect of the fusion method. 491

The results in Table 4 indicate that caption 492

7



(a) on WebQA+ Datasets (b) on EVQA+ Datasets

Figure 9: The Recall@20 performance of MiMIC using
different Caption Ratios.

dropout is essential for both datasets, leading to493

substantial declines in R@20 (-2.24 for WebQA+494

and -4.16 for EVQA+) and R@100 (-5.3 for We-495

bQA+ and -7.52 for EVQA+) when removed. In496

contrast, single-modality mixin has a stronger ef-497

fect on EVQA+, removing this strategy causes a498

1.6-point drop in R@100, compared to only 0.06499

on WebQA+.500

By comparing MiMIC with variants where the501

fusion-in-decoder design is replaced by early fu-502

sion (as in Marvel-DPR) or late fusion (as in CLIP-503

DPR), we observe noticeable drops in all metrics504

across both datasets. These results confirm the ro-505

bustness of the fusion-in-decoder architecture in506

maintaining balanced multimodal retrieval perfor-507

mance.508

5.5 Further Analysis509

The Impact of Caption Ratio We vary the cap-510

tion dropout ratio during training and evaluate per-511

formance on T2T and T2I tasks in WebQA+, as512

well as T2T and TI2T tasks in EVQA+. As shown513

in Figure 9, the best results for T2I and TI2T tasks514

are achieved with caption ratios between 0.25 and515

0.75. Interestingly, both extreme settings—0 (all516

captions used) and 1.0 (no captions)—degrade per-517

formance, suggesting that caption may act as a518

bridge, helping to map the image to semantic space.519

The Impact of Single-modality Mixin To exam-520

ine the effect of modality mixin, we vary the upper521

bound of the mix-in ratio, ᾱ. The influence of522

single-modality mix-in appears dataset-dependent:523

the optimal ratio is around 0.0–0.2 for WebQA+,524

and approximately 0.5 for EVQA+. For datasets525

that rely more on vision when understanding se-526

mantics, performance improves more obviously as527

ᾱ increases, but excessive increases will introduce528

more noise and lead to performance degradation.529

(a) on WebQA+ Datasets (b) on EVQA+ Datasets

Figure 10: The Recall@20 performance vary with the
increasing ᾱ in Single-Modality MixIn of MiMIC.

(a) MiMIC: Q −→ DIV
(b) Docs in MiMIC space

Figure 11: Embeddings in MiMIC Space

Embedding Space of MiMIC Consistent with 530

Section 3, we visualized the representations from 531

MiMIC. As shown in Figure 11a, the query em- 532

beddings align effectively with their corresponding 533

image document embeddings IV , even in modality 534

missing situation. And the image representations 535

exhibit a diverse and well-distributed pattern with- 536

out obvious representation collapse. Figure 11b 537

demonstrates that IV and IV C exhibit consistent 538

distributions with no significant modality gap. The 539

caption embeddings IC serve as a semantic bridge: 540

Some captions surround the image, while others are 541

somewhere between the text and image modalities. 542

6 Conclusion 543

This work identifies and addresses two primary fail- 544

ure modes in UMR: visual modality collapse and 545

semantic misalignment. By introducing Fusion- 546

in-Decoder (FID), we leverage language models 547

and cross-attention to dynamically integrate mul- 548

timodal signals. Combined with our robust train- 549

ing strategy—incorporating single-modality mix-in 550

and caption dropout—our approach significantly 551

outperforms strong baselines on WebQA+ and 552

EVQA+, demonstrating particular resilience in in- 553

complete data scenarios. 554

8



Limitations555

Our work offers pioneering insights into the visual556

collapse and semantic alignment issues of multi-557

modal representation spaces in UMR. Current re-558

search has not yet balanced the performance of var-559

ious multimodal tasks. Our work is also a prelimi-560

nary exploration, primarily inspired by the perfor-561

mance of different fusion strategies on the modality562

missing WebQA+ and EVQA+ datasets. Future563

research will investigate the impact of dataset in564

different modality types on shaping the multimodal565

representation space, and extend our work to larger566

models to accommodate training and learning with567

more data. Furthermore, a deeper investigation into568

dynamically adjusting ᾱ in Single-Modality MinIn569

is left for future work, as different training stages570

may benefit from different mix-in levels. There is571

still considerable room for research on how multi-572

modal representations can fully utilize information573

from two modalities and on the competition and574

cooperation between different modalities in UMR575

task.576
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A Appendix760

A.1 Detail Introduction of Datasets761

WebQA This dataset contains images and pas-762

sage snippets that are crawled from the general Web763

and Wikipedia. It’s a multi-modal retrieval that in-764

cludes both text-to-text (T2T) retrieval, where a765

text query retrieves text documents, and text-to-766

image (T2I) retrieval, where a text query retrieves767

image documents. The ratio of these two types of768

queries in the WebQA dataset is 1:1. Its corpus is769

a hybrid corpus containing both images and text,770

with image documents all having captions. We771

use the same WebQA dataset as UniVL-DR and772

Marvel.773

EVQA Encyclopedic-VQA is a visual question774

answering (VQA) dataset that requires the ability775

to understand and reason about detailed encyclope-776

dic knowledge. The dataset is larger in scale, and777

the questions are designed to be truly multimodal.778

This means that answers cannot be based solely779

on images or text alone. Each answer is annotated780

with supporting evidence from the corresponding781

Wikipedia section.782

We use the processed EVQA datset from BByr-783

neLab/M2KR and create an EVQA+ datasets based784

on EVQA, merging WebQA’s T2T task in it and785

making it an any-modality-to-text-corpus version.786

The captions of the query-side images in the787

EVQA+ dataset are taken from the title of its788

ground truth wiki documentation.789

A.2 Implementation Details of Baseline790

UniVL-DR Training For training CLIP-DPR,791

the first stage checkpoint UniVL-DR, we start from792

the ViT-B/32 version of CLIP and continuously793

train CLIP on the WebQA+ dataset or EVQA+794

dataset with in-batch negatives. Here caption ratio795

of datasets in training is set to 1, which is equiva-796

lent to the original WebQA dataset, to align with797

the original result. We truncate texts with the max798

length of 77 and set accumulate step as 1, batch799

size to 64, max training epoch to 20, and the tem-800

perature hyperparameter = 0.01. The learning rate801

is 5e-6 for the WebQA+ dataset and 1e-5 for the802

EVQA+ dataset. The cosine annealing strategy is803

used to schedule the learning rate during training.804

In the second stage, for training UniVL-DR, we805

retrieve Top 100 documents using CLIP-DPR and806

sample two hard negatives of different modalities807

(k = 1) from these candidates. All models are808

Method T2T T2I

VISTA*(CLIP-B-32) 82.91 5.1

VISTA(EVA-CLIP-16) 82.58 42.8

Table 5: R@20 performance of VISTA on different
modality retrieval tasks of WebQA+ Dataset.

tuned with AdamW optimizer, are evaluated per 809

500 steps, and set early stop step as 5. Training is 810

conducted on a single A100. 811

Marvel Training Marvel model is based on a pre- 812

trained T5 model and uses CLIP’s visual encoder as 813

an image tokenizer, and 128 max text token length 814

and 49 image token legnth are set. Following the 815

original setting in paper, we trained on a single 816

A100, using a batch size of 64 and a learning rate 817

of 5e6 for WebQA+ datasets and a batch size of 818

64 and a learning rate of 1e5 for EVQA+ datasets. 819

Caption ratio of datasets in training is set to 1 to 820

align with the original result. And Temperature 821

hyperparameter = 0.01. And early stopping is im- 822

plemented like UniVL-DR. 823

We follow the two-stage training of Marvel: In 824

the first stage, we train the model using only in- 825

batch negative examples. In the second stage, we 826

use both self-mined hard negatives and in-batch 827

negatives to obtain the Marvel-ANCE model, simi- 828

lar to that of UniVL-DR. 829

VISTA Training VISTA model is based on a 830

pre-trained BGE-base model and uses EVA-CLIP’s 831

visual encoder as an image tokenizer, and 512 max 832

text token length and 196 image token legnth are 833

set. For a fair comparison, we replaced EVA-CLIP 834

with CLIP-B-32, and named VISTA* in paper. The 835

performance differences between VISTA* and the 836

original VISTA on the WebQA+ dataset are shown 837

in the Table 5. We can see that VISTA is not good at 838

T2I, especially, when the image encoder is replaced 839

by CLIP-B-32. 840

Following the original setting in paper, we 841

trained on a single A100, using a batch size of 128 842

and a learning rate of 1e5 for WebQA+ datasets 843

and a batch size of 64 and a learning rate of 1e5 844

for EVQA+ datasets. Caption ratio of datasets in 845

training is set to 1. 846

A.3 Implementation Details of MiMIC 847

During training MiMIC, we employ the T5 text en- 848

coder and CLIP image encoder initialized with the 849
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t5-ance checkpoint from OpenMatch and clip-vit-850

base-patch32 checkpoint from OpenAI, truncate851

the text with the max length of 128 and set the852

batch size to 64, learning rate=5e−6, max training853

epoch to 20, and the temperature hyperparameter854

τ = 0.01. And cosine annealing strategy is used to855

schedule the learning rate during training. All mod-856

els are tuned with AdamW optimizer, are evaluated857

per 500 steps, and set early stop step as 5. Like the858

Implementation of UniVL-DR and Marvel.859

We set the caption ratio to 0.5 of WebQA+ and860

EVQA+ datasets, meaning that only half of the861

multi-modal candidates or queries in the batch have862

captions. Additionally, when calculating the train-863

ing features for the Multimodal Candidates IV C
d864

from the WebQA+ dataset, we set ᾱ to 0.1, and865

when calculating the training features for the Mul-866

timodal Queries TIV C
q from the EVQA+ dataset,867

we set ᾱ to 0.5.868

In our second training stage, we retrieve Top 100869

documents using MiMIC and sample one image870

hard negative (can be have or not have caption) and871

one text hard negative (k = 1) from these candi-872

dates for WebQA+ dataset or sample one text hard873

negative (k = 1) for EVQA+ dataset. After training874

using in-batch hard negatives and hard negatives,875

we get the MiMIC-ANCE model.876

Figure 12: The performance of T2T(left) and
TI2T(right) Task on EVQA+ dataset using different
methods.

A.4 Different Multi-modal Retrieval of 877

EVQA+ 878

Here we show the performance of different modal- 879

ity subtask on EVQA+ Dataset in Figure 12. 880

Marvel-ANCE performs consistently and well in 881

the T2T task, but lags behind MiMIC-ANCE in 882

the TI2T task. While Univl-DR has relatively low 883

metrics in the T2T task, it shows good competi- 884

tiveness in the TI2T task. Similarly, VISTA*, as 885

on the WebQA+ dataset, exhibits significant dif- 886

ferences across different tasks. In the TI2T task, 887

MiMIC-ANCE performs best, ranking first in both 888

MRR@10 (32.1) and R@20 (49.6). This indicates 889

that the model has stronger feature modeling capa- 890

bilities and retrieval accuracy when handling com- 891

plex visual-text joint queries. 892
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