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What we will see:

Part 1:
Training Larg&cale Multimodal Generative Models

Part 2:
Making Generative Models Trustworthy and Safe

Part 3: ,
Extending Generative Models to the Fashion Domain | =~ =%




Vel

NI A Y A Ff SNBES8zZ OAY2RIf DS
S

oéa)\yy)\ya 2F | 22d2NYySeé

ITALIAN RESEARCH INFRASTRUCTURE



A Largescale networks with support for logjl semantic
concepts (IJCV 2023)
scaling to largscale datasets and handling the duality
between noisy welscale data and humaannotated data

A New metrics (CVPR 2023, ECCV 2024)
for image description evaluation and for training more
effective image captioning models

Connecting Vision and Languac
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A\ :
A man in a black jacket skiing A man on skis down a snow
down a hill. covered slope.

Standard Captioner:
A group of p e oAptdlbeuilding sitiing ig the A woman with blonde hair

skat eboar ds i midde of aibedy af water. is posing for a picture.
Uni ver sal Capt Unvemrsal Captioner: Universal Captioner:
A group of p e oAnlaaial viewdfithe urj A picture of Marilyn

segwayns a fi el dAlArabinDubai. Monroe with a red lipstick.



Universal Captioner

Most of largescaleAlis built uponnoisyweb-collecteddata

Comparedto humanannotated captions, web-collected ones have a greater richnessin semanticsand
conceptsput alowerdescriptionquality.

Keyidea

A Develop an architecture which can emulate the descriptive style of traditional kamnatated datasets
and webcollected ones, while transferring semantic content between sources.

human-annotated
‘ _ A tall building

A young girl is trying ) Thereisa verylarge Standard > sitting in the middle

to brush her hair with @l white building in the Captioner of a body of water

a pink brush. middle of this street. '
An aerial view of
the Burj Al Arab in

web-collected | Dubai.
B acolinic ki d Now We've Really Ours ]
Fond The Wi ], St ower
Z o his] " Oldest Tesla Model 3 and luxury hotel.
the fruit into this! Garas Stock photography.
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Almage™

Universal Captioner

Inputs
A CNNreatureextractorswhichcandirectlytakeraw pixelsasinput andavoidusingobjectdetectors

A Textuakeywordsextractedwith largescalecrossmodalmodels
A Styletokento separatehand-collectedandweb-basedmagecaptionpairs

Architecture
A Fullyattentiveencoderdecoderthat jointly encodeskeywords style,andtext.

1 keywords

() style token

keyword
vocabulary

—— - ——

___________

[ Image Encoder ¢ NJ A yog:m) nz2 y
L K . YAftARY AYl
‘?‘?‘??‘?‘???‘?‘? A A o ' 0SEG LI ANE
Transformer Encoder J >l Transformer Decoder
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- with the Empire State building
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Universal Captioner

Mainresults

A Stateof-the-art resultson COC¢nocapsand ConceptuaCaptionsSM

A Zeroshotgeneralizatiorio other datasets

A Capabilityo nameout-of-domainconceptse.g. propernounsof placesfamouspeople, brands)

Fine-tuning Fine-tuning

TF SCST Training Images B4 M R C S TF SCST Training Images B-4 M R C S
BLIPY®¢ v - 129M 397 - - 1333 - OSCAR"®® v 4.1M 40.5 297 - 1376 22.8
BLIP'e v - 129M 404 - - 1367 - OSCAR'¥e v 4.1M 417 30.6 - 140.0 24.5
SimVLM"** v - 1.8B 39.0 329 - 134.8 240 VinVL*e v 5.8M 409 309 - 1406 25.1
SimVLM'" v - 1.8B 403 334 - 1426 24.7 VinVL'eee v 5.8M 41.0 31.1 - 1409 252
SimVLM"ee v - 1.8B 40.6 337 - 1433 254 Ours'™ (f=human) - v 5.8M(VinVL data) 42.9 31.1 61.3 147.1 24.9
LEMONP"* v 200M 41.6 31.0 - 1427 25.1 Ours™" (9=human) - v 5.8M (VinVL data) 42.7 31.3 61.3 147.5 25.2
LEMON!¥e v Y 200M 423 312 - 1443 253 Ours"™® (9=human) - v 58M (VinVL data) 43.2 31.4 61.7 147.8 25.4
LEMON"& Y 200M 426 314 - 1455 25.5
Ours'™ (f=human) - N 35.7M 42.8 31.0 61.2 148.4 24.6
Ours*™ (9=human) - v 35.7M 42.5 312 61.3 148.6 25.0
Ours’™® (f=human) - V4 35.7M 42,9 31.4 61.5 149.6 25.0

Cornia, M., Baraldi, LFjament D ®3 | Yy R Gerdz@ifgiiaré RédinEnt Gaptlongiby Leveraging Semantics and Style off MutlizNID S 5JCVi 20235 (i & ¢ =
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Mainresults

A Stateof-the-art resultson COCOpocapsand ConceptuaCaptionssM

A Zeroshotgeneralizatiorio other datasets

A Capabilityo nameout-of-domainconceptse.g. propernounsof placesfamouspeople, brands)

Validation Set Test Set

Fine-tuning in near out overall in near out overall

TF SCST Training Images C S C S C S C S C S C S C S C S
BLIP™* v - 129M 111.8 149 108.6 14.8 111.5 142 109.6 14.7 - - - - - - - -
BLIP%= v - 129M 1149 152 112.1 149 1153 144 1132 148 - - - - - - - -
SimVLM"™# v - 1.8B 113.7 - 1109 - 1152 - 1122 - 1090 146 1108 146 1095 139 1103 145
LEMON'""& v - 200M 116.9 158 1133 151 111.3 140 1134 150 111.2 156 1123 152 1050 13.6 1109 150
LEMC_)Nh”ge v - 200M 118.0 154 1163 15.1 1202 145 1173 150 1128 152 1155 15.1 110.1 13.7 1143 149
Ours"™ (f=human) - v 35.7M 1223 148 1153 146 116.1 13.6 1165 145 1140 147 1153 147 107.3 13.2 113.7 144
Ours™" (f=human) - v 35.7M 123.7 150 1185 150 1162 138 1188 148 1176 153 1179 150 1133 13.7 117.1 1438
Ours"™* (§=human) - v 35.M 124.8 153 119.6 152 1203 144 1205 151 1188 155 1204 154 114.0 141 119.1 152
VinVL™* v v 5.8M 1124 147 1042 143 931 127 103.1 141 1048 148 1029 144 858 125 100.1 14.1
VinVL'"e v v 5.8M 1153 152 105.6 147 96.1 13.0 105.1 144 1074 149 106.2 147 91.0 129 103.7 144
Ours"™ (f=human) - v 5.8M (VinVL data) 1214 149 1157 148 1106 135 1155 146 1152 152 1152 15.0 1063 13.8 113.6 148
Ours*™ (f=human) - v 5.8M (VinVL data) 120.0 154 117.1 152 112.0 139 1165 150 117.2 158 1153 15.1 1069 140 114.0 15.0
Ours"* (§=human) - v 5.8M (VinVL data) 122.3 15.6 117.7 154 115.6 145 118.0 152 1160 156 1174 154 110.2 144 1159 15.2

Cornia, M., Baraldi, LFjament D ®3 | Yy R Gerdz@ifgiiaré RédinEnt Gaptlongiby Leveraging Semantics and Style off MutlizNID S 5JCVi 20235 (i & ¢ =



Mainresults
A Stateof-the-art resultson COCocapsand ConceptuaCaptionssM
A Zeroshotgeneralizatiorio other datasets
A Capabilityo nameout-of-domainconceptse.g. propernounsof placesfamouspeople, brands)

TF Fine-tun. Training Images B-4 M R C S
LEMON"* - 200M 10.1 11.9 - 108.1 19.8
LEMON"** v 200M 10.1 120 - 1119 205
LEMON'" ¢ v 200M 108 123 - 1174 21.0
LEMON™:* v 200M 13.0 139 - 136.8 23.2
Ours™ (f=web) v 35. M 10.6 13.1 30.0 121.3 23.0
Ours™! (9=web) v 35. M 11.6 13.5 30.5 130.0 23.6
Ours"™® (=web) - 35.7TM 9.2 12.1 27.8 105.7 20.9
Ours"™* (f=web) v 35. M 13.2 14.2 31.4 1444 24.7

Cornia, M., Baraldi, LFjament D ® X
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Universal Captioner

Mainresults

A Stateof-the-art resultson COCOnocapsand ConceptuaCaptions3M

A Zeroshotgeneralizatiorno other datasets

A Capabilitto nameout-of-domainconceptge.g. propernounsof placesfamouspeople, brands)

VizWiz TextCaps Open Images ImageNet-21K CC3M

Zero-Shot B-4 C S B-4 C S Long-tail Named Long-tail Named Long-tail Named
Words Entities Words Entities Words Entities

Up-Down 198 497 122 201 419 117

AoANet 232 60.5 140 204 427 132 VinVLbee 149 57 149 64 84 46
. . large

ViV 169 347 99 173 412 13.1 ymVL_ 186 68 194 72 95 45

VinVL e 74 377 103 175 410 131 Ours™ (f=human) 884 254 1152 261 581 162

Ours"™ (f=human)
Ours™! (f=human)
Ours"®¢ (f=human)

236 65.6 14.8 20.7 58.6 14.6
245 702 153 21.9 66.0 154
257 76.2 16.2  23.6 699 159
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#0) Describing Images in Natural Langue

Almage

‘\
Sk

o " il =

L

President Obama s

SN

miling in front of an American

flag. A poster of Queen EI | zé
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Describing Images in Natural Langua

A statue of a McDonald's character in a store.

“ A A,z AL
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Describing Images in Natural Langua

A view of a city at night with the A statue of Liberty 1in
Empire State building.

Cornia, M., Baraldi, LFjament D ® 3 | Yy R Gerdz@ifpgkiaré PddinEnt Gaptlongiby Leveraging Semantics and Style off MutlzND S 5JCVi 20845 (G & ¢ =



Describing Images in Natural Langua

A close up of an Iron Man in a suit. A toy of a man in a Captain America costume.

- A A,z oA s
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Almage™

Evaluating Image Description

Main Purposegeneratethe textualdescriptionof animage

A modellinga distribution  «sO overpossiblecaptionswgivenaninput
image'@

a horse jumping peeled tangerines and

Developing aobustimage captioning metric is keydwgaluating | overa polejump. cut strawberries
gualityandadvancingnodels.
A Existing standarhetrics are not specifically Most of the standard metriaso not correlate
designed for the captioning task ¢.BLEU) wellwith human judgement
A Existingnetrics do not take into consideration
the input image ¢KAA fAYAGEA GKSANI oA
LISNF2NXIF YOS 2F AYLF 3AS

A Existingnetrics primarily focus on global image
text alignment

- . Af Ay3 SAU0K RSUSC
A Existing metrics rely on few human referenceussms) E(Iu Puszgzé; y?fﬁ X gyg 2 NJS KIES

noisy multimodal embeddings



Am% PositiveAugmented Contrastive Learnin
A9EAAGAY3 Yéﬁjé\lﬁ\[ﬁééﬁm\n\lﬁﬁxbﬂ-)ﬂﬁééyéé
I. NB é 7\ u K é NJ 2 Y'f é I é é I‘Q Image | Candidate Captions , Evaluation Score‘s' ‘
N‘B -F S N‘B y é é é‘ % NJ Y de 7\ Y 2 A black cow by a person. MI;T::R Cllzlj (;LI;;-GS :A;:
2y y2iae RIFEGE® 67 149 076 || o
p A . A A~ _ B | A cow walking through a ' METEOR CIDEr CLIP-S |( PAC-S ‘
A28 LINPLI2AS | € SINYFOE, ~

field. 15.0 17.2 0.754 0.775

AYEF3AS O LAPHAFNE KDODK g
SYLJ 2 &aA) WNBSaZ (2(yS OF1 S R R
3SY SNJ FSRNJI RH il | dza Y S y S o
LIZ26 SN 2F KdzYly | yy2i(l Gl

A silver bicycle is parked in METEOR CIDEr CLIP-S e
a living room. 23.1 68.6 0.686 0.853

A silver bicycle leaning up METEOR CIDEr CLIP-S || PAC-S
against a kitchen table and

chairs. 324 637 0.637 || 0.862
A . l a § H_Jﬁafﬂ LHEW': y l{ S" RV -F u NJ : | Ayellow bus passes through | METEOR CIDEr CLIP-S If PAC-S |
Y de u 7\ Y2Z2R I f SYO0OS R A y = g | on intersection. 42.7 167.0 0.816 0.836
A h dzNJ Y S U NA é 2 dz l:l LJé NJF&2 W rAyel/owbusistrave/ing ”METEOR CIDEr CLIP-S I PAC-S‘
I Y R leﬁ IS au‘s ROBSUNRKO& A oo imersonion P 539 0as 0813 || 0844
O2 NNE f A2Y SANI K KdzYl y edzRHYsyu



#Ho) PositiveAugmented Contrastive Learnin

Almage

rea 1 cenerai - A Duakencoder architectureomparing
A train running on a track A blue and white train the visual and textual InputS via
near a mountain range. traveling down train tracks.

cosine similarity

gy —— . ,
shared A Usage osynthetic generatorsf both

Text
Generator

7'/
y ‘....'T v 'oood visual and textual data (Stable
[FlzlEEE " |ezlEE Diffusiort and BLIP respectively)
[ | | e
""" M| |2|Ez)E | o
||z | | o
- ) T Notation
: y TR (e,
|:| DDDD : . real i mage s@ gi(:Ts];illt;\;ﬁi;esal pairs : . .
|:| DDDD ! I:I generated I:I positive reakgen pairs similarities! Flnetunlng on human annotated data b
_____ ) |:| DDDD i B realgcaptions [7] negative pairs similarities E tak|ng |nt0 accoumontrastlve
OPEEE (Qoenerated captions . relationshipbetween real and generatec

___________________________________

matching imageaption pairs.

1. Robin Rombach, AndreBfattmann Dominik Lorenz, Patrick Esser, and Bfammmer Highresolution image synthesis with latent diffusion models. In CVPR, 2022.
2. JunnarLi,DongxuLi,CaimingXiong, and Steven Hoi. BLIP: Bootstrapping Langlmage Preraining for Unified Visiolhanguage Understanding and GeneratiomICML, 2022.



.{

We improve the proposed PADmetric, introducing ACS++.

PACS++: An Improved Metric

Composite

Flickr8k-Expert

58.3

l Genera ted

Real

| A seagull sitting on a rock with

Text .
Generator

Generated

Image
Generator

| a sunset in the background.

54.5

A bird sitting on top of a rock
on the beach.

Text
Encoder

_____

Pascal50-S

Encoder

 EEEE
W ZO]
W DD
o FOIL
| e o
o EEEE (e VATEX-EVAL
EEEEE i [] generated imag [] wosit I-gen pairs similarit i
_’D Dl:”:”:‘ i [ real captions []] nesative pairs similariti i ActivityNet-FOIL
LEEas o — | —— CLIP-S = PAC-S =—— PAC-S++
To regularize training, we emplmyv-rank adaptatiorthat can i S Ayomggrlissidngdonn | GRS PAGS oS
. . . .. " | asideata playgroun . )
enhancehe final performance while preserving the original ; b3 ars  Pacs  PROSH:
2 ,Q'Z‘& ~ Three dogén the snav. 0338 0352 0173

advantages of the CLIP embedding space. - TN

I NI QZNJ{XQDSE ® A
YRSNJ wSOASs
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Metrics Not Only for Evaluatio

Image Generated Captions Reward

g A cuting board with a sandwich and a knife. CIDEr

A Metrics can also serve agesitive signab enhance
the semantic richness and descriptiveness of generat | -

A loaf of green breadwith a knife cut in half cut in aIPS

] ey half and a knife in the background.
Capt|0ns. ‘ \: : } A greenloaf of green breadwith peanut butter on PAC-Si+
. . . 2 utting board with a knif whit face.

A metrics likeCIDEhave been employeit the SCST o e e e S
fine-tuning stage, where they are utilized as reward Threepeogle sitting on a bendh on a ODEr
signals. e e [T

Four elderly peoge are stting on a benc looking PAC-St+
at the ocean

A We propose to employ PAS>+ aseward for fine

. . . . A man walking next to a woman walking a. CICEr
tuning captioning model4everaging the fact that our
. . — Arrjmwglkingnexttoawomaniqapark_holding CLIRS
metric does not rely on human references by design == afrisbeein the baclground of setting setting.
and is based on an improved imegat alignment, A L It rmoniica O

Vd
-

t 1 bb AY O KSzy Aly/F & OF
0 AR QK-SLNT A 2F/S6 SINUGKKE £ £ ¢
YR 3ANI YYI GAOI €

unlikeCIDEand CLIFS respectively.

Sarto, SMoratelliz b ®> / 2NV Al X ad . I NI f-RugBentgddhntrastyidledrnizgor K/isamiianguage EvatudtiénaddbA BB A Yy I € ¢
Under Review



A The Revolution of MLLMs (ACL Findings 2024)

a new paradigm for visieand-language generative models

A RetrievalAugmented MLLMs (CVPRW 2024, CVPR?p025

how to enable MLLMs to leverage external knowledge during

generation?, how to have effective retrieval pipelines?

— Query )

A

Visual
Encoder

vl

Recurrent
Cell

t 111

Text
Encoder

ReT (Ours)

gi% Visual

Encoder .
K.'—;, )

Large Language Model (LLM) 3&(%
7

Luxury Fumiture

. J

——— Stage 2 - Instruction Tuning ——

Visuict What do the people
with umbrellas
Sisocof i l suggest about the
e el ¥ 2
Adapter weoiher.

bt ad Ve N
1Ll LY
Large Language Model (LLM) m
7

The presence of people walking with
umbrellas suggests that the weather
might be rainy or showery...

What's the — Feat Fusion — ReT
player's o
numbere M " il

J

— Query Side




¢ The Recipe for the MLLM:

The unusual aspect of thisimage is a man

--- ironing clothes on the back of a minivan. + 1;;'; ' f | NE S 3 S y S NJ l:l 7\ Q é Y
: Thisis not a typical place to iron é ' XA 2 & th1d. & Zo A, £
@ . dzy RSNEH2 y S SilNG SWa v @S LN
: Large Language Model (LLM) uzl1s )f LJDLB RAOUA 2 )fv 202S0I
= A nh & dzo 4 Slj dabdeyiA FA VISY Rk 2 NJ Ay
E S LLL 02 60SOGSNIIFEAIY HAGK Ko
_«  What is unusual about this image? Please
& output the bounding box of the man. o
— It commonly employs Vision
Visia 'm Transformers\(iT) trained with contrastive
Encoder ! learning to align visual and textual embeddings,
- with popular choices being CLIP and-EYIR for
[ | [ Queres ) [asu i ’ providing visual features.
- f Tixt i
MLP ~>[ Q-Former ] LLM Block Visionto-Language Adapterfhese modules
________ N > xatn ) facilitate interoperability between visual and
L1 L} HEER -
_ wp—J O-Former———  _ atn LM — textual domains.
5®F FElI TYPA /. 2-ONEKSAf FoZNRIIASE @ A{ | NI 2Z [ @ . F NIt RAX [60PKS | WS @RiAdzI Aazby / 2WNYaAdziZ( A WRR lwid

{ dzN&®S/8[  C AnynRuAny 3 &



¢ The Recipe for the MLLM:

___________

___________

Linear and MLP Projectioi@mple linear

MLP layers or MLPs translate visual inputs into
__________ textual embeddings effectively.
.... [ Queries
oMb R . X. Text

Q-Former:A Transformebased model with R
learnable queries and shared satifention layers |: 9[ Q-For melr

for aligning visual and textual representations. |0 .. i _____
AN
........... e Q-Former——-~
— | NBIAEI Sy AP RREREGRBEY[ ad G2 AydSINI ¢
GAadzrf AYTF2NXIFOA2YZE 2F04SY LI ANBR 6A
fA1S t SNOSAYOSNI 02 NBRdAzOS O2YLJzi | G A 2
— XAttn LLM —
D.CaffagniF. Cocchi, Barsellottj N.Moratelliz { @ {FNIi23% [® . IN}YftRAZ [® . INIfRAZ ad /2NYAlIZ YR wo

{ dzNIZEE Eindings 2024
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Two-Stage Trainingropularized by LaVAthis strategy prepend an initial stage where only the adapter is

trained to align the image features to the text embedding space of the LLM. Then, a second stage is perfc

using multimodal instructions, to enhance multimodal conversational capabillities.
To preserve the fluency of the LLM, often terty instructions are integrated in this phase.

_________________________________________________________________________________________

The i mage showé a man\\lironing
. . & i
1, image captioning LLM X
datasets N L N
L[} L L
instruct.i.on A :
—_— 2 Describe this image briefly. :
L ST Y E
- L2 szl — Adapter '
by p - A Encoder K X Sta e Two
. Stage One - ,' 9
P The unusual thing abotit this é
captioning, classification, A N !
VQA, detection, segmentation LLM
datasets N Y N !
HEEN nEEm
instruction 4\ :
%‘ What is unusual about this image? '
(' ,; ' ' R :
N gl Visual ;' ' !
sl 3% %4 Encoder . Adapte'r
D.CaffagniF. Cocchi, Barsellottj N.Moratelliz { @ {FNIi23% [&® . IN}YtRAX [® . INIfRAZ ad /2NYyAlII I YyR

{ dzNIEE Eindings 2024
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Input Modalities
Text

I = Tokenizer

Image

Video
)

¥

BN N ENENN
Dt 4
¥N- .

it v | 3
fsnnnng

* LargeImage Collections
* Long Untrimmed Videos
* Audio

* Text

Multimedia
g' Database

Intelligence
Research

Future
Artificial

| Multimodal |

»  Adapters/
l Embedding I

Retrieval-Augmented
Generation

Retrieved
Knowledge

<output text>

The goal is

(1) Building effective MLLMs

(2) Augmenting them witlexternal
knowledgeetrievedfrom a
multimedia database

Special
Tokens

—

Downstream Tasks

% Visual and Textual Dialogue

L'immagine mostra
una barca a vela
sull’acqua co

ct
By

Visual Recognition

una montagna and Description

sullo sfondo.

.........

_ T Nl L RN
Interactive Ces

i T VA R S A
Multimedia . yyy wwemsrmmes oo
Retrieval g Lo D
C Eeler BN P
L2 TS )
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Almage™

[ [ lraeH w e

A A new family of MLLMs that integraregent language modelsith diverse visual backbones

A We explore both smalind mediumscale LLMs (including LLal8lA, Gemm&, Phi4) and contrastive
based and seupervised backbones (lisggLIPSIgLIP2, DINOvV2).

A We also investigate the effects of increased image resolution 1 TextvoA
and variations in prgaining datasets. ,

AI2D

Avallable ortGithubandHuggingface
https://github.com/aimagelab/LLaWAORE

SEED-AII
SEED-V

LLaVA-1.5-7B  wmss= || aVA-1.5-LLaMA3-8B  msss= [|aVA-MORE-9B

F. Cocchi, N\Moratelli, D.Caffagnt  { @ { I NI 23> [ ® . I NI f RRaYAVIORE : A ediipakativE Stlidy dR LLMstand istaCRadkbbomek for &
OYKI YOSR +Aaddzk f UhdgrReéviddzOG A2y ¢Cdzy Ay 3¢ D



Hierarchical Retrieval for RA(

Almage™
A Extending the model to incorporaterid-specific knowledge ———— Image + Questiom- Notton -
ap . . . ] 1
(e.g.extracted from Wikipedia) and make the retrieval phase k What is the closest AT
truly multimodal. oL T
|
] ] ] ‘ v Tokens |
A We design a new model that integrates knowledge retrieved g i " i
from an external knowledge base of documents through a Standard MLLMs |l Vemor |
hierarchical retrieval pipeline ' ! i
The closest parent taxonomy of this bird is the parrot. i AE?;FEUQ J
Downstream taSk — Image + Question + Retrieved Passages —
g | 0
hat is the closes
A Knowledgebased VQA paenicromy ot [
A We apply our models on existing English benchmarks for the task | —
(i.e.Encyclopedic VQA and InfoSeek). OOV
MLLMs with RAGOurs)
'
Opisthocomidae

D.CaffagnjF. Cocchi, N\Moratelli, S. Sarto, M. Cornia, L. Baraldi, R. Cucchifi&j-LLaVA:HierarchicRletrievalAugmented Generation for Multimodal LLMEVPR Workshops 2024.



Hierarchical Retrieval for RA(

A The visual encoder is employedpovide the MLLM with visual contextd as a query to retrieve from an
external knowledge base.

L /
v Visual ,.'
\‘ Encoder /
\ !
| ]
Adapter When was this
| | piece of sporting
equi pment
<IMAGE> i nvented?

Mul ti modal LLM

D.CaffagnjF. Cocchi, N\Moratelli, S. Sarto, M. Cornia, L. Baraldi, R. Cucchifi&j-LLaVA:HierarchicRletrievalAugmented Generation for Multimodal LLMEVPR Workshops 2024.



+0) Hierarchical Retrieval for RA(

Almage

A The visual encoder is employedpovide the MLLM with visual contextd as a query to retrieve from an
external knowledge base.

— 2 na
WIKIPEDIA

The Free Encyclopedia

Entity: Q358813

When was this
piece of sporting

equipment
<l MAGE> invented?

L A 4 4 A 4 /4 . A 4
Multimodal LLM

D.CaffagnjF. Cocchi, N\Moratelli, S. Sarto, M. Cornia, L. Baraldi, R. Cucchifi&j-LLaVA:HierarchicRletrievalAugmented Generation for Multimodal LLMEVPR Workshops 2024.



Hierarchical Retrieval for RA(

A Ahierarchical retrieval module designed to first find the relevant document, using a similarity score

between the CLIBased embeddings extracted from the input image and the Wikipedia page title.

- 8
WIKIPEDIA

The Free Encyclopedia

<IMAGE>

9 v (i AolipdyYy mvo

Mul ti modal

ﬂ A surfboard is a narrow plank

used I n surfing.

9 The Ochroma wood's surfboard
history originates Hawaii, in 1926..

9 In the late 1960s Gordon Clark
found the formulation for foam..

When was this
piece of sporting
equipment
invented?

A 4
LLM

Surf boar ds

ar

D.CaffagnjF. Cocchi, N\Moratelli, S. Sarto, M. Cornia, L. Baraldi, R. Cucchifi&j-LLaVA:HierarchicRletrievalAugmented Generation for Multimodal LLMEVPR Workshops 2024.
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A Then, themost relevant passagese retrieved inside the document computing similarities between
Contrieverbased textual embeddingstracted from each passage and the given question.

Contriever

ﬂ A surfboard is = :hﬂré)slank

! used in surfi®gg. oSarf ar
‘fﬂ‘ : @ The Ochroma wood's surfboard -
WIKIPEDIA history originates Hawaii, in 1926.. Y
The Free Encyclopedia
o 9 In the late 1960s Gordon Clark .
Entity: Q358813 found the formulation for foam.. 3
Adapter When was this
I 1 piece of sporting
equipment
<IMAGE> invented?

L A 4 4 A 4 /4 W
Multimodal LLM
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| ASNJ NODKA OLI f

A The retrieved passages are given as input to the MLLM as additional input context, allowing the model 1

generate more specific answers.

ﬂ A surfboard is a narrow plank

9 The Ochroma wood's surfboard
history originates Hawaii, in 1926..

The Free Encyclopedia

9 In the late 1960s Gordon Clark
found the formulation for foam..

Entity: Q358813

When was this

used I n surfing.

S

Contriever

Urof

Given the piece of sporting
following equipment
<IMAGE> context: <R2> < R> invented?

Multimodal LLM ——> 1926

ds ar ¢
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Multimodal SelReflection for RAG

A Effective strategies are needed to manage

retrieved items and to improve CiiRsed models, | L .
which perform poorly in retrieving the most TP goooooe.
relevant document related to a given image. Wiapeora i o ;
=|» . |
A Current focusintegration ofselfreflection and re |
ranking techniquesiside the MLLM to: |
Visual Tokens  Question T !
A Decide when retrieval is needed, through the emission of b3l —— —— BR aewer |
I doow9¢B8¢& RSRAOFUSR 021Syo o o —— |
A Verify whether the retrieved knowledge is relevant or not = ReflectiVA R+ |
U2 UKS HAQSY |leSéU;\2yz UKN:ZUL:II\ U NN O D I N aa/l\ Z VN Z T I uuuvv9i[6
d (b b h W 9 [ 6 é U 2 1- S y q) Visual Tokens  Question Passage " i
%_qg | : | || : |
A At prediction time: £9 {00 B e
_ _ _ = ReflectiVA
A The model decides whether retrieval is needed ([NORET]
vS. [RET]) Visual Tokens  Question <REL>Passages
A The model classifies the relevance of retrieved items vzl A/ /@ ———— e
(INOREL] vs. [REL)) ;’U ] —
A The model generates the final answer based on relevant ~ ReflectiVA |-
retrieved items.
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Multimodal SelReflection for RAG

Query Image Associated The Dlrange-slhoulder surgeonﬂsh isa species_ of
7 g Wikipedia Document — sl marine ray-finned fish belonging to the family
P % ] Acanthuridae. It lives in the tropical waters of the
. Acanth Passage #1 — o [>>E3 <REL> : Indo-west Pacific.”!
= C-Gi’l urus E I ©
e3 olivaceus 5 | Associated Wikipedia Document
g9 Passage #2 ~— o |>>> (@A <NOREL> | —
£ s o ! P Enareon
9 : Possoge #7
=
Passage #3 ——>| & | f&) <NOREL> |
c ! twopical water of the Indo-west Padific™ iesinie
_— - pical BT = 0~ WES IC~
In which part of the Bossage =2
world does this fish live? - .
Visual Tokens Question Tokens Passages
Question I 1 | — P
; Vo 1 <mETs 1 a —
:‘)D Answer _——|.
1 —_— ,
DATA COLLECTION [ Refl HVA ] Indo Pacific passge 43
B8R etiect Ocean —
- I : T M —
([ — | <NOREL> I =
EmEm \ ) |
1
| Masked Tokens | | e : | csoge ¢
I 1 ¢ <
| | | <NORET> —h— {  <REL> —b—
L !

A The model in a twstage approach:

A Firstly, train arin-article relevance modél.e., output [REL]/[NOREL]) given positive/negative passages
from the right article (grountruth annotations from ChaBPT prompted with image descriptions).

A Then, train thdull modelusingpredictionsfrom the inarticle model, plus negative from other articles.
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Multimodal SelReflection for RAG

Lah

A Stateof-the-art results for knowledgbased VQA, both on\EQA and InfoSeek.

E-VQA

InfoSeek

Model LLM Retrieval Mode Single-Hop  All Unseen-Q Unseen-E  All
Zero-shot LLMs

Vanilla Vicuna-7B - 2.1 2.0 0.3 0.0 0.0
Vanilla LLaMA-3-8B - 16.3 17.3 1.5 0.0 0.0
Vanilla LLaMA-3.1-8B - 16.5 16.6 2.1 0.0 0.0
Vanilla GPT-4 - 21.9 234 7.3 5.0 5.9
Zero-shot MLLMs

BLIP-2 [40] Flan-T5x1. - 12.6 12.4 12.7 12.3 12.5
InstructBLIP [16] Flan-T5x. - 11.9 12.0 8.9 7.4 8.1
LLaVA-v1.5 [46] Vicuna-7B - 16.3 16.9 9.6 94 9.5
LLaVA-v1.5 [46] LLaMA-3.1-8B - 16.0 16.9 8.3 8.9 7.8
GPT-4V [1] - - 26.9 28.1 15.0 14.3 14.6

Retrieval-Augmented Models

DPRy.1 [37]T Multi-passage BERT CLIP ViT-B/32 Visual+Textual 20.1 - - - 12.4
RORA-VLM [55]f Vicuna-7B CLIP+Google Search Visual+Textual - 20.3 25.1 27.3 -

Wiki-LLaVA [9] Vicuna-7B CLIP ViT-L/14+Contriever Textual 17.7 20.3 30.1 27.8 28.9
Wiki-LLaVA [9]¢ LLaMA-3.1-8B CLIP ViT-L/14+Contriever Textual 18.3 19.6 28.6 25.7 27.1
EchoSight [71]} Mistral-7B/LLaMA-3-8B EVA-CLIP-8B Visual 19.4 - - - 27.7
EchoSight [71]¢ LLaMA-3.1-8B EVA-CLIP-8B Textual 22.4 21.7 30.0 30.7 30.4
EchoSight [71]¢ LLaMA-3.1-8B EVA-CLIP-8B Visual 26.4 24.9 18.0 19.8 18.8
ReflectiVA (Ours) LLaMA-3.1-8B CLIP ViT-L/14 Textual 249 26.7 34.5 329 33.7
ReflectiVA (Ours) LLaMA-3.1-8B EVA-CLIP-8B Textual 28.0 20.2 40.4 39.8 40.1
ReflectiVA (Ours) LLaMA-3.1-8B EVA-CLIP-8B Visual 35.5 35.5 28.6 28.1 28.3

F. Cocchi, N\Moratelli, M. Cornia, L. Baraldi, R. Cucchiara, "Augmenting Multimodal LLMs witRe8elitive Tokens for Knowledgased Visual Quesin Answering.'CVPR 2025
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Lah

ViQuAE S3VQA

A Strong performancen otherzeroshot

Model LLM FI EM GPT4
knowledgebased VQA datasets LLaVA-v1.5 [44] Vicuna-7B 15.1 26.6  23.9
LLaVA-v1.5 [44] LLaMA-3.1-8B 15.0 25.6  24.4

Wiki-LLaVA (E-VQA) [8]°® LLaMA-3.1-8B 10.5 16.7 22.7
Wiki-LLaVA (InfoSeek) [8]¥ LLaMA-3.1-8B 12.7 21.8  21.8
ReflectiVA (w/o KB) LLaMA-3.1-8B 16.6 27.6  26.9

i 23.2 381 293
ReflectiVA (Ours) LLaMA-3.1-8B (52.0%) (16.8%)

F. Cocchi, N\Moratelli, M. Cornia, L. Baraldi, R. Cucchiara, "Augmenting Multimodal LLMs witRe8elitive Tokens for Knowledgased Visual Quesin Answering.'CVPR 2025
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Lah

ViQuAE S3VQA

A Strong performancen otherzeroshot

Model LLM FI EM GPT-4
knowledgebased VQA datasets LLaVA-v1.5 [44] Vicuna-7B 15.1 26.6  23.9
LLaVA-v1.5 [44] LLaMA-3.1-8B 15.0 25.6  24.4

. . Wiki-LLaVA (E-VQA) [S]® LLaMA-3.1-8B 10.5 167 227

A ngh accuracy cef-reflective tokens (>90%) Wiki-LLaVA (InfoSeek) [8]® LLaMA-3.1-8B 12.7 21.8  21.8
ReflectiVA (w/o KB) LLaMA-3.1-8B 16.6 27.6  26.9

ReflectiVA (Ours) LLaMA-3.1-8B SRk gl e

(52.0%) (16.8%)

<RET> <NORET> <REL> <NOREL>

E-VQA E-VQA E-VQA
(Pos) (Soft) (Hard)

After LLaVA st stage 80.6 99.7 100.0 93.4 96.8 94.8
After LLaVA 2nd stage  88.4 100.0 100.0 94.6 95.9 96.2

E-VQA InfoSeek GQA

F. Cocchi, N\Moratelli, M. Cornia, L. Baraldi, R. Cucchiara, "Augmenting Multimodal LLMs witRe8elitive Tokens for Knowledgased Visual Quesin Answering.'CVPR 2025



+0) Multimodal SelReflection for RAG

Almage
ViQuAE S3VQA
A Strong performancen otherzeroshot Model LM FL EM GPra
knowledgebased VQA datasets LLaVA-v1.5 [44] Vicuna-7B  15.1 26.6  23.9
LLaVA-v1.5 [44] LLaMA-3.1-8B 15.0 25.6  24.4
. . Wiki-LLaVA (E-VQA) [8]° LLaMA-3.1-8B 10.5 16.7 227
A ngh accuracy cef-reflective tokens (>90%) Wiki-LLaVA EInfogee;()[ [g;]<> LLaMA-3.1-8B 12.7 21.8  21.8
ReflectiVA (w/o KB) LLaMA-3.1-8B 16.6 27.6  26.9
ReflectiVA (Ours) LLaMA-3.1-8B SRk gl e

(52.0%) (16.8%)

A Good preservationf the capabilities on MLLM
evaluation tasks that do not require external
knowledge (i_e_ [NORET] WO[‘kS') <RET> <NORET> <REL> <NOREL>

E-VQA E-VQA E-VQA
E-VQA InfoSeek  GQA (Pos)  (Soft) (Hard)

After LLaVA st stage 80.6 99.7 100.0 93.4 96.8 94.8
After LLaVA 2nd stage  88.4 100.0 100.0 94.6 95.9 96.2

Model LLM MMMU MMB (EN) POPE SEED-Img MME (P) MME (C) GQA TextVQA Science-QA AI2D
LLaVA-v1.5 [44] Vicuna-7B 34.2 65.3 85.6 66.8 1474.3 314.6 62.4 58.2 69.0 56.4
LLaVA-v1.5 [44] LLaMA-3.1-8B 39.4 72.4 85.1 69.8 1531.5 3533 63.6 58.4 76.3 61.8
Wiki-LLaVA (E-VQA) [8] Vicuna-7B 36.6 70.4 86.6 - 1170.1 290.0 - - - -
Wiki-LLaVA (InfoSeek) [8] Vicuna-7B 35.6 71.1 84.2 - 1438.9 341.3 - - - -
Wiki-LLaVA (E-VQA) [8]® LLaMA-3.1-8B 322 60.9 84.6 59.2 1350.7 306.8 56.6 49.1 67.5 55.1
Wiki-LLaVA (InfoSeek) [8]° LLaMA-3.1-8B 35.9 52.0 85.7 60.5 1417.8 349.6 58.6 50.1 69.1 543
ReflectiVA (Ours) LLaMA-3.1-8B 38.9 69.9 85.1 68.6 1564.5 355.7 62.1 56.8 75.4 60.6

F. Cocchi, N\Moratelli, M. Cornia, L. Baraldi, R. Cucchiara, "Augmenting Multimodal LLMs witRe8elitive Tokens for Knowledgased Visual Quesin Answering.'CVPR 2025
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Q: What is the area in square kilometer occupied by Q: Which class of biological feature is this food Q: What is the density (in gram per cubic centimeter)
this lake? produced by? of this place?

Wiki-LLaVA [8]:

100 X

EchoSight [69]:

There is no information about
the density of this place X
ReflectiVA (Ours):

1408 v

A 3 Wiki-LLaVA [8]:
3 9.82 X

EchoSight [69]:

534 x

ReflectiVA (Ours):

1.18 v/

Wiki-LLaVA [8]:

Malt house X

EchoSight [69]:

Plants X

ReflectiVA (Ours):
Lactobacillus delbrueckii v/

Q: What is the architectural style of this place? hich crystal system does this material have? Q: Which street is this building located at?

Wiki-LLaVA [8]:

There is no specific answer to
the question about the architec-
tural style in the text X
EchoSight [69]:

Georgian architecture X
ReflectiVA (Ours):

Greek Revival architecture v/

== Wiki-LLaVA [8]:
8% Ruc de Rivoli X

% EchoSight [69]:

+ There is no street mentioned in
L8 the text X

% ReflectiVA (Ours):
81 Rue des Francs-Bourgeois v/

Hexagonal X

4 EchoSight [69]:
There is no crystal system men- .
tioned in the text, so I will say:
None X

ReflectiVA (Ours):

Trigonal v/

F. Cocchi, N\Moratelli, M. Cornia, L. Baraldi, R. Cucchiara, "Augmenting Multimodal LLMs witRe8elitive Tokens for Knowledgased Visual Quesin Answering.'CVPR 2025



A Most embedding spaces for multimodal RAG (i.e.
CLIP) consider singieodality queries and values
(e.g. images or text), limiting their encoding
capabilities.

A Current focusDesign of embedding spaces RAG
which support multimodal queries and documents
(e.g. image + question):

A Textual features from the question guide the
extraction of finegrained features from the input

image.

A Images are fused into the text of external
documents, creating multimodal retrievable items.

A Fusion between different modalities is done layer
wise and with learnable gates.

Textual
encoder

Visual
encoder

Useprrovi ded
I mage

AN
Textual

encoder Passages from

document

Visual
encoder

N
Images from
document

D.CaffagniS. Sarto, M. Cornia, L. Baraldi, R. Cucchiara, "RecuifEahesmced Visioand-Language Transformers for Robust Multimodal oent Retrieval.'CVPR 2025
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~ Fine-Grained Loss
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A Multi-level representationextracted from multiple layers of vision and text encoders

A Feature integration is done through a novednsformetbased recurrent cell with learnable gatedich
iteratively refines a fingrained vectorial representation.

A Querydocument similarities are then computed through a{jnained lateinteraction relevance score (rew
wise maximum of fingrained similarities, pluafoNCIE
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completely Transformevsased
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Almage

A Stateof-the-art results over a collection of diverse datasetsifaltimodal information retrievatanging
from VQA and captioning to QA with external knowledge.

A Differently from competitors, it does not need backbone-fimging to achieve statef-the-art results.

WIT IGLUE KVQA OVEN LLaVA InfoSeek E-VQA OKVQA
Model Visual Encoder R@I10 R@] R@5 R@5 R@] R@5 PR@5 R@5 PR@5 R@5 PR@5
CLIP (Feature Averaging) [40] CLIP ViT-L 0.7 1.6 1.9 41.1 21.3 33.1 479 0.3 122 5.8  48.0
UnilR (Feature Fusion) [53] BLIP ViT-L 18.6 30.9 13.5 63.6 47.8 245 46.0 17.0 355 9.3 581
FLMR [31] CLIP ViT-B 23.8 - 31.9 40.5 56.4 - 47.1 - - - 68.1
Pre-FLMR [32] CLIP ViT-B 41.7 57.3 28.6 46.3 67.2 : 48.8 - 67.9 - 66.1
CLIP (Unimodal) CLIP ViT-B 47.6 59.1 33.7 54.2 28.4 158 354 9.7 23.0 25 399
CLIP (Feature Fusion) CLIP ViT-B 41.6 56.6 22.0 59.8 58.0 19.3 404 21.2 405 9.6 56.0
ReT (Ours) CLIP ViT-B 60.1 73.9 26.9 72.9 76.6 30.2 481 33.0 489 13.9 583
Pre-FLMR [32] CLIP ViT-L 60.5 69.2 43.6 59.8 71.8 - 57.9 - 70.8 - 68.5
CLIP (Unimodal) CLIP ViT-L 67.9 73.6 56.1 69.1 448 257 442 17.2 2938 43 379
CLIP (Feature Fusion) CLIP ViT-L 68.2 76.9 47.5 76.0 63.6 38.2 547 35.6 526 12.1 594
ReT (Ours) CLIP ViT-L 73.4 81.8 63.5 82.0 79.9 47.0 60.5 4.5 579 20.2 66.2
Pre-FLMR [32] OpenCLIP ViT-H  60.5 71.2 39.4 61.5 72.3 - 59.5 - 71.7 - 68.1
CLIP (Feature Fusion) OpenCLIP ViT-H  67.3 78.4 53.8 81.7 65.1 51.9 64.0 38.3 547 11.2 594
ReT (Ours) OpenCLIP ViIT-H  71.4 80.0 59.3 83.0 79.8 47.3  60.7 44.8 57.8 18.2 634
Pre-FLMR [32] OpenCLIP ViT-G  61.5 71.5 42.1 63.4 72.4 - 59.6 - 73.1 - 68.6
CLIP (Feature Fusion) OpenCLIP ViT-G  77.1 78.7 59.0 83.5 67.6 484 618 43.8 56.5 10.6  60.4
ReT (Ours) OpenCLIP ViT-G  75.1 82.2 60.6 84.0 79.2 52.0 625 48.6 60.2 19.0 63.8

D.CaffagniS. Sarto, M. Cornia, L. Baraldi, R. Cucchiara, "RecuifEahesmced Visioand-Language Transformers for Robust Multimodal oent Retrieval.'CVPR 2025



Recurrenceenhanced TransformeRg))

A Training with multimodal documents improves also over tasks witlotgxtdocumentse.g.WIT, KVQA).
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