CS60092: Information Retrieval

Distant Supervision
& Multimodal Information
Retrieval

Debaditya Roy



The Core Idea

"If two entities participate in a relation, any sentence mentioning both likely

expresses that relation.”
— Mintz et al., 2009

The hand-labeling bottleneck

e Relation extraction needs labeled
(eq,1,€3) triples in text

e Expert annotation is slow, expensive,
and domain-specific

e Modern KBs (Freebase, Wikidata)

already contain millions of triples

Distant supervision solution

e Use existing KB triples as heuristic
labels

e Find all sentences co-mentioning
(e1, e2) in alarge corpus

e Label them automatically — no human

annotators needed




The Noise Problem

The at-least-one assumption breaks in practice

Both sentences mention (Obama, Hawaii) but mean very different things:

"Obama was born in Hawaii." expresses born_in
"Obama visited Hawaii." does NOT express born_in

False positives

Sentence mentions the
entity pair but expresses a
different or no relation.
The most common noise

type in practice.

False negatives

True relation is expressed
in the text but the KB does
not know it yet, so the

sentence gets no label.

KB incompleteness

The KB itself is incomplete;
even correct heuristic
labeling misses real
relation instances in the

wild.

Each noise type has its own mitigation strategy — this structure organizes the entire

Distance Supervision literature.




Multi-Instance Learning

Bag B = {x4,x,, ..,x,} all sentences mentioning entity pair (e4, e;)

At-least-one assumption: if (eq, 7, e3) in KB, then there exists x; in B that expresses r

Max aggregation (Riedel 2010) Selective attention (Lin 2016)
p(yIB) = maxp(y | x) (®) = e %
X{€EB o(x] Ar
Train on the single most expressive a; = softmax <T >
sentence in the bag. A = weight matrix
r = relation vector
T = temperature

I Training loss (cross-entropy overbags): [ = — Z ]ogp(yB | S(B))

Riedel, S., Yao, L., & McCallum, A. (2010, September). Modeling relations and their mentions without labeled text. In Joint
European conference on machine learning and knowledge discovery in databases (pp. 148-163).

Lin, Y., Shen, S., Liu, Z., Luan, H., & Sun, M. (2016, August). Neural relation extraction with selective attention over instances.
In Proceedings of the 54th Annual Meeting of the Association for Computational Linguistics (pp. 2124-2133).



The PCNN Sentence Encoder

Piecewise CNN encodes inter-entity context explicitly

Divide every sentence into three segments relative to (e, e3)

Left [L] Middle [M] Right [R]
tokens before e; between e; and e, tokens after e,

CNN + max-pool each segment independently, then concatenate:

x = [pool(L) || pool(M) || pool(R) ]

M captures inter-entity context independently — PCNN’s key advantage over a
flat CNN.

Zeng, D., Liu, K., Chen, Y., & Zhao, J. (2015, September). Distant supervision for relation extraction via piecewise convolutional
neural networks. In Proceedings of the 2015 conference on empirical methods in natural language processing (pp. 1753-1762).




Temperature in Selective Attention

x; Ar

a; = softmax
T

Collapses to hard-max — only the highest-scoring sentence gets
- 0 weight 1, all others get O.

Equivalent to Riedel max-aggregation.

Softmax becomes uniform — every sentence in the bag gets
T — oo equal weight 1/n

Model ignores all attention signal; bags treated as simple

averages.

0.07 PCNN+ATT uses small T near this range: sharp but not degenerate
T = 0.

Strong gradient signal; model is sensitive to angular differences
between representations.



Multimodal
Information Retrieval

From shared embedding spaces

to cross-modal nearest-neighbor search



Retrieval Problem

Similarity across modalities requires a shared space

Given a query in modality A, return relevant documents in modality B (or A)

You cannot compute similarity between raw pixels and token sequences — both must project into a common
geometry

Text query Image query Any query

— Image results — Text results — Any modality
/ Bind:

"a dog on a beach” [photo] -> captions mageBind: 6

modalities

Key insight: cross-modal retrieval is a nearest-neighbor problem once you have the shared embedding space.




ImageBind
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https://imagebind.metademolab.com/demo?modality=A2GI



Encoders & L, Normalization

Visual encoder Text encoder

__f.(image)) . _ _filcaption)
If,(image)lI; '~ Tifelcaption)l,

Vi

Why L, normalization is required

* Without normalization: the model can minimize loss by scaling vector magnitudes
instead of aligning directions.

* After normalization: dot product equals cosine similarity, bounded in [—1, 1]. Geometry
becomes interpretable.

CLIP Whisper -> embed ImageBind

6 modalities (image, text,

Image + Text Audio -> Text space audio, depth, thermal, IMU)




CLIP

1. Contrastive pre-training

pepper the Text
aussie pup * Encoder 1 1 1 1

T T T3 Tn
— I I, I, I;T; I Ty
— I I Ty IpT, IpTg Iy Ty
Image
Encoder . Iz IzTy IgT, IgT; Iz Ty
— Iy InTy InT, IyT; InTy

Radford, A., Kim, J. W., Hallacy, C., Ramesh, A., Goh, G., Agarwal, S., ... & Sutskever, I. (2021, July).
Learning transferable visual models from natural language supervision. In International conference on
machine learning (pp. 8748-8763). PmLR.



CLIP

2. Create dataset classifier from label text

a photo of Text
a {object}. Encoder ) ) ) )

3. Use for zero-shot prediction

Image

Encoder - I L LT, LTy - I T

a photo of
a dog.

Radford, A., Kim, J. W., Hallacy, C., Ramesh, A., Goh, G., Agarwal, S., ... & Sutskever, I. (2021,
July). Learning transferable visual models from natural language supervision. In International
conference on machine learning (pp. 8748-8763). PmLR.




InfoNCE Loss (CLIP)

A batch of N pairs generates N squared minus N hard negatives

Similarity matrix S.. = vt /T Diagonal = positive pairs
Yy - Off-diagonal = N — 1 negatives per row
Image — text loss Text — image loss
1 exp Sy L. .. = — - log =P S
Li—>t = o zlog =t N 5 ZSl
N - Z] SU ] l ]
Each row: N-class softmax; diagonal is the Each column: N-class softmax; diagonal is
target. the target.
Lioe + L,
Symmetric total loss: L = ( ot > e )

Larger batch N means more negatives per sample, which gives a stronger
discriminative signal. CLIP used N = 32,768.



Temperature in CLIP

Learned, initialized at 0.07 — same intuition as Distant Supervision

S,-]- = vlT L /T (T is a learned scalar, initialized to ©.07, clipped to
prevent instability)

Sharpens softmax — model is sensitive to small angular differences

Low 7T between embeddings.
Risk: gradient instability; minor misalignment causes large loss spikes.
. Softens distribution — reduced gradient magnitude, slower learning of
High t o
fine distinctions.
Risk: embeddings collapse into indistinct clusters, negatives are ignored.
T learned CLIP clips log(t) to [—4, 4] during training; prevents pathological regimes.

Same temperature intuition appears in Distant Supervision selective attention

Connection to Distant Supervision: same temperature-softmax mechanism governs both
PCNN+ATT and CLIP. One formula, two domains.



Retrieval at Inference & Evaluation

Nearest-neighbor search and cross-modal metrics

Retrieval: rank all indexed items by score(q,v;) = q' v; (cosine
similarity on unit sphere)

Recall @ K Mean Reciprocal Rank Cross-modal R@K
: ( 1 > S 1 = Image — Text R@OK
_ |correct in topK]| = — z
"~ |correct total| Q| i—1 rank; + Text » Image R@K
Fraction of queries where Rewards higher placement of Always report both
the ground truth appears the first correct result; useful directions — they can differ
in the top K results. when position matters. dramatically in difficulty.

Indexing: FAISS HNSW gives O (log N) amortized retrieval. Product quantization compresses
embeddings on the unit sphere.



InfoNCE as Mutual Information

CLIP maximizes a lower bound on I(V; T)

I(V;T) >= log(N) — LmfoncE

What this means:

G CLIP is not just a retrieval system — it is a mutual information estimator between vision
and language.

° As batch size N grows, the bound tightens (log N increases). This is why large batches
matter theoretically, not just empirically.

Q Minimizing Ly, ronce Simultaneously maximizes the Ml lower bound — alignment and

information maximization are the same objective.

This Ml framing connects CLIP to variational methods and representation learning
broadly — a rich thread for advanced students.



Unifying Thread

Supervision without hand-annotation

DS: DS: KB-derived heuristic labels
pairs as labels

| Multimodal: CLIP: web image-caption

Temperature-scaled dot-product attention
DS: attention weight a; = softmax(x] Ar/7)
Multimodal: CLIP: similarity S;; = v; t;/t

Cross-entropy as the training objective

DS: bag-level cross-entropy loss L

| Multimodal: CLIP: symmetric INfoNCE loss L

Dense representations enabling similarity search

DS: entity pair embeddings for RE
space for retrieval

| Multimodal: CLIP: shared embedding



VIilBERT
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Figure 1: Our VILBERT model consists of two parallel streams for visual (green) and linguistic
(purple) processing that interact through novel co-attentional transformer layers. This structure allows
for variable depths for each modality and enables sparse interaction through co-attention. Dashed
boxes with multiplier subscripts denote repeated blocks of layers.

Lu, J., Batra, D., Parikh, D., & Lee, S. (2019). Vilbert: Pretraining task-agnostic visiolinguistic
representations for vision-and-language tasks. Advances in neural information processing
systems, 32.



VIilBERT

Add & Norm

Feed Forward
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(a) Standard encoder transformer block (b) Our co-attention transformer layer

Lu, J., Batra, D., Parikh, D., & Lee, S. (2019). Vilbert: Pretraining task-agnostic visiolinguistic
representations for vision-and-language tasks. Advances in neural information processing
systems, 32.



VIilBERT
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(a) Masked multi-modal learning (b) Multi-modal alignment prediction

Figure 3: We train VILBERT on the Conceptual Captions [24] dataset under two training tasks to
learn visual grounding. In masked multi-modal learning, the model must reconstruct image region
categories or words for masked inputs given the observed inputs. In multi-modal alignment prediction,
the model must predict whether or not the caption describes the image content.

Lu, J., Batra, D., Parikh, D., & Lee, S. (2019). Vilbert: Pretraining task-agnostic visiolinguistic
representations for vision-and-language tasks. Advances in neural information processing
systems, 32.



Flamingo

This is a picture of two teddy
(™ bears on the moon.

What are they doing?

They are having a
™ conversation.

What object are they using?
(™ Itlooks like a computer.
Is this surprising?
(™ Yes, it is surprising.

Why is this picture surprising
to you?

I think it is surprising because
teddy bears are not usually
(™ found on the moon.

What is the common thing
about these three images?

(™ They are all flamingos.

What is the difference be-
tween these three images?

The first one is a cartoon, the

second one is a real flamingo,

and the third one is a 3D
(™ model of a flamingo.

(&)

This is an apple with a sticker
on it.

What does the sticker say?

The sticker says "iPod".
Where is the photo taken?

It looks like it’s taken in a
backyard.

Do you think it is printed or
handwritten?

It looks like it’s handwritten.
‘What color is the sticker?

It’s white.

This is a cityscape. It looks
(™ like Chicago.

‘What makes you think this is

Chicago?

I think it’s Chicago because
of the Shedd Aquarium in the
(™ background.

What about this one? Which
city is this and what famous
landmark helped you recog-

nise the city?

This is Tokyo. I think it’s

Tokyo because of the Tokyo
(™ Tower.

©

Alayrac, J. B., Donahue, J., Luc, P., Miech, A., Barr, I., Hasson, Y., ... &
Simonyan, K. (2022). Flamingo: a visual language model for few-shot

learning. Advances in neural information processing systems, 35, 23716-23736.




Flamingo

* Vision-language model using few-shot learning
* Inputs: Interleaved image and text tokens

Output: text

. Pretrained and frozen

\l’.ﬁ a very serious cat.
froned from serateh o oubek %
| 1 | ” n-th GATED XATTN-DENSE

Perceiver Perceiver
Resampler Resampler ~ serlMblock %k
- 1st GATED XATTN-DENSE
e
Processed text T

| <image> This is a very cute dog.<image> This is |

Interleaved visual/text data

This is a very cute dog.m This is

g

Alayrac, J. B., Donahue, J., Luc, P., Miech, A., Barr, I., Hasson, Y., ... &
Simonyan, K. (2022). Flamingo: a visual language model for few-shot
learning. Advances in neural information processing systems, 35, 23716-23736.




Perceiver Model

Weights optionally shared between repeats
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Perceiver Resampler

L
Perceiver Resampler
I_>S_Dy_m___1_§),/?_r_8 ------------------------ - S ] def perceiver_resampler(
E o E x_f, # The [T, S, d] visual features (T=time, S=space)
! FFW ! time_embeddings, # The [T, 1, d] time pos embeddings.
! S E x, # R learned latents of shape [R, d]
i . N ! num_layers, # Number of layers
! Attention i ):
i \ T K=V=[Xf,X] | I Q=[X] E """The Perceiver Resampler model."""
1 1
| 1
! I S e B e H # Add the time position embeddings and flatten.
lllii () x_f = x_f + time_embeddings
‘ ' ] I x_f = flatten(x_f) # [T, S, d] -> [T * S, d]
# Apply the Perceiver Resampler layers.
Learned for i in r?nge(num_layers):
# Attention.
1ate‘nt X = x + attention_i(q=x, kv=concat([x_f, x]))
queries # Feed forward.
x = x + ffw_i(x)
return x




Flamingo

Gated Cross-Modal Attention
a. Keys and values obtained from vision features
b. Queries are derived from the language inputs

def gated_xattn_dense(

¥, & input language features

x, # input visuwal features
alpha_xattn, # xattn gating parameter init at 8
alpha_dense, # ffw gating parameter init at @.

"""Applies a GATED XATTN-DENSE layer."™"

T # 1. Gated Cross Attention
¥y = y + tanh(alpha_xattn) * attention(g=y, kwv=x)
—'I—“' GATED XATTN-DENSE # 2. Gated Feed Forward (dense) Layer
: y = ¥ + tanh(alpha_dense) * Tfw(y)
1

# Reqgu r cplf-3 io e
tanh gating egular self-attention + FFW on language
, y = y + frozen_attention(g=y, kv=y)

cross attention = o TR

return y # output visually informed language features
y N ke L e=lvl ___
Vision Language
input input

Alayrac, J. B., Donahue, J., Luc, P., Miech, A., Barr, |., Hasson, Y., ... & Simonyan, K. (2022). Flamingo:
a visual language model for few-shot learning. Advances in neural information processing systems, 35,
23716-23736.



Cross-attention Block Visualized

° . . Masked cross attention
ute pics of my pets!

K=v=[X]

1 .
] A T Resmpler  Resampler

Resampler Resampler

My puppy sitting in the

NN P s s

TR [N Y 202

}'/<BOS> Cute pics of my pets!<EOC><image>My puppy sitting in the grass. <EOC><image>My cat looking very dignified.<EOC>
tokenitzation
: t
My cadtigl:::ij:dg. very. <B0S>Cute pics of my pets!<EOC><image>My puppy sitting in the grass.<EOC><image> My cat looking very dignified.<EOC>

d text: <image> tags are inserted and special tokens are added

Image 1 Image 2

Alayrac, J. B., Donahue, J., Luc, P., Miech, A., Barr, I., Hasson, Y., ... &
Simonyan, K. (2022). Flamingo: a visual language model for few-shot

learning. Advances in neural information processing systems, 35, 23716-
23736.



BLIP (Bootstrapping Language-Image
Pretraining)

Modular architecture:
- Image encoder (ViT) - Frozen
- Q-Former to query image embeddings
- Text decoder (e.g., T5, OPT) - Frozen

Vision-and-Language Vision-to-Language
Representation Learning Generative Learning
Image Q-Former ::
— - -
Encoder Querying Transformer Write a romantic message
that goes along this photo.

f +
Text

Love is like a sunset, it's
hard to see it coming but

Queries when it does it's so beautiful.
Bootstrapping Pre-trained Bootstrapping Pre-trained
Image Models Large Language Models (LLMs)

Li, J., Li, D., Savarese, S., & Hoi, S. (2023, July). Blip-2: Bootstrapping language-image pre-training with frozen image
encoders and large language models. In International conference on machine learning (pp. 19730-19742). PMLR.



BLIP (Bootstrapping Language-Image

Pretraining)

Is this photo unusual?

Yes, it's a house that looks like it's
upside down.

How could someone get
out of the house?

It has a slide on the side of the

0 e

\. J

What are shown in the photo?

@ A man and a chicken.

What does the man feel
and why?

He is scared of the chicken
because it is flying at him.

What are the ingredients |
need to make this?

Pepperoni, mozzarella cheese, pizza
sauce, olive oil, salt, pepper, basil.

What is the first step?

Place the pizza dough on a baking
sheet, brush with olive oil, sprinkle
with salt, pepper, and basil.

Li, J., Li, D., Savarese, S., & Hoi, S. (2023, July). Blip-2: Bootstrapping language-image pre-training with frozen image
encoders and large language models. In International conference on machine learning (pp. 19730-19742). PMLR.




Input Image

Stage 1 - Vision-Language
Representation Learning

* Image-Text Contrastive Learning

* Image-grounded Text Generation

* Image-Text Matching

Q-Former

Image-Text
Matching

'

for every

Image-Text
= . Contrastive ||
Learning

Cross Attention

Learned
Queries

oo-

oo

Attention Masking
bidirectional

Self Attention — mutiimodal causal

Image-Grounded
Text Generation

i

Feed Forward

Self Attention

=== = uni-modal - —* —|-

4

x N

Input Text [a cat wearing sung;assesl

Q: query token positions; T: text token positions.
B masked [J unmasked

Q T Q T Q T
NN OC e 00 NN
‘0000 ||°OomEm || ‘O0Es
0000 (| ,ooom || ,me0o
HEE N OO0 O Bl O
Bi-directional Multi-modal Gausal Uni-modal
Self-Attention Mask | | Seif-Attention Mask Self-Attention Mask
‘ Image-Text Image-Grounded Image-Text
Matching Text Generation Contrastive Learning

Li, J., Li, D., Savarese, S., & Hoi, S. (2023, July). Blip-2: Bootstrapping language-image pre-training with frozen image
encoders and large language models. In International conference on machine learning (pp. 19730-19742). PMLR.




Stage 2 - Vision-Language Generative
Learning

Bootstrapping from a
Decoder-based
Large Language Model

(e.g. OPT)

Bootstrapping from an
Encoder-Decoder-based
Large Language Model
(e.g. FlanT5)

Input Image

BE-EE Output Text [ a cat wearing sunglasses ]

Q-Former ] Fully = LLM Decoder

Encoder Connected

S—@z-an)

Learned Queries

Y

00-80

Fully

_> [ & fonnes J [Connected

CEE D CEE- e
Learned Queries Prefix Text




Fine-grained Late-interaction Multi-
modal Retrieval (FLMR)

Question: How
many teeth does this
animal use to have?

Imag e-to(Text Transform | ‘ _ -
<BOQ> How many teeth does this animal use to é . g1
have? <EQQ> <BOC> a cat laying on top of a =

wooden table looking out a window. <EQC=>
<BOV= white brown sitting cat <SOV> pink
nose <S0V> orange pink brown ear ... <EOV>

- Crop Region of Interests Documents in KB \

@)

Answer: 26 ; Yy
® i
Token-level C;)Pcatenate _________
embeddings [~ a typical adult mouth will nave 32 teeth, which wil }_,.® : HE)
...... - — '
. Max similarity 1 be the second and the Iast set in the mouth. : @
operaion | I most cats have 26 deciduous teeth and 30 }_, _,. [ 26 | -—1-[ 26 |
permanent teeth. : ;
Summation | Ll as dogs grow older, they will have 42 permanent i ; Answer
@ \_ teeth while cats will have 30. f H 9 Generation

Lin, W., Chen, J., Meli, J., Coca, A., & Byrne, B. (2023). Fine-grained late-interaction multi-modal retrieval for retrieval
augmented visual question answering. Advances in Neural Information Processing Systems, 36, 22820-22840.



Fine-grained Late-interaction Multi-
modal Retrieval (FLMR)

Question: How many teeth does this animal use to have?

aime

Token pairs with

Bnimal Drass 26 EQ 05;":‘2:’?";5;:“35@

Document: a meat-eating animal, such as a cat, has quite different teeth compared to a grass-eating animal, such as a horse. Document / query
tokens

most cats have 26 deciduous teeth and 30 permanent teeth.

Figure 3: Selected query tokens connected by document tokens that have the highest token-level
relevance with them, as computed by FLMR. For example, amongst all document tokens, ‘26 and
‘30" have the highest relevance with the query token ‘how’ and ‘many’, respectively. This shows that
FLLMR can capture fine-grained document relevance. Zoom in for better visualization.

Lin, W., Chen, J., Meli, J., Coca, A., & Byrne, B. (2023). Fine-grained late-interaction multi-modal retrieval for retrieval
augmented visual question answering. Advances in Neural Information Processing Systems, 36, 22820-22840.



Universal Multimodal Information
Retrievers (UnilR)

Instruction: Retrieve Instruction: Retrieve a Wiki page
a similar image. that answers this question.
s m e T
struction: Find a Wiki article
Instruction: Retrieve a news Query Image Query Text + Image

that answers my question.

headline image. Who

manufactured &
the plane?

! Query Text + Image

Query Text

GOP presidential candidate W_hat year was
Ron Paul makes a point to Mitt this painting

Romney and Rick Santorum at the created?
New Hampshire Republican debate.

Text Candidate

Text + Image Candidate /
3 News Headline: Mitt \

Romney wins. He is so
far ahead in the polls it
would be one of

the biggest upsets ...

A Sunday Afternoon on the
Image Candidate Text + Image Candidate Island of La Grande Jatte was
painted from 1884 to 1886 and
McDonnell Douglas was a is Georges Seurat's most

7 ; :
major American aerospace famous work...
manufacturing corporation and
defense contractor ...

Wei, C., Chen, Y., Chen, H., Hu, H., Zhang, G., Fu, J., ... & Chen, W. (2024, September). Uniir: Training and
benchmarking universal multimodal information retrievers. In European Conference on Computer Vision (pp.
387-404). Cham: Springer Nature Switzerland.



Universal Multimodal Information

Sq.c
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Retrievers (UnilR)
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(c) BLIP Feature-level fusion

Wei, C., Chen, Y., Chen, H., Hu, H., Zhang, G., Fu, J., ... & Chen, W. (2024, September). Uniir: Training and
benchmarking universal multimodal information retrievers. In European Conference on Computer Vision (pp.
387-404). Cham: Springer Nature Switzerland.



LLaVA (Large Language and Vision
Assistant)

- Combines CLIP-ViT image encoder + Vicuna LLM
- Only trains lightweight projection from vision to language
- Uses instruction tuning with image-prompt-response pairs

Language Response Xa Q Q Q

Language Model fqb

NOO AAA

Projection W
rojection Z. H, # H,

Vision Encoder X, Image Xq Language Instruction

Liu, H., Li, C., Wu, Q., & Lee, Y. J. (2023). Visual instruction tuning. Advances in neural
information processing systems, 36, 34892-34916.



Instruction Tuning

- Fine-tune on natural language instructions

- Input: [Image] + instruction — Output: desired response

- Enables general-purpose assistant-like behavior

Task: Situation Description

Instruction;

Describe the main event
happening in this image.

Response:

A group of people are
protesting on the street,
holding signs and banners.

Image: Some individuals are.
path/to/image.jpg chanting and raising their
fists in solidarity.

Task: Referring Expression Grounc

Point to the man
wearing a red hat

Response:

highlighting the
person in the red
hat.

path/to/image.jpg

Context type 1: Captions

A group of people standing outside of a black vehicle with various luggage.
Luggage surrounds a vehicle in an underground parking area

People try to fit all of their luggage in an SUV.

The sport utility vehicle is parked in the public garage, being packed for a trip
Some people with luggage near a van that is transporting it.

Context type 2: Boxes

person: [0.681, 0.242, 0.774, 0.694], backpack: [0.384, 0.696, 0.485, 0.914], suitcase: ...<omitted>

Response type 1: conversation

Question: What type of vehicle is featured in the image?

Answer: The image features a black sport utility vehicle (SUV) ...<omitted>

Response type 2: detailed description

The image is an underground parking area with a black sport utility vehicle (SUV) parked. There
are three people in the scene, with one person standing closer to the left side of the vehicle, another
person in the middle, and the third person on the right side. They are all working together to pack
their luggage into the SUV for a trip. ...<omitted>

Response type 3: complex reasoning

Question: What challenges do these people face?

Answer: In the image, a group of people is standing outside a black SUV in a parking area,
surrounded by various pieces of luggage, including suitcases and backpacks. They are facing the
challenge of fitting all their luggage into the black SUV. There are multiple suitcases and backpacks
to be packed, which suggests that the group has a significant amount of belongings ...<omitted>

Liu, H., Li, C., Wu, Q., & Lee, Y. J. (2023). Visual instruction tuning. Advances in neural
information processing systems, 36, 34892-34916.




How Instruction Tuning Changed
Training

* Shift from task-specific training to general-
purpose

* Training data: instruction-response pairs

* Architecture: frozen vision encoder + pretrained
LLM

* Encourages reusable models with prompt-based
control
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language models with instruction tuning. Advances in neural information processing systems, 36, 49250-49267.
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(" N N N\ ™
Image Captioning Visual Reasoning Visual Conversational QA Video Question Answering
[ COCO Caption ] [ GQA ] [ Visual Dialog ] [ MSVD QA ]
[ Web CapFilt ] ‘ Visual Spatial ’ [ MSRVIT QA ]
R i \ J
| NoCaps ] S - . [ iVQA I
, [ TconQA ] Knowledge Grounded
[ Flickr30K ] I . .
mage Question Answering
\ J
7 Contiond [ OKVQA |
mage Capftioning \ )
Reading Comprehension [ A-OKVQA ] 4 \
[ ScienceQA I Image Question Answering
[ TextCaps ] ! )L ) | Reading Comprehension
) 4 N\ ) .
Image Question Generation| | LLaVA-Instruct-150K [ OCRVRA

Image Question Answering [ VQAwV2 I Visual Conversation ] [ Textvoa

[ VQAWV2 ] [ OKVQA ] [ Complex Reasoning ] k 1

[ VizWiz ] [ A-OKVQA ] T Image Classification

Description HatefulMemes

4 J J X J A [ ] J
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Qwen3-VL

Shift in Paradigm
 Traditional IR: retrieve — return
* Qwen3-VL: retrieve + reason + generate

Instruct vs Thinking editions

* Instruct: Aligned for general use, faster, and cheaper; ideal for most practical
applications.

* Thinking: Adds internal reasoning traces and better compositional skills,
helpful for STEM problems, complex diagrams, and multi-step analysis.

Qwen3-VL is a generative multimodal model that treats images as
language-conditioned inputs, enabling unified reasoning, retrieval,
and interaction.



Qwen3-VL

* Existing systems
* CLIP - retrieval only
* LLaVA — reasoning but limited grounding
* OCR systems — text-only

* Build a unified model that can
* understand images
* read text inside images (OCR)
* reason over multimodal inputs
e follow instructions

Bai, S., Cai, Y., Chen, R., Chen, K., Chen, X., Cheng, Z., ... & Zhu, K. (2025). Qwen3-vl technical
report. arXiv preprint arxiv:2511.21631.



Qwen3-VL
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Qwen3-VL

* Long-context multimodality: Processes interleaved text,
images, and long videos with memory-efficient attention
and improved positional handling across time and space.

» Strong OCR and document intelligence: Reads dense pages,
noisy scans, and complex layouts with better robustness to
blur, tilt, and low light.

* Spatial and temporal reasoning: Locates entities precisely,
reasons about occlusion and viewpoint, and grounds video
answers to timestamps.

* Agentic Ul interaction: Perceives GUI elements, understands
their functions, and can plan steps to complete tasks across
desktop or mobile interfaces.



WebQA

Q: At which festival can you see a castle in the background: Oktoberfest in
Domplatz Austria or Tanabata festival in Hiratsuka, Japan?

In 1938, after Hitler had
anncxed Austria and won!
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of streagth, the Nan
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In the summer, the Sendai
Tanabala Festival, the
largest Tanabata festival
in Japan, is held. In
winter, the (rees are
decorated with thousands
of lights for the Pageant of
Starlight, lasting through
maost of December.

i R g of Fussa Tanabata Festival-

beer at Oktoberfest 2008.

|Ghost train on the Munick
|Oktoberfest |

anabata festival in Hiratsuka

Tokyo

Aﬁ(ou can see a castle in the background at Oktoberfest in Domplatz, Austria

Figure 1. Example WEBQA dataset pipeline in which the question
requires finding and reasoning about two relevant sources and dis-
carding distractors to produce the correct natural language answer.

Chang, Y., Narang, M., Suzuki, H., Cao, G., Gao, J., & Bisk, Y. (2022). Webga: Multihop
and multimodal ga. In Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition (pp. 16495-16504).



Multimodal QA (MMQA)

Multimodal Context

Steal This Movie!

The film follows Hoffman's
(D'Onofrio) relationship with his
second wife Anita (Garofalo)
and their "awakening" and
subsequent conversion to an
activist life. The title of the film
is a play on Hoffman's 1970
counter-culture guidebook
titled "Steal This Book".

La liceale

La liceale (internationally
released as The Teasers,
"Under-graduate Girls",
"Sophomore Swingers" and
"Teasers") is a 1975 commedia
sexy all'italiana directed by
Michele Massimo Tarantini.

Guida. It was followed by "La
liceale nella classe dei
ripetenti".

Ben Piazza - Filmography

Sage Stallone
Stallone made his acting debut
alongside his father in Rocky V
(1990), the fifth installment of

Robert Balboa Jr., the onscreen
son of his father's title
character. He did not, however,

After that, he acted in lesser
profile films.

Q: Which B. Piazza title came earlier: the movie S. Stallone's son starred in or the movie with half of a lady's face on the poster?

Pierino_contro tutti

Pierino contro tutti (also known
as "Desirable Teacher")is a
1981 comedy film directed by
Marino Girolami. The main
character of the film is Pierino,
an

| as a short lived subgenre of
joke-films in which the plot
basically consists of a series of

jokes placed side by side.

Year Title Role
1957 A Dangerous Age |David
1959 The Hanging Tree |Rune
1962 No Exit Camarero

Jesse

1972 The Outside Man |Desk Clerk
1985 Mask Mr. Simms
1988 Clean and Sober |Kramer

1990 RockyV Doctor

1991 Guilty by Suspicion|Darryl Zanuck

A: Tell Me That You Love Me, Junie Moon

Talmor, A., Yoran, O., Catay, A., Lahav, D., Wang, Y., Asai, A, ... & Berant, J. (2021).
Multimodalga: Complex question answering over text, tables and images. ICLR 2021




Multimodal RAG

Documents

Multimodal Embedding
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https://blog.langchain.com/semi-structured-multi-modal-rag/
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Multimodal RAG

Joint Embedding and Retrieval

e Utilize models like CLIP (Contrastive Language-Image Pre-
training) to create unified embeddings for both text and
images.

* Implement approximate nearest neighbor search using
libraries like FAISS for efficient retrieval.

* Feed retrieved multimodal content (raw images and text
chunks) to a multimodal LLM such as LLaVa, Qwen-VL for
answer generation.


https://github.com/openai/CLIP
https://github.com/facebookresearch/faiss

Multimodal RAG

Image-to-Text Conversion
* Generate Summaries from images using models like LLaVA

* Use text-based embedding models like Sentence-BERT to create
embeddings for both original text and image captions.

* Pass the text chunks to an LLM for final answer synthesis.


https://huggingface.co/docs/transformers/en/model_doc/llava
https://arxiv.org/pdf/1908.10084

Multimodal RAG

Hybrid Retrieval with Raw Image Access
* Employ a multimodal LLM to produce text summaries from images.

 Embed and retrieve these summaries with references to raw images,
alongside other textual chunks.

* Multi-Vector Retriever with vector databases like Chroma, Milvus to
store raw text and images along with their summaries for retrieval.

* For final answer generation, use multimodal models like Pixtral
12B, LLaVa, GPT-4V, Qwen-VL that can process both text and raw
image inputs simultaneously.



https://huggingface.co/mistralai/Pixtral-12B-2409
https://github.com/haotian-liu/LLaVA
https://platform.openai.com/docs/guides/vision
https://github.com/QwenLM/Qwen-VL

