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Retrieval Augmented Generation
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Izacard and Grave. EACL 2021. Leveraging Passage Retrieval with Generative Models for Open Domain Question Answering. 2



Multimodal Retrieval Augmentation

e (Combine the most relevant items from the datastore with the input

a white polar bear laying on top of a rock

a brown bear sleeping on a big rock

a dog is sleeping on a rock
a white bear sleeping on a rocky ledge

a white bear is laying out on the rocks
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Multimodal Retrieval Augmentation

e (Combine the most relevant items from the datastore with the input
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a brown bear sleeping on a big rock .
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Our Motivation

e Train lightweight image captioning models using frozen backbones
o CLIPCap (Mokady et al. 2021), I-Tuning (Luo et al. 2023)
e ... and using retrieval augmentation to assist the decoder

Only train

this! ¢

% %
ol Pretrained Maboi Pretrained <

A Image Encoder apping Language Decoder —_

—
L

Mokady et al. 2021. ClipCap: CLIP Prefix for Image Captioning.
Luo et al. ICASSP 2023. I-Tuning: Tuning Frozen Language Models with Image for Lightweight Image Captioning.



verview

1. Lightweight RAG Captioning 2. Lightweight Multilingual Training
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SmallCap: Lightweight Image Captioning Prompted with Retrieval
Augmentation

CVPR 2023
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R. Ramos B. Martins  D. Elliott Y. Kementchedjhieva




Lightweight Training trough Retrieval

e Given the success of retrieval augmented generation, can we extend
this to multimodality with a lightweight training paradigm?

=S , =S

Pretrained

PWa'mmm |mage Encoder |—__§|
(CLIP)




SmallCap Model

h .‘O\,

Input image Datastore

-
Image-to-text retrieval



SmallCap Model

Similar images show

a man working some levers at a train yard
a train engineer preparing the engine of a train
a train being worked on in a train manufacturer

a man wearing a safety vest standing by a train.

Input image Datastore ) This image shows

~

Image-to-text retrieval Prompt template Task demonstration



SmallCap Model

Similar images show < Prefix

a man working some levers at a train yard

a train engineer preparing the engine of a train .
—Retrieved

a train being worked on in a train manufacturer

a man wearing a safety vest standing by a train.

Suffix

<

Input image Datastore ) This image shows

~

Image-to-text retrieval Prompt template Task demonstration



SmallCap Model

Last hidden state a worker in an orange safety suit fueling a train
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Similar images show < Prefix
a man working some levers at a train yard
a train engineer preparing the engine of a train .
—Retrieved

a train being worked on in a train manufacturer

a man wearing a safety vest standing by a train.

Input image Datastore g This image shows « Suffix
R
Image-to-text retrieval Prompt template Task demonstration



Retrieval System

e Build a datastore with high-dimensional dense vectors
o FAISS: Facebook Al Similarity Search for nearest-neighbor search
o Captions of images represented with CLIP embeddings

e Retrieve k nearest-neighbours captions from datastore
o Image embedding compared against datastore caption vectors

" - ;
'a man riding skis
[ ineUT |
down a snow covered slope”

Retrieved Caption I z Datastore

DISTANCES

15 "a couple of people with

ski 's standing in the snow"

"a man riding skis
down a snow covered slope”

2

Johnson et al. IEEE Big Data 2019. Billion-scale similarity search with GPUs. 10



Trained Cross-Attention Layers

Output
Probabilities

e Autoregressive Transformer |
LMs only contain a multi-head ——
self-attention mechanism

Add & Norm

Feed
Forward

T
J

Add & Norm
Multi-Head

Attention

2

e We insert a randomly initialized s
cross-attention mechanism to -
attend to the visual encoder —
output embeddings
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Experimental Setup

e Pretrained CLIP-ViT-B/32 and GPT/OPT backbone models
e Randomly initialize the cross-attention layer
e Train only on COCO in only 8 hours on 1 x 40GB NVIDIA A100 GPU

Low-rank Attention rank Params
cross-attention
d=64 (Full) 22M
At(QW?, KWK, vWY)

d=16 ™

WK W WV

e Rd_encoder xd d=8 3.6M
d=4 1.8M

12



COoCO

CIDEr -

® SOTA Large Models

Results

Recent Lightweight Models

SmallCap  — Decoder size - Cross-attention dimensionality
]
SimVLM
LEMON
o
BLIP
=]
OSCAR
Medium Large CaMEL
Base
d=g d=16 IT-Mecdium IT-Large
d=4 IT-Base
ClipCap
2 5 10 2 5 100 2 51000

Params (log)

Outperform other
lightweight approaches

Effective with low-rank
matrices: 4,8,16 << 64

Larger pretrained
decoders further improve
performance

13
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Importance of Retrieval Augmentation

With retrieval - Without retrieval

1169 117.3 117.4 117.9
116.2
111.1 1113 111.9
1097 __o—— i
//
o
107.6
1.83.6 7 14 28
Params (M) 4
Full rank

With retrieval:
o Performance is stable across the
range of cross-attention sizes

Without retrieval:
o Drop in performance
o SmallCap model performance
degrades at a higher rate

14



Training-Free Domain Transfer

e SmallCap was trained on Fiickr3ok  VizWiz '\<'/STFT<
COCO but we can easily

swap the datastore ClipCap 41.2 28.3 12.5
D a CaMEL 55.2 37.6 20.7
L -—

COCO VizWiz SmallCap 60.6 55.0 28.4



Qualitative Example from VizWiz

(©

e some carrots potatoes garlic an onion and
some chicken broth

e a selection of ingredients for soup includes
carrots, meat, and prepackaged broth

e this is the makings of a meal with chicken
and vegetables

e the meal has chicken, bread, and cole slaw

a close up of a plate of food on a table

16



Qualitative Example from VizWiz

(

some carrots potatoes garlic an onion and
some chicken broth

a selection of ingredients for soup includes
carrots, meat, and prepackaged broth

this is the makings of a meal with chicken
and vegetables

the meal has chicken, bread, and cole slaw

@

a can of swanson fat free chicken broth

a can of swanson brand chicken broth with
less sodium

a 14,5 ounce can of swanson branded
chicken broth

a can of swanson chicken broth on a table

a close up of a plate of food on a table

Generated caption:
a can of swanson brand chicken broth on a table



Qualitative Example from VizWiz

(©

N
L
VizZWiz

some carrots potatoes garlic an onion and
some chicken broth

a selection of ingredients for soup includes
carrots, meat, and prepackaged broth

this is the makings of a meal with chicken
and vegetables

the meal has chicken, bread, and cole slaw

a can of swanson fat free chicken broth

a can of swanson brand chicken broth with
less sodium

a 14,5 ounce can of swanson branded
chicken broth

a can of swanson chicken broth on a table

Generated caption:
a can of swanson brand chicken broth on a table

ner. ion:

a close up of a plate of food on a table

“swanson” does not appear anywhere in the COCO training dataset




Q: What about multilingual captioning?



PAELLA: Parameter-Efficient Lightweight Language-agnostic Captioning Model

Flndlngs of NAACL 2024
B “ F‘ ’ ]
R. Rafhbs = Bugllarello B. Martins D. Elliott

18



Multilingual Image Caption Training

e Common approach in the literature is to machine translate and train

113k images 113k images

o 5 english captions o 5"35L captions
DS
N oS
[~566ksamples ] L/ML/JUL/JUL/JUL/JUL/JUL/JU
DS
] uﬂ[ e

~ 19M samples ]

19



Data-Efficient Multlingual Training

® Only train on a subset of COCO-35:
o Sample uniformly across 35 languages

o Match the size of the English COCO dataset

COCO-35
T
o e e g fe, dOWhSampIedx;é AN
D | ~ 566k samples |
L/JE L;JUML/JU LI/JUH L/JU = Compensate with retrieved examples
~ samples

20



PAELLA Model

acercamiento de una paella con

l.’“ ( ’ Mappln ‘..’“
T Image Encoder ] NetworE ]:[/ LM | piatto di paella con decorazione di

macro shot of seafood paella

Imagenes similares muestran

T Retriever ] ‘ Immagini simili mostrano

Similar images show

una gran cacerola de ...
un gran plato ... 3 ’
granp ‘ Top-k a big metal pan with ...

a big pretty dish ...

una grande padella ... ;
a dish of assorted ...

un arande piatto ...

a Z’:g mett‘;”/ p;,”hWith A caption | can generate
abig pretly aisn ... to describe this image
a dish of assorted ... . s

in English is:

Per-language Prompt Template

21



Experimental Protocol

e Encoder: Multilingual CLIP
e Decoder: XGLM-2.9B

e Training data:
o 566K captions sampled from COCO-35

e Evaluation: XM-3600
o 3600 geographically-diverse images
o 36 languages with 100 captions per image

o 5 low-resource |anguages (L5) Examples evaluation images from XM3600
=  Bengali, Cusco Quechua,
Maori, Swahili, Telugu

22



Results

Data
PaLl 12B
Lg COCO0-35 19M

mBLIP: BLOOMZ-7B 135M

BB"'CCcoco-ss +CC-35 135M
mBLIP: mTO-XL 489M
PAELLA 566K

PAELLA is competitive against models with 35-863x more

Trained ©
17B
2.6B

800M

800M
124M
30M

L36
53.6
15.0
23.4
28.5
28.3
26.2

L5

12.5
6.7
22.4
7.9
20.7

training data, and 4-87x more trained parameters

23



Zero-shot Multilingual Transfer

e PAELLA,__ is a variant trained on 566K examples in English COCO

mono

e Qutperforms Lg trained on 19.8M examples in the machine translated
COCO-35 dataset

Data Trained © L36 L5
Lg: Thapliyal et al. 5055 19M 2.6B 15.0 12.5
566K
PAELLA, ... e 30M 15.5 12.1

n

24



Qualitative Example

AP A AR

Similar images show:

the owl is perched outside in front of the people
an owl sitting a top a table during the daytime
an owl is sitting on a perch at a camp site

the fuzzy owl is sitting on a tree branch

A caption I can generate to describe this image in
english is:

NoRAG

en: “an owl! sitting on top of a tree”

es: “un buho sentado en una rama de un &rbol”
(an owl sitting on a tree branch)

hi: “U% 3o U 93 #I Cgell GX daT 8"

(an owl is sitting on a tree branch)

zh: “— R JE3L/E 157 B L

(an owl standing in a tree)

en: “a large black and white picture of a bird”

es: “un péjaro posado en la parte superior de un edificio”
(a bird perched on the top of a building)

hi: “Ua 9% & I @37 U G&f”
(a bird standing near a tree)

zh: “— R KHE $7 W L7

(a giraffe sitting on a branch)

25




Q: Do you even train?



LMCap: Few-shot Multilingual Image Captioning by Retrieval
Augmented Language Model Prompting

Findings of ACL 2023

\%§ m : _’

R. Ramos B. Martins D. Elliott

27



Socratic Models

e Enable models to “communicate” with each other through their
output labels, prompting, and ranking

f\:;LM (fI?M (f\}LM (image)))

Zeng et al. (2023). Socratic Models: Composing Zero-Shot Multimodal Reasoning with Language. ICLR. 28



Socratic Models

Enable models to “communicate” with each other through their
output labels, prompting, and ranking

f\:;LM (fI?M (f\}LM (image)))

O\

detect things

Zeng et al. (2023). Socratic Models: Composing Zero-Shot Multimodal Reasoning with Language. ICLR. 28



Socratic Models

Enable models to “communicate” with each other through their
output labels, prompting, and ranking

I am an intelligent image
captioning bot. This image

3 2 (r1 j img_type}. Tt
S (fim (fir (image))) {lnsu;_é;;nfle }y .pel} th iwnekret his

A \ photo was taken at a

. {placel1}, {place2}, or
detect thlngs {place3}. I think there

] might be a {object1},
generate captlons {object2}, {object3},... in
this {img_type}. A creative
short caption I can generate
to describe this image is:

Zeng et al. (2023). Socratic Models: Composing Zero-Shot Multimodal Reasoning with Language. ICLR. 28



Socratic Models

Enable models to “communicate” with each other through their
output labels, prompting, and ranking

I am an intelligent image
captioning bot. This image

3 2 (r1 is a {img_type}. Ti
S (fim (fir (image))) {lnsun?_pfel(r)npg]_e }y ,pel} th iwnekret his

A \ photo was taken at a

. {placel1}, {place2}, or
detect thlngs {place3}. I think there

] might be a {object1},
generate captlons {object2}, {object3},... in
this {img_type}. A creative
short caption I can generate
to describe this image is:

re-rank

Zeng et al. (2023). Socratic Models: Composing Zero-Shot Multimodal Reasoning with Language. ICLR. 28



Socratic Models

S (P (fim (image)))
detect things

generate captions

re-rank

I am an intelligent image
captioning bot. This image
is a {img_type}. There
{num_people}. I think this
photo was taken at a
{placel1}, {place2}, or
{place3}. I think there
might be a {object1},
{object2}, {object3},... in
this {img_type}. A creative
short caption I can generate
to describe this image is:

Enable models to “communicate” with each other through their
output labels, prompting, and ranking

SM (ours): This image shows an
inviting dining space with plenty
of natural light.

ClipCap: A wooden table sitting
in front of a window.

Zeng et al. (2023). Socratic Models: Composing Zero-Shot Multimodal Reasoning with Language. ICLR. 28



What does it mean to only understand
symbols as defined by other symbols?

29



Multilingual Captioning with Retrieval Augmentation

PROMPT-TEMPLATE
3 2 1 mace))Y 0000000 U oo
fVLM (fLM (fVLM (lmage) )) :::‘nogles "’ Similar images are described as:
X ‘\ - “aman and woman in a wedding”,
. - “a couple getting married”, ... :
detect thlngs : Acaption for this image in portuguese is:
O?:Aéﬁiﬁ%?ﬁs - uma mulher e um homem a casar-se. :
generate Captions S .
Similar images are described as:
3 ‘ “a young boy doing a skate trick”,
re-rank M-CLIP kretrieveo | | “a man skating on a wall’, ...
CAPTIONS A caption for this image in portuguese is:
e Prompt with N-shot examples |
of transforming captions into {e“‘"
GENERATE IN
the target language TARGET LANGUAGE
INPUT IMAGE “um rapaz a fazer truques de

skate.”

30




Multilingual Captioning with Retrieval Augmentation

PROMPT-TEMPLATE

Foum (Fu (i1 (image))) % Nt i ages v e e
. ples f

\ /> - “a man and woman in a wedding”,

- “a couple getting married”, ...

detect thlngs : Acaption for this image in portuguese is:
O?:Aéﬁiﬁ%?ﬁs - uma mulher e um homem a casar-se. :
generate Captions S -
Similar images are described as:
3 ‘ “a young boy doing a skate trick”,
re-rank M-CLIP kretrieveo | | “a man skating on a wall’, ...
CAPTIONS A caption for this image in portuguese is:
e Prompt with N-shot examples |
of transforming captions into {e“"'
GENERATE IN
the target language TARGET LANGUAGE
INPUT IMAGE “um rapaz a fazer truques de

skate.”

30




Multilingual Captioning with Retrieval Augmentation

PROMPT-TEMPLATE

9 .
stM (fLM (f&LM (lmage) )) m"éi}ﬁilé'r'i}hégéé'é}é' described as:
| \ /> P - “a man and woman in a wedding’”,

. - “a couple getting married”, ...
detect things

: A caption for this image in portuguese is:

DATASTORE 5} uma mulher e um homem a casar-se. -
generate captions OF CAPTIONS RS REIEEIEEE LIRS
Similar images are described as:
3 ‘ “a young boy doing a skate trick”,
re-rank M-CLIP kretrieveo | | “a man skating on a wall’, ...

CAPTIONS A caption for this image in portuguese is:

\ PROMPTING
-. i % LM

GENERATE IN
TARGET LANGUAGE

e Prompt with N-shot examples
of transforming captions into
the target language

INPUT IMAGE “um rapaz a fazer truques de
skate.”

30




Multilingual Captioning with Retrieval Augmentation

PROMPT-TEMPLATE

2 1 i
f\:}LM (fLM (fVLM (1mage) )) m-"s'ihiilé'r'i}hégé's'é'ré‘aés'ééi‘tiéd'é’s': """"
: \ /> P - “aman and woman in a wedding”,

. . “a couple getting married”, ...
detect things

: A caption for this image in portuguese is:

DATASTORE 5} uma mulher e um homem a casar-se.
generate captions OF CAPTIONS B R TR
Similar images are described as:
> 543 ‘ “a young boy doing a skate trick”,
re-rank M-CLIP kretrieveo | | “a man skating on a wall’, ...

CAPTIONS A caption for this image in portuguese is:

\ PROMPTING
. :B LM

GENERATE IN
TARGET LANGUAGE

e Prompt with N-shot examples
of transforming captions into
the target language

INPUT IMAGE “um rapaz a fazer truques de
skate.”

30




Experimental Setup

XGLM Language Model 564M - 7.6B params
Multilingual CLIP (LAION)

Experiments on XM3600 (Thapliyal et al. 2022)
o 100 images in 36 languages

No training or fine-tuning on any captioning data.

Thapliyal et al. (2022). Crossmodal-3600: A massively multilingual multimodal evaluation dataset. EMNLP.
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CIDEr

60

40

20

Results

B Thapliyal et al. 2022: BB+CC M Thapliyal et al. 2022: Lg M LMCap

Params RAM en es hi zh

564M 6G 0411 0.094 0.030 0.146
1.7B 12G  0.637 0.143 0.066 0.272
2.9B 16G  0.767 0.454 0.334 0.584
7.5B 22G  0.787 0.489 0.365 0.644

EN ES HI ZH

Competitive performance
compared to supervised models

Need at least 2.9B parameter
decoder for multilingual generation
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Qualitative Example

Retrieved Examples
two people and a kid skiing along a trail
an adult and two children are cross country skiing
two men and a little boy are skiing on a snowy spot

two adults on skis with a child on skis between them

More examples in the paper
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Qualitative Example

Retrieved Examples

two people and a kid skiing along a trail
an adult and two children are cross country skiing
two men and a little boy are skiing on a snowy spot

two adults on skis with a child on skis between them

Generated Captions

ENG: two people and a kid skiing along a trail

ESP: dos hombres y un nifio esquiando en una pista de nieve

ZHO: P AARI— N NBRAE T S

More examples in the paper
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Q: How does all of this work?



Understanding Retrieval Robustness for Retrieval-augmented Image

Captioning

ACL 2024

b =\ [j N
A& ) P N E
W. Li J. Li R. Ramos R. Tang D. Elliott

35



Revisiting Swanson Soup

In Ramos et al. CVPR 2023, we
observed the power of in-context
learning and retrieval-augmentation

But what is happening here?

a can of swanson fat free chicken broth
a can of swanson brand chicken broth with

How is the model using the less sodium
. . a 14,5 ounce can of swanson branded
retrieved captions? chicken broth

a can of swanson chicken broth on a table

Generated caption:
a can of swanson brand chicken broth on a table
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Measuring Robustness

120

e |[s SmallCap sensitive to the

quality of the retrieved captions?
100

o Top-ranked items 5 90
o Random items O 50
o Lower-ranked items 70

60

50

—mmm i = = - oo S - - - - oo ol - - - - - oo oo, - - -

top-k

low-rank

random
-- norag

Question: If the model is so affected by random captions, then is it
more like a paraphrasing model that ignores the visual content?
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Majority Token Analysis

e Given a list of K retrieved captions, we can create an ordered list of
the frequency that each unique token appears in the captions:

C = {CT17 CTga ceey CTU}

K
Cr. = E 1rcr,
1

e Majority Token: If token 1; appears at least K /2 times, then we
define it as majority token in the retrieved captions:

MT = {CE,CTJ.,. . } s.t. CTU 2 K/2 VYU
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Majority Tokens Example

e Majority Token: My = {CTi’ C’Tj, .. } s.t. Cr, > K/2 VU

R,: Three people skiing through a forest
R,: An older woman in a wheelchair holding a white teddy

R;: A man and a woman sit holding a teddy bear

Majority Tokens: “teddy”, “bear”, “woman”
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Known Good / Known Bad Captions

e With Majority Tokens, we can force an experimental setup with known good or
known bad retrieved captions

e Force an asymmetry:
o 2 Good captions ~ 1 Bad caption = useful majority tokens?

o 1 Good caption ~ 2 Bad captions = harmful majority tokens?

e Good: high-ranked caption Bad: random caption
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Known Good / Known Bad Captions

With Majority Tokens, we can force an experimental setup with known good or
known bad retrieved captions

Force an asymmetry:
o 2 Good captions ~ 1 Bad caption = useful majority tokens?

o 1 Good caption ~ 2 Bad captions = harmful majority tokens?

Good: high-ranked caption Bad: random caption

Results

o 2 Good ~ 1 Bad: 86% of generated captions contain a majority token

©)

1 Good ~ 2 Bad: 21%
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Integrated Gradients Input Attribution

e Which input tokens are most/least important in the model output?

o
- 0.8
g
standing - 0.6
8 in
e the 0.4
© snow 0.2
() : .
qc) holding
a 0.0
2 t
[} -0.2
Xo) ':"V
§ ar 0.4
ASPE ROSPE"TFR°LYFE CSESERDUIE  C5E¥LZR LS 2858 C5PELEPCUIH
VEgs SEE g6s § 8X EfE s §X ¢ §5¥  Fge g5 Cfs 32
@ E g 2 g 2 g £ - &5 2
S L7
€
Prefix Retrieved Suffix Decoded

Sundararajan et al. ICML 2017. Axiomatic Attribution for Deep Networks.



Self- and Cross-Attention Analysis

Output
Probabilities
e What can we learn about |
SmallCap by inspecting what it —
attends to in the textual and ] e
. . ? j} ———8+ —0 | |((rad& Nom
the visual inputs* —HRE ==
. .— ; &3, ? =3 =
e Track the location of the g 1] ¢ | o rm
maximally-attended inputs E=al [
i g —'—» (:_:g — —
. 1 if argmax, Att(g,2); € Sn 8 &) Posttional
1 In — ’ ol M — Encoding
£ (2, 5)] {O otherwise AR — | | erobsoaing
;B»._._D Ianuts
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Self-Attention Analysis

BOS
Prefix

<S> b

«

Similar images show

a man working some levers at a train yard
a train engineer preparing the engine of a train Retrleved
a train being worked on in a train manufacturer

a man wearing a safety vest standing by a train.

Suffix

Generated

«

This image shows

a person working .. «
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Self-Attention Analysis

«

<s> BOS
Similar images show b PrefIX

a man working some levers at a train yard H EAD 0 < BOS>

a train engineer preparing the engine of a train _ Retrleved 1 )
a train being worked on in a train manufacturer Preflx
a man wearing a safety vest standing by a train. .

— Suffix - Retrieval

This image shows

Generated g5 Suffix
Generation

a person working .. «
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Self-Attention Analysis

BOS
Prefix

<S> b

Similar images show <

a man working some levers at a train yard
a train engineer preparing the engine of a train Retrleved
a train being worked on in a train manufacturer

a man wearing a safety vest standing by a train.

Suffix

Generated

This image shows <

a person working .. «

4 N\
Self-attention is

maximally attending
k to the BOS token

/

HEAD 0
1
0.5
0
0 5
HEAD 4
1
0.5
0
0 5
HEAD 8
1
0.5
0
0 5

0.5

0

10 0
1

0.5

0

10 0
1

0.5

0

10 0

HEAD 1

HEAD 5

HEAD 9

0.5

0

10 0
1

0.5

0

10 0
1

0.5

0

10 0

HEAD 2

HEAD 6

HEAD 10

0.5

0
10 0
1

0.5

0

10 0
1

0.5

0

10 0

<BOS>

Prefix
Retrieval
Suffix
Generation
HEAD 3
5 10
HEAD 7
5 10
HEAD 11
5 10
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Cross-Attention Analysis

-

The cross-attention layers
focus on the “summary”

\ image CLS embedding y

~

HEAD 0

HEAD 4

HEAD 8

HEAD 1
1
0.5
0
10 0 5
HEAD 5
1
0.5
0
10 0 5
HEAD 9
1
0.5
0
10 0 5

HEAD 2

HEAD 6

HEAD 10

CLS
Others
HEAD 3
0.5
0
10 0 5 10
HEAD 7
0.5
0
10 0 5 10
HEAD 11
0.5
0
10 0 5 10



Cross-Attention Analysis

-~

The cross-attention layers
focus on the “summary”

\ image CLS embedding y

~

-~

Cross-attention to image
patches only emerges at

\ the final layers of the LM D

~

HEAD 0

HEAD 4

HEAD 8

HEAD 1

HEAD 5

HEAD 9

HEAD 2

0.5

10 0

HEAD 6

HEAD 10

CLS
Others

HEAD 3

HEAD 7

HEAD 11
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Improving Robustness

Given that the model appears to be strongly guided by retrieved
captions, can we train the model to be less reliant on this?

o Yes! We can create less-perfect retrieval lists during training

Sample-K: randomly choose k/N retrieved captions

C-Sample-K: only use the most relevant caption, and k-1 randomly
sampled captions in the prompt

Hoang et al. 2022. Improving robustness of retrieval augmented translation via shuffling of suggestions. 45



Experimental Protocol

Encoder: CLIP ViT-B/32
Decoder: OPT-125M

Training data: MS COCO

Evaluation with CIDEr
o MS COCO
o VizWiz
o NoCaps

Example evaluation images from the NoCaps dataset
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In-Domain Results

MS COCO
122
120

118
116
114
112
110
k=1 k=2 k=3 k=4

W top-k W sample-k W c-sample-k

CIDEr Score

[ Improved performance with smaller retrieval sets }
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CIDEr Score

36

3

s

3

N

3

o

Out-of-Domain Results

VizWiz NoCaps

90

) 80

o

Q

n

a 70

§ ) i
60
k=1 k=2 k=3 k=4 In Near Out

B top-k B sample-k ® c-sample-k B top-k B sample-k B c-sample-k

[ Improvements in two out-of-domain datasets J

48



Qualitative Examples

e aman posing with a surfboard on an elevator

- e awoman sitting on a bench next to a man in a hat
e agreyhound dog lying on an unmade bed o
. e apink teddy bear and a brown teddy bear sitting on wooden rods =

B aperson riding a horse on top of a beach
a person sitting on a bench on a beach

© e atrain with the numbers 60016 is heading down the tracks :
- * ablack and white photo of two people holding hands in a city on a rainy day :
- * this youngster has a boogie board to ride the smaller waves :

. e awooden entertainment center containing a television set s
TSRO RRURSRRUI [~

UEERY  aclose up of a fire hydrant on a sidewalk
a close up of a person on a sidewalk




Wrap-up
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Open Questions

e How many of these observations apply to visual prefix models?
o | think we will still observe the problems associated with majority tokens

e What is the best way to construct N-shot examples for mRAG?
o Demonstrate the diversity of the tasks / target languages / visual inputs

e When will we have usable multimodal ICL for multimodal RAG?
o We have been trying to make progress on this with ImageChain

IMAGECHAIN: Advancing Sequential Image-to-Text Reasoning in
Multimodal Large Language Models

Danae Sanchez Villegas Ingo Ziegler’ Desmond Elliott
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Final Conclusions

e Retrieval-augmentation is a powerful approach to building
lightweight image captioning models that can easily adapt to new
domains

o Improve lightweight trained models
o Improve zero-training models
o Enable zero-shot multilingual transfer

e Open questions about how to make RAG-based models more
robust and reliable in practice
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