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Introduction

Multimodal (Text & Image) Data Source

Most of real-world web data are comprised of text and images.

Images can play an irreplaceable role in answering some questions.

However, most of prior works do not consider in

e.g., “Give me a recommendation of a white baby bike

Barack Obama
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"Barack" and "Obama" redirect here. For other uses, see Barack (disambiguation),
Obama (disambiguation), and Barack Obama (disambiguation).

Barack Hussein Obama II%/ (born August
4, 1961) is an American lawyer and
politician who served as the 44th president
of the United States from 2009 to 2017. A
member of the Democratic Party, he was
the first African-American presidentin U.S.
history. Obama previously served as a
U.S. senator representing lllinois from
2005 to 2008 and as an lllinois state
senator from 1997 to 2004.

Obarma was born in Honolulu, Hawaii. He
graduated from Columbia University in
1983 with a Bachelor of Arts degree in
political science and later worked as a
community organizer in Chicago. In 1988,
Obama entolled in Harvard Law School,
where he was the first black president of
the Harvard Law Review. He became a
civil rights attorney and an academic,
teaching constitutional law at the University
of Chicago Law School from 1992 to 2004.
In 1996, Obama was elected to represent
the 18th district in the lllinois Senate, a
position he held until 2004, when he
successfully ran for the U.S. Senate. In the
2008 presidential election, after a close
primary campaign against Hillary Clinton,

Barack Obama

Official portrait, 2012
44th President of the United States
In office
January 20, 2009 — January 20, 2017
Vice President Joe Biden
Preceded by  George W. Bush
Succeeded by Donald Trump

United States Senator
from lllinoils

In office
January 3, 2005 ~ November 16, 2008
Preceded by  Peter Fitzgerald
Succeeded by Roland Burris

Member of the lilinois Senate
from the 13th district

In office
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Problems of Existing Work

Existing studies focus on multimodal retrieval in limited scenarios.

For example, the MSCOCO benchmark only focuses on 2 kinds of retrieval scenarios.

* Input: caption, output: image

* Input:image, output: caption

g \

T

| Retreiver

o] (o
adh| (ad| 600
ab| 2t
- J

MSCOCO task 1 example

v

L=l L=
T=Z| |T=
T=Z| |T=

i

adh
~N
000 "| Retreiver
Y,
MSCOCO task 2 example




DATABASE

LAB @rostecH

More Diverse Scenarios for Multimodal Retrieval

* Necessary to consider a wider range of domains and modalities in retrieval scenarios.

* Auser conducts searches in various ways, including

* the target (i.e., modality) that users want to search for
* the methods of performing searching

-

I want to find
pants that look
like this, but in
red color

4 )

Who is the first
president of USA?
And give me a

picture of him
too. (’
1 N |
Washington!
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More Diverse Scenarios for Multimodal Retrieval

This paper aims to introduce a broader range of scenarios (along with a benchmark) for

multimodal retrieval and propose a framework for training multimodal retrievers capable
of handling these tasks.

Instruction: Retrieve Instruction: Retrieve a Wiki page
a similar image. that answers this question.
! | S —
nstruction: Find a Wiki article
Instruction: Retrieve a news Query Image

that answers my question.
headline image.

created?

! X - : Query Text + Image
Query Text I | ———
GOP presidential candidate L - W“ What year was
Ron Paul makes a point to Mitt this painting
Romney and Rick Santorum at the
New Hampshire Republican debate.

it i A Sunday Afternoon on the

g ahe:d inthe polls it Image Candidate Text + Image Candidate Island of La Grande Jatte was
painted from 1884 to 1886 and

wauld be one of - g ~  McDonnell Douglas was a is Georges Seurat's most

major American aerospace famous work...

manufacturing corporation and

defense contractor ...

Text + Image Candidate / \ L= T
- 4 News Headline: Mitt \

the biggest upsets ...
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Contributions

e UnilR framework

* Auniversal multimodal information retrieval framework designed to integrate various multi-modal
retrieval tasks into a cohesive system.

e M-BEIR benchmark

* Alarge-scale multimodal retrieval benchmark that assembles 10 diverse datasets from multiple
domains, that has 8 distinct multimodal retrieval tasks.

* UnilR models adopting UnilR framework & trained on M-BEIR benchmark
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Problem Definition

&iven a query q and a data source ¢ € C, correctly retrieve a data ¢* conforming to the instruction q;,,s¢-

* Query g can be one of
. A text q;
. An image q;
« A combination (q;, q;)

e Aretrieval candidate ¢ also be one of

. A text ¢,
. An image c;
* A combination (¢, ¢;)

* Aninstruction g;,,4 is @ natural language sentence that specifies the inputs and output modalities
« ex)Retrieve a Wiki image-description pair that answers this question.
* ex)Find a new headline image that matches the given caption.

¢* = argmax f (q, qins:)" f(€)
{c}eC
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Problem Definition (Cont.)

The authors define 8 retrieval scenarios total.

Task (query — candidate) Dataset Instruction (shown 1 out of 4) Domain Train Dev Test Pool
VisualNews [37]  Identify news-related image match with the description News 99K 20K 20K 542K

l. gt — ¢ MSCOCO [35] Find an everyday image match with caption Misc. 100K 24.8K 24.8K 5K
Fashion200K [18] Based on fashion description, retrieve matched image Fashion ISK 17K 1.7K 201K

2.9t — ¢t WebQA [6] Find an paragraph from Wikipedia to answer the question Wiki 16K 1.7K 24K 544K
3. q0 — (i, 1) EDIS [39] Find a news image matching with the caption News 26K 3.2K 32K 1M
s &, Gt WebQA [6] Find a Wiki image that answer the question Wiki 17K 1.7K  2.5K 403K
VisualNews [37]  Provide a news-related caption for the displayed image News 100K 20K 20K 537K

4.q9;: = ¢t MSCOCO [35] Find a caption describe the an image Misc. 113K 5K 5K 25K
Fashion200K [18] Find a description for the fashion item in the image Fashion ISK 48K 48K 61K

5.9 —~ ¢ NIGHTS [15] Find an image that is identical to the given image Misc. I6K 2K 2K 40K
6. (i, qi) — c OVEN [19] Retrieve a Wiki text that answer the given query about the image Wiki 150K 50K 50K 676K
A G ¢ InfoSeek [10] Find an article that answers the given question about the image Wiki 141K 11K 11K 611K
7. (gi, qu) = c FashionlQ [56] Find an image to match the fashion image and style note Fashion 16K 2K 6K 74K
- g G ' CIRR [40] I’'m looking for a similar everyday image with the described changes Misc. 26K 2K 4K 21K
8. (i, qs) = (i, 1) OVEN [19] Find a Wiki image-text pair to answer a question regarding an image Wiki 157K 14.7K 14.7K 335K
$\Gis G © ™t/ InfoSeek [10] Find a Wiki image-text pair to answers my question about this image Wiki 143K 17.6K 17.6K 481K
10 datasets 64 instructions 4 domains 1.1M 182K 190K 5.6M




UnilR &
M-BEIR Benchmark
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UnilR Overview

* UnilR aims to design an embedder capable of embedding both images and text simultaneously.

* The UnilR framework utilizes pretrained CLIP and BLIP models.

* I|tis categorized into two types based on the method of their integration.

e Score-level Fusion (SF)

e Feature-level Fusion (FF)
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Design Choice 1: Score-level Fusion

®. Image and text inputs are processed into two individual vectors.

2. Thetwo vectors undergo a (learnable) weighted sum to form a single representation vector.

(i e Qinse) = w1f1(q:) + wafr Qe Ginse)
fcirce ) = wsfi(ci) + wafr(ce)
S(qr C) = f(QEr dt, qinst)Tf(Cir Ct )
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Design Choice 2: Feature-level Fusion

Feature-level fusion employs mixed-modality attention layers to integrate features from both modalities.
 Specific implementation varies between CLIP and BLIP for this fusion approach.

For CLIP

1. Image and text inputs are each processed into a sequence of encoded vectors.

2. Two sequences of vectors are put into a learnable T5 Transformer.

3. Perform mean pooling.

5(q,)

?
H - ©—8
r 2 r 2
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Design Choice 2: Feature-level Fusion

For BLIP

1. Image input is encoded into a sequence of key/value vectors.

2. Text input is encoded into a sequence of query vectors.

3. A cross-attention is performed on the query/key/value vectors.
4

Perform mean pooling.
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M-BEIR Overview

R large-scale retrieval benchmark constructed to train and evaluate unified multimodal retrieval models.
 Composed of 10 different datasets, which have 8 different retrieval tasks.

* Fourinstructions g;,s+ are given along the task.

M-BEIR Components for a single task.

* Q0=1{91.92, 9}
« C={cq,Cy ....,Cn}
Jinst: human-authored instruction to specify the intent of the retrieval task
For a single QA pair,
* @:question
« ¢*: positive data

 {c71,¢3,...,Cp}: aset of negative data

14
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M-BEIR: Dataset Collection

The M-BEIR dataset is composed of 8 tasks from 10 distinct benchmarks

Task (query — candidate) Dataset Instruction (shown 1 out of 4) Domain Train Dev Test Pool
VisualNews [37]  Identify news-related image match with the description News 99K 20K 20K 542K

l. gt — ¢ MSCOCO [35] Find an everyday image match with caption Misc. 100K 24.8K 24.8K 5K
Fashion200K [18] Based on fashion description, retrieve matched image Fashion ISK 17K 1.7K 201K

2.9t — ¢t WebQA [6] Find an paragraph from Wikipedia to answer the question Wiki 16K 1.7K 24K 544K
3. q0 — (i, 1) EDIS [39] Find a news image matching with the caption News 26K 3.2K 32K 1M
s &, Gt WebQA [6] Find a Wiki image that answer the question Wiki 17K 1.7K  2.5K 403K
VisualNews [37]  Provide a news-related caption for the displayed image News 100K 20K 20K 537K

4.q9;: = ¢t MSCOCO [35] Find a caption describe the an image Misc. 113K 5K 5K 25K
Fashion200K [18] Find a description for the fashion item in the image Fashion ISK 48K 48K 61K

5.9 —~ ¢ NIGHTS [15] Find an image that is identical to the given image Misc. I6K 2K 2K 40K
6. (i, qi) — c OVEN [19] Retrieve a Wiki text that answer the given query about the image Wiki 150K 50K 50K 676K
A G ¢ InfoSeek [10] Find an article that answers the given question about the image Wiki 141K 11K 11K 611K
7. (gi, qu) = c FashionlQ [56] Find an image to match the fashion image and style note Fashion 16K 2K 6K 74K
- g G ' CIRR [40] I’'m looking for a similar everyday image with the described changes Misc. 26K 2K 4K 21K
8. (i, qs) = (i, 1) OVEN [19] Find a Wiki image-text pair to answer a question regarding an image Wiki 157K 14.7K 14.7K 335K
$\Gis G © ™t/ InfoSeek [10] Find a Wiki image-text pair to answers my question about this image Wiki 143K 17.6K 17.6K 481K
10 datasets 64 instructions 4 domains 1.1M 182K 190K 5.6M

15
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M-BEIR: Instructions

®he authors added four instructions q;,: for each retrieval task.

Qinst 1S @ Natural language sentence that describes a multimodal retrieval task by intent, domain,
query modality, and target candidate modality.

Two settings for M-BEIR

* M-BEIR5.6M: retrieve from the M-BEIR 5.6 million candidate pool C5 ¢, Which consists of the retrieval
corpus from all tasks

* M-BEIR Local: retrieve from a task-specific pool provided by the original benchmark

16
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M-BEIR: Examples

Below shows 6 different benchmarks, with 4 different tasks.

qinst: Retrieve a Wiki image-description pair
that answers this question. Wikipedia subject image and description.

!
C;: The Old English

Sheepdog is a large breed of
dog that emerged in
England from early types of
herding dogs...

q:: What is the country of =
origin of this animal?

InfoSeek i,t— it

Ginse: Find a news headline image that matches
the given caption. t

q.: Bulgarian President Rosen Plevneliev
speaks during the 68th session of the UN
General Assembly.

News snapshot and its headline.

| €¢: National Security Iran
leader open to meeting
Obama at later date.

EDIS t— it

Qinst: Find a Wikipedia image that answers this

question. An image and caption pair from Wikipedia.

!

q;: Do both the Hays County Courthouse in

San Marcos, Texas and the lke Wood House at ~ mp-
227 Mitchell Street in San Marcos, Texas, have

six columns on their front entrance?

C;: Hays County
Courthouse (2018), San
Marcos, TX The Hays
County Courthouse...

WebQA t— it

qinse: Find a fashion image that aligns with the

reference image and style note. A fashion product image.

! c;
q; q;: Does not have writing in it
and has less font and simpler =

graphics.

FashionlQ i,t—i

- . _ :
Qinse: 1'm looking for a similar everyday image An image of common

with the described changes. objects.
:

q¢: A white fuzzy animal sits e
by the food bowl.

CIRR it-i

qinst: Which common image most closely

7 An everyday scene photo.
resembles the reference image? Aeifeey SelED

Ci
.

!

NIGHTS i—i

Figure 3. Examples of six query instances in the M-BEIR dataset. Each example query instance includes a query ¢, a human-annotated

natural language instruction gingt, and a positive(relevant) candidate ¢ ™.
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Experiments

18
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Experiment Goals

UnilR effectivity: How do UnilR models perform on the M-BEIR benchmark?

Instruction validity: How do the instructions affect the retrieval accuracy, if we fine-tune UnilR using
the instructions?

Model design choice superiority: What is the most effective fusion strategy (score-level vs. feature-
level) and base model (CLIP vs BLIP) for UnilR?

19
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Experiment Settings

Benchmark:
* M-BEIR 5.6M
° M-BEIR Local

Metrics: adheres to the default metric of each benchmark
* Recall@10: Fashion200K, FashionlQ
* Recall@5: rest of the datasets

Models:
* Zero-shot: Vanilla pre-trained CLIP/BLIP

* Single-task: UnilR-framework models fine-tuned using M-BEIR Local’s corresponding task (excluding
the instructions)

* Multi-task: UnilR-framework models fine-tuned using M-BEIR 5.6M (excluding the instructions)
* UniIR: UnilR-framework models fine-tuned using M-BEIR 5.6M (including the instructions)

20
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Main Experiment: Retrieval Accuracy

Zero-shot retriever fails to comprehend retrieval intention.

Instruction-tuning greatly improves retrieval accuracy on M-BEIR.

‘ Zero-shot | Multi-task (X instruction) | UnilR(v instruction)
Task Dataset | BLIP2 |CLIPsz CLIPgz BLIPsg BLIPgz BLIPg3gs | CLIPse (A)  CLIPgs (A)  BLIPse (A)  BLIPgs (A)  BLIPgg 354 (A)
VisualNews 0.0 12.7 8.8 5.0 8.3 10.5 | 42.6 (+29.9) 28.8 (+20.0) 20.9 (+15.8) 23.0(+14.8) 26.5 (+16.0)
g — ¢ MSCOCO 0.0 273 246 229 217 352 | 77.9(+50.6) 74.7 (+50.1) 71.6(+48.7) 75.6(+47.8) 75.7 (+40.4)
Fashion200K 0.0 59 5.9 59 9.0 13.1 178 (+11.9) 155 (+9.7) 243 (+18.6) 25.4(+16.4) 26.7 (+13.6)
Bogp=se; WebQA | 352 | 83 679 744 761 769 | 84.7(+2.5) 78.4(+10.6) 789 (+4.4) 719.5(+3.4) 792 (+2.4)
T EDIS 0.0 411 383 336 360 38.5 | 59.4(+18.3) 50.0(+11.7) 47.2 (+13.6) 50.3 (+14.4) 514 (+12.9)
it~ SR WebQA 0.0 682 625 732 747 752 | 78.8 (+10.6) 753 (+12.8) 76.8(+3.6) 79.7(+5.0) 79.4 (+4.2)
VisualNews 0.0 12.1 8.2 4.8 4.9 6.0 42.8 (+30.7) 28.6 (+20.4) 19.4 (+14.6) 21.1(+16.3) 22.9 (+16.9)
d.q— MSCOCO 0.0 846 808 749 769 814 | 923(+7.8) 89.0(+8.2) 88.2(+13.4) 88.8(+11.9) 90.1 (+8.7)
Fashion200K 0.0 i 1.3 2.6 3.6 4.0 17.9 (+16.7) 13.7 (+12.4) 243 (+21.7) 27.6 (+24.1) 28.4 (+24.4)
5. g — c; NIGHTS | 240 | 310 308 329 313 325 [320(+1.0) 31.9(+1.2) 334(+04) 33.0(+1.6) 33.7(+1.3)
. . 3 OVEN 0.0 368 316 332 377 39.2 [ 39.2(+2.4) 347(+3.1) 352(+2.0) 387(+1.0) d40.7 (+1.5)
G Ge) = G InfoSeck 0.0 183 154 119 178 171 [ 24.0(+5.8) 17.5(+2.1) 167 (+4.8) 19.7(+1.9) 19.2(+2.0)
= Trnchl it FashionIQ 3.9 MR 197 261 241 20.0 | 243(+1.5) 20.5(+0.9) 262 (+0.1) 28.5(+0.5) 29.8(+0.9)
e s CIRR 6.2 320 327 367 451 474 | 439 (+11.9) 409 (+8.2) 43.0(+63) 5L4(+63) 51.1(+3.8)
8 i s e OV 13.8 587 501 510 516 53.1 | 602(+1.5) 55.8(+5.7) S51.8(+0.8) 57.8(+6.2) 59.5 (+6.4)
sl 4% InfoSeek 11.4 423 315 230 254 252 | 44.6 (+2.4) 36.8 (+5.3) 254 (+2.5) 27.7(+23) 31.1(+5.9)
Average |59 | 361 319 320 346 36.5 | 48.9 (+12.8) 433 (+11.4) 427 (+10.7) 45.5(+10.9) 46.6(+10.1)

Table 2. Benchmarking universal information retrieval on M-BEIR (5.6M candidates) with Recall@35 (except using Recall@ 10 for Fash-

ion200K, FashionlQ). A: UnilR - Multi-task. 384 refers to image resolution. Bold: top-1 performance. Underline: top-2.

21
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Validity of Instructions

conducted an analysis of the retrieval error for Multi-task and UniIR

Three kinds of errors

* X modality: Retrieving from modality differing to the target modality

e X domain: Retrieving from incorrect domain (i.e., other benchmark’s data)

e Other

X modality errors decrease greatly from Multi-task to UniIR

* UnilR models were able to successfully learn to retrieve intended modalities

Multi-task UnilR
Error Types CLIPSF BLIPgg CLIPSF BLIPgr
X modality 58.8% 50.9% 2.7% 15.2%
X domain 0.3% 0.5% 0.1% 0.0%
Other 40.9% 48.6% 97.2% 84.8%

Table 4. Error analysis on M-BEIR.

22
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Model designh choice superiority

Fine-tuned UnilR framework models outperform vanilla pre-trained models
For CLIP, Score-level Fusion design outperforms its counterpart.

For BLIP, Feature-level Fusion design outperforms its counterpart.

H W N e

Overall, CLIPsr shows the highest retrieval accuracy.

* Reasoning or in-depth analysis for points 2, 3, 4 were not written in the paper.

Zero-shot UnilR
Task CLIP BLIP \ CLIPg: CLIPsk (o) ] BLIPsg  BLIPgf (»)
1. 0.0 0.0 39.7  46.1 (+6.4) 38.9  41.3 +2.4)
9.8 32.1  38.1 78.4 84.7 (+6.3) 78.9 79.5 (+0.7)
3. 6.1 0.0 62.7 69.1 (+6.4) 62.0 65.0 (+3.0)
4. 0.0 0.0 43.8 51.0 +7.3) 440 459 (+1.9
5 253 25.1 31.9  32.0 0.1 334  33.0 (-0.4)
6. 0.0 0.0 26.1 31.6 (+5.5) 26.0 29.2 (+3.2)
7. 4.9 4.8 30.7 34.1 (+3.4) 34.6 40.0 (+5.4)
8. 23.3 9.0 46.3 52.4 (+6.1) 38.6  42.7 (+4.1)
Avg 79 57 | 433 4895y | 427 45529

Table 5. Experiments of multimodal feature fusion architec-
ture design. Retrieve from the M-BEIR (Recall@5). A: differ-
ence between two model architectures.
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Comparison with Existing Methods

UnilR models outperform SOTA models for each task in average.

SoTA Zero-Shot ST MT  UnilR | ST MT  UnilR
Task Dataset CLIP SigLIP BLIP BLIP2 | CLIPss CLIPsz CLIPsk (A,) | BLIPg  BLIPg:  BLIPg (A,)
VisualNews 433 301 164 167 435 406  42.6 (-0.9) 20.0 228 234 (434)
g —ci MSCOCO 61.1 757 744  63.8 80.4 799  81.1 (+0.7) 77.3 783 797 (+2.3)
Fashion200K 6.6 365 159  14.0 10.7 168  18.0 (+74) 17.1 258  26.1 (+9.0)
2. g — ¢ WebQA 362 398 449 386 | 817 837 84731 | 675 779  80.0 (+12.5)
B8] EDIS 433 270 268 269 58.8 574  59.4 (+0.6) 38.2 512 509 (+12.7)
<@t 5 WebQA 451 435 203 245 763 767 78.7 (+2.5) 67.8 792 79.8 (+11.9)
VisualNews 413 308 172 150 | 427 400 43.1 (+0.4) 2.4 209  22.8 (+0.3)
4. i — MSCOCO 790 882 832 800 89.8 90.3  92.3 (+2.6) 86.0 858  89.9 (+3.9)
Fashion200K 7.7 342 199 142 12.0 184  18.3 (+6.3) 15.6 274 289 (+13.3)
5. g — ct NIGHTS 261 289 274 254 33.5 3.1 32015 | 304 315  33.0 (+2.6)
i LS OVEN 242 297 161 122 45.4 46.6 455 (+0.1) 33.8 428 410 (+72)
“As e — O InfoSeek 205 251 102 55 23.5 283 279 (+4.4) 185 239 224 (43.9)
—— FashionIQ 7.0 144 23 4.4 25.9 232 244 (-15) 3.0 284 292 (+262)
el CIRR 132 227 106 118 52.0 387  44.6(-713) 13.9 48.6  52.2(+382)
3 () laey OV 388 417 274 273 66.2 69.0  67.6(+1.4) 49.9 563  55.8 (+5.9)
e e %) nfoSeek 264 274 166 158 47.4 492 489 (+1.5) 32.3 329  33.0 (+0.7)
- Average 325 372 268 248 | 494 494 506 (+12) | 371 458  46.8(+9.7)

Table 6. Multi-task (MT) instruction-tuning experiments on M-BEIR,..;. We report Recall@35 results of zero-shot retrieval, single-
task (ST) fine-tuning, and UnilR (with or without instructions) on M-BEIR|,., except for Fashion200K and FashionlQ where we report
Recall@10. Retrieval is conducted from M-BEIR|,, (single) candidate pools. A,: absolute difference to single task fine-tuning.



