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Roadmap

* Problem: closed-set visual labels are too narrow

» CLIP: natural-language supervision, WIT data, contrastive loss, and zero-shot transfer

» CLIP evidence: prompt sensitivity, broad-but-uneven transfer, and robustness

» CLIP variants: richer captions, longer text encoders, and dense prediction

» Bridge to SigLIP: sigmoid loss, batch-size behavior, and why SigLIP 2 inherits this direction
* SigLIP 2: a modern encoder recipe built on the same alignment idea

Running question: what had to stay from CLIP, and what had to change for the VLM era?



Problem statement: class labels are too narrow

Classic supervised vision Open-vocabulary vision

* Predict one class ID from a fixed vocabulary » Use text as the interface to visual concepts

» Works when the target labels are known in advance - Specify categories at test time with prompts

» Adding a new concept usually means collecting new < Reuse the same model for retrieval, classification, and
labeled data grounding

The main shift is from a closed classifier head to an image-text embedding space.

Radford et al. 2021, Abstract and introduction. 3



Before CLIP: natural-language supervision had a history

CLIP did not invent image-text learning; its contribution was to simplify and scale it.

. Earll.er mage-text supervision What CLIP keeps and scales
* Mori et al. 1999: predict nouns/adjectives from paired text _ o :
» ConVIRT 2020: contrastive image-text representation
documents CaIinG
. I l. 2016: -of-word diction f Flick . . :
mﬁ::f;t‘:‘ta 016: bag-of-words prediction from Flickr + CLIP: a simplified ConVIRT-style objective trained

from scratch at web scale

» Main simplification: match the correct image-text pair,
not generate the whole caption

* Li et al. 2017: visual n-grams and zero-shot transfer

* VirTex / ICMLM 2020: caption LM and masked LM
objectives

This slide sets up the key design choice: use natural language as supervision, but choose an
objective that can scale.

Radford et al. 2021, Sec. 1-2.1; related work includes Mori 1999, Joulin 2016, Li 2017, VirTex, ICMLM, and ConVIRT.




Building WIT: data collection is part of the method

CLIP’s 400M pairs were not just “more data”; the collection process encouraged broad concept
coverage.

YFCC100M issue
100M images, but
natural-language metadata is
sparse and noisy

After filtering

English natural-language

Existing caption data WIT solution

Collect 400M image-text pairs
from public Internet sources

COCO / Visual Genome:

~100K training images each titles/descriptions leave ~15M

photos

Query vocabulary
» Use about 500K text queries to cover broad visual
concepts
* Queries include frequent Wikipedia words, bigrams,
article names, and WordNet synsets

Balancing heuristic
» Cap at roughly 20K pairs per query
» Approximate balancing prevents common concepts from
dominating the dataset

Radford et al. 2021, Sec. 2.2: Creating a Sufficiently Large Dataset.




CLIP approach: one model, labels written as text

1. Pretrain by matching pairs 2. Build classifier from prompts
(1) Contrastive pre-training (2) Create dataset classifier from label text
l
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Train image and text encoders together; at test time, the text encoder builds the classifier from prompts.

Radford et al. 2021, Fig. 1. 6



The CLIP loss: learn the diagonal of the batch

For a batch of image-text pairs:

Sjj = cosine(image;i, text[1) / T,
exp(t) = 1/1 in the implementation

maximize Si;; suppress Sj for i # |

« Symmetric contrastive learning over the similarity matrix
» No task-specific classifier is trained during pretraining
» The learned space supports retrieval and zero-shot prediction

Why large batch matters
N = 32,768 = many in-batch negatives
(~N? mismatch pairs)

Radford et al. 2021, CLIP pretraining objective.

correct pairs

distractors




CLIP loss in code: the Figure 3 implementation

image_encoder - ResNet or Vision Transformer
text_encoder CBOW or Text Transformer
Iim. b, @, @l minibatch of aligned images
minibatch of aligned texts

H HHFHIFHR
_.{
=
I_I
I

W_i[d_i, d_e] - learned proj of image to embed
W_t[d_t, d_e] - learned proj of text to embed
;4 - learned temperature parameter

# extract feature representations of each modality
I_f = image_encoder(I) #[n, d_i]

T_f = text_encoder(T) #[n, d_t]

# joint multimodal embedding [n, d_e]

I_e = 12_normalize(np.dot(I_f, W_i), axis=1)

T_e = 12_normalize(np.dot(T_f, W_t), axis=1)

# scaled pairwise cosine similarities [n, n]
logits = np.dot(I_e, T_e.T) * np.exp(t)

# symmetric loss function

labels = np.arange(n)

loss_i = cross_entropy_loss(logits, labels, axis=0)
loss_t = cross_entropy_loss(logits, labels, axis=1)
loss = (loss_i + loss_t)/2

Figure 3. Numpy-like pseudocode for the core of an implementa-

tion of CLIP.

Radford et al. 2021, Fig. 3: NumPy-like pseudocode for the core CLIP implementation.

How this matches the diagonal slide
* Encode images and texts separately.

* Project both into the same multimodal
embedding space.

* L2-normalize so dot product becomes cosine
similarity.
* Build the full NxN similarity matrix.

» Apply cross-entropy in both directions:
image—text and text—image.

Figure 3 makes the loss concrete: the
“diagonal” is just the target labels arange(n).




Zero-shot prediction: the classifier is generated by text

(€) Lrasits; nataset elassiiar Mo labs] fext - Write candidate labels as prompts: “a photo of a {object}”
oL * Encode all labels with the text encoder
] * Encode the test image with the image encoder
| aenoto or || Tex * Pick the text with highest similarity

| This is why CLIP is not just a classifier: the output

(3) Use for zero-shot prediction v Vv v v vocabulary can be edited at inference time.

Image

1 I,-T I,-T I,-T I,-T
Encoder—)l IRES TR SR S S X 1N

Prompt wording matters:

A photo of "a photo of a dog" works better than just "dog".

a

Radford et al. 2021, zero-shot classifier construction. 9



Prompt engineering shows the text side matters

70
65 -
Why this is not a footnote
= 5 point  Class names are often ambiguous: “crane” can
e e mean a bird or a machine.
g » Templates add semantic context, e.g. “a photo
@ of a {label}”.
[
'y * Prompt ensembling averages multiple text
v embeddings into a better zero-shot classifier.
< :
» The paper reports an average gain of almost 5
points across 36 datasets.
-8~ Prompt engineering and ensembling
~®- Contextless class names (Liet al. 2017)
45 L | | L] L)
6.1 9.9 21.5 75.3 265.9
Model GFLOPs

Takeaway: zero-shot classification is generated by language, so language formulation
directly changes the classifier.

Radford et al. 2021, Fig. 4: prompt engineering and ensembling improve zero-shot performance.




CLIP result: contrastive matching is much more efficient

Zero-Shot ImageNet Accuracy
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Headline result from the paper
Best CLIP reaches 76.2% zero-shot on ImageNet
and transfers across 30+ datasets.

Radford et al. 2021, Fig. 2 caption: BoW is ~3x% faster than caption LM; CLIP adds another ~4x over BoW.

 Caption language modeling is expressive but
slow for zero-shot transfer

« Bag-of-words prediction learns roughly 3x faster
than a caption LM

« Switching to CLIP contrastive objective gives
another roughly 4x gain over BoW

CLIP
1% ~12x vs LM

Caption LM

Interpretation: the two efficiency gains compound — BoW
improves over caption LM, and contrastive matching
improves again over BoW.




Zero-shot CLIP transfers broadly — but unevenly
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Radford et al. 2021, Fig. 5: zero-shot CLIP vs. supervised linear probe on ResNet-50 features.

How to read Figure 5
» CLIP beats a supervised RN50 linear probe on
16 of 27 datasets.
* It is very strong on some fine-grained or
web-like recognition tasks.
* It is weak on specialized or abstract tasks:
satellite scenes, medical images, counting, and
traffic signs.
* This is a better framing than saying CLIP
simply “solves” zero-shot vision.

Strength and limitation appear in the
same plot.



Average on 7 natural distribution shift datasets (top-1, %)

Zero-shot CLIP is less tied to the ImageNet distribution

100

Original CLIP Fig. 13 shows a robustness gap: matched ImageNet accuracy does not imply matched distribution-shift performance.

Ideal robust model (y = x) g
Zero-Shot CLIP -7
Standard ImageNet training - ‘
Exisiting robustness techniques ’,’

65

80 85 90 95 10

Average on class subsampled ImageNet (top-1, %)

ImageNet Zero-Shot

Dataset Examples ResNet101 CLIP A Score
= A9,

ImageNet & 76.2 76.2 0%
ImageNetV2 64.3 70.1 +5.8%
ImageNet-R 37.7 889 +51.2%

ObjectNet = 326 723  +39.7%

Iagehiet 252 602 +35.0%

Sketch
2T 771 +74.4%

, ImageNet-A REVE:

Radford et al. 2021, Fig. 13: robustness under natural distribution shifts; table values from original figure.




Two kinds of CLIP limitations

More visible from later VLM needs
* short captions miss fine detail

Directly visible in CLIP results
* prompt sensitivity

* 77-token text context bottleneck
* image-level embeddings are coarse
» dense grounding needs local features

* uneven transfer across datasets
» weak specialized/abstract tasks
* web-supervision noise and bias

This distinction is useful: CLIP is not “wrong”; it is optimized for global image-text alignment,
while later VLMs need richer local and textual supervision.

Radford et al. 2021; later open-vocabulary detection and dense prediction literature.




Open vocabulary moves from classification toward grounding
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The same text interface can guide boxes and local regions, but this
requires local visual features rather than only image-level embeddings.

Minderer et al., 2023, Scaling Open-Vocabulary Object Detection, NeurlPS 2023




A useful taxonomy of CLIP variants

Think of variants as modifying one of three bottlenecks in the CLIP pipeline.

Text data Text encoder Alignment target Downstream use

short caption 77 tokens global image classification
— long paragraph — longer context — local regions — grounding/dense

DreamLIP Long-CLIP DenseCLIP Open-vocab tasks

These variants keep CLIP’s image-text interface, but change the granularity of the supervision and
representation.

Selected CLIP variants used here: DreamLIP, Long-CLIP, and DenseCLIP.




DreamLIP: replace short captions with long descriptions

Long Caption:

+ The image captures a serene bedroom scene.

« Dominating the center of the room is a bed, neatly
made with a white comforter and a gray blankeft.

* The bed is flanked by two nightstands, each hosting
a lamp, casting a warm glow in the room.

* The room itself is characterized by a wooden floor,

supervision is richer,
ddi touch of rustic ch to th : i ini
. ?‘\ lal:\ggeawi?:!f)wopu:g:u;;s (;r‘nrz w(;ll, ‘dar‘sappaecjwi‘rh A large white and red parasail in the blue sky. contraStlve pretralnlng
white curtains that filter the outside light. e et o e et s et s A red and white parachute is in the sky. can Iearn more than the
Sidaniuiboess most salient object

+ The walls are painted in a soothing shade of gray, 55
providing a neutral backdrop that enhances the = il sse i

DreamLIP-30M: label.

A large orange and white kite flying in a blue sky.

room's tranquil ambiance.
A red and white parachute is in the sky.
A large white and red parasail in the blue sky.

CLIP-30M:

A large orange and white kite flying in a blue sky.

Core idea: if the text

Generated
Long

. * The bed, being the largest piece of furniture,
Caption

serves as the focal point of the room.
+ The nightstands, lamps, and painting are arranged
around it, creating a balanced composition.

Q- 3oM ap-soom Oreamup-30M

w60 Average Per e of Image U g
555
55.0
54.5
% Average Perfomance of Sementic Segmentation Is the Christmas Tree POSI‘I:IOI’Ied In
front of a large window or in front
of a wall between two windows?
QLIP-30M CLIP-400M DreamLIP-30M

euze-som: (%)

(a) In front of a large window. -/ (b) In front of a large window. X

(a) In front of a large window. ~" (b) In front of a large window. x
| DreamLIP-30M: |
P e e LB (a) In front of a large window. 4 (b) In front of a wall between two windows. Y

3 4’\/"
DreamLIP-30M

Zheng et al., 2024, DreamLIP, Fig. 1.




DreamLIP: sub-captions become multiple positives

A long caption is not used as one monolithic string; its sentences often describe different regions or objects.

Feature Extraction

Raw: Pop artist
wearing a white

Raw Image-

Text Pair and blue summer
dress.

i wearing

Dot-

Subcaption-Specific Similarity

Grouping Loss

{Jlf ®

Subl:

Zheng et al., 2024, DreamLIP, Fig. 2.
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» Global contrastive loss still
aligns whole images with
whole descriptions.

» Sub-caption-specific
grouping adds pressure for
local image patches to
match local textual details.

* This directly targets the
gap between “image-level
CLIP” and fine-grained
grounding.



Long-CLIP: CLIP has limited effective context and weak relation modeling

100 r

80

60

40

20

Longer captions only help if the text encoder can actually read and represent them.

R@]1 with Respect to the Length of Caption

—e—CLIP Long-CLIP

0 10 20 30 40 50 60 70 80 9 100 120

a) Low effective token length

A. The lemon on the left is yellow and the eggplant on the right is purple
B. The lemon on the left is purple and the eggplant on the right is yvellow

C. The lemon on the right is vellow and the eggplant on the left is purple
D. The lemon on the right is purple and the eggplant on the left is yellow

CLIP: D>C>B>A Long-CLIP: A>C>B>D

b) Fail in modeling interrelationship

Long-CLIP keeps the CLIP-style embedding interface, but extends the text side so detailed
descriptions can influence the image-text similarity.

Zhang et al., 2024, Long-CLIP, Fig. 2.




Long-CLIP: preserve short-text ability while adding long-text ability

A naive longer text encoder can damage CLIP’s existing short-text zero-shot behavior.

There's a silver

BN B O ,
; an i o sedan closest to
Tidoe .- 1 B : o I Text the camera. The
& o i alignment - I. = ex people consist of
Encoder j 2 " l' Encoder three children and
— f-n"s two adults; one
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fine-grained image feature fine-grained text feature plastic shopping
e 2 bag. On the left,
7 . . . \\ traffic signs
/" Fine-grained Coarse-grained R
| < > | Long text
|
| ) > |
| < e :
I [\( N | & o
| | ] [ | ) = om
| e nd B .]f | I. Text
| ‘ | _H .
| | N B . alignment . Encoder
| ' L |
! main component | m_—
| | I s
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\  Primary Component Extraction 8 8 8 ?
\ /
N >

o i o e e

Takeaway: this variant mainly improves the text encoder side of CLIP, not the basic dual-encoder
alignment paradigm.

Zhang et al., 2024, Long-CLIP, Fig. 3. 20




DenseCLIP: turn image-text matching into pixel-text matching

Dense prediction needs a score at each location, not one score for the whole image.

4 N

Vision-Language Pre-training

Image Image Contrastive Text
& Encoder Learning Encoder

- ™

Language-Guided Fi me—tunmg #: class il

Downstream tasks

Text embeddmgs Segmentation
. [:]DD C] Detection
Encoder pixel-text

score maps

Image )—— Image EEEE .| Image
Encoder 3 Decoder

image embeddings | ... -~

X

A 4

Key bridge: CLIP’s language-compatible features can guide semantic segmentation, detection, and
instance segmentation.

Rao et al., 2022, DenseCLIP, Fig. 1(b).




DenseCLIP: useful adaptation, but not the same as pretraining
dense features

i Single-Scale [ Vanilla Fine-tuning V.Vhat it gdds
mmm  Multi-Scale Language-Guided Fine-tuning * DenseCLIP exploits pretrained CLIP knowledge

43.0 for dense downstream tasks.

* It narrows the gap between image-level
contrastive pretraining and pixel-level prediction.

* It uses language-guided score maps and
context-aware prompting.

44

N
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40.8 41.0
40.6 10,2

38.6 38.7

36

34 ]
INTK IN21K  IN1K+Ours MoCoV2 DenseCL  CLIP  CLIP+Ours What remains

Supervised Self-supervised  Vision-Language « But original CLIP was still not trained primarily for
dense patch-level objectives.

» Dense performance depends heavily on the

This is the clean bridge to SigLIP 2: keep image-text downstream dense prediction framework.

alignment, but train patch-level and localization * This motivates newer encoders that train
behavior more explicitly. local/dense representations more directly.

Rao et al., 2022, DenseCLIP, Fig. 2. 22




CLIP-side takeaway: same interface, richer granularity

The post-CLIP direction is not to abandon contrastive alignment, but to make it less coarse.

Data granularity Text capacity Visual granularity Tasks

short captions 77-token prompts image-level embedding classify
— paragraph descriptions — long-context text encoding — patch / region semantics — ground

So the high-level lesson is: CLIP changed the interface of vision models from fixed labels to language.
Later work asks whether that language interface can support detailed descriptions, long-context
retrieval, and local grounding.




Bridge: from CLIP softmax to SigLIP sigmoid

SigLIP keeps CLIP’s dual-encoder image-text interface, but changes the contrastive loss.

CLIP softmax contrastive loss

» Each image must identify its correct text among all texts SigLIP sigmoid loss

n the. PatCh'_ _ _ » Each image-text pair is treated as an independent
* Positive pairs compete against many in-batch binary classification problem.

negatlv.es. o o « Pairs are labeled positive or negative.

* Requires softmax normalization over the similarity - No global softmax normalization is required
matrix. '

* Larger batches provide more in-batch negatives under * The loss is less tied to a global batch view.

the softmax objective.

This is why the SigLIP idea is a natural bridge: it preserves CLIP-style alignment, but changes the
competition structure.

Zhai et al. 2023, Sigmoid Loss for Language Image Pre-Training; Radford et al. 2021.




SigLIP insight: bigger batches are not the whole story

CLIP motivates large batches; SigLIP asks whether the softmax formulation is the bottleneck.

SigliT SigLIP mSigLIP
85 S : = 36 - =
: 741 ﬁ
! gb 35 )
~— 84- 4
g ] 724 ® il
7 _ . ob 34
S | _ s
2 83 - 70 g (\:.'% 33 i
(D) e
D | .
gl - ; B
] : */ —e— Sigmoid & 1
_ 66 -== Softmax :
81 T d T T T T T T T T T T T 30 T T T T T
8 32 262 1024 4 8 16 32 98 307 16 32 65 131 245
Batch Size (k) Batch Size (k) Batch Size (k)

Why this matters for SigLIP 2
» Sigmoid loss is especially competitive at smaller practical batches.

* Both losses show diminishing returns as batch size grows.
» The paper reports that a reasonable batch size around 32K is sufficient.
* This motivates SigLIP 2’s starting point: inherit the sigmoid alignment loss, then add local/dense objectives.

Zhai et al. 2023, Fig. 2 and Abstract: sigmoid loss performs well at practical batch sizes; ~32K is sufficient.




CLIP Variants: Beyond Clip

Gap in current story

¢ CLIP uses short/noisy captions
* Global embeddings weakly locate objects
* Text encoder may miss long descriptions

What this mini-section adds

* Longer cantions: richer supervision
* Longer context: better text encoder
¢ Local matching: better grounding

Short, noisy caption

"A dog playing
in the water.”

Global image embedding
(CLIP-style)

-

Minderer et al. 2022/2023 open-vocabulary detection/segmentation schematic

Beyond CLIP: richer supervision

——>

w—  Data / features

o Dense paragraph captions

[ — &

Il

A golden retriever is running
through shallow water at a beach.
Water splashes around its legs.
The dog holds a green ball in its
mouth. In the background, there

are mountains and a clear blue sky.

o Longer text encoder

More tokens, more context

o Region / pixel grounding

. 25 Text
ﬁ' =) f oy
‘Q‘_J | \]‘_L — Encoder
(extended)
T B
| [ water
N: mn | @ bal
- ; [ mountains
AT ke sky

Richer supervision paths — Leadsto

Stronger grounding

° More detailed semantics
0 Better alignment

& More precise localization




CLIP Variants: Long Clip

Long-CLIP Text Encoder

Longer text preserves attributtes, relations, and scene context for better alignment with images.

Text Embeddings

1) Short 77-token prompt (truncated) (from Text Encoder)

Max length: 77 tokens

Image Embedding
(Image Encoder)

X A golden retriever sitting on a dock
by a lake at sunset ... _—
: Embedding from
. ... (truncated) Ioszz:;eetatﬂ & T E d short prompt |
X
ext Encoder (77 tokens) R
CLIP bottleneck (1]2]3]4]s5]6].. ]175[76]77] sligns |
77 tokens (padded/truncated) (LOHQ'CU P) h_“‘
¢ Default CLIP text input is limited to 77 tokens :
« Effective useful length can be much shorter Max sequence length: 248
Bt 2) Long 248-token prompt (full context)

J Max length: 248 tokens

A golden retriever with a slightly wet coat sits

— -
aligns

red collar with a metal tag. In front of the dog is ﬁ

a calm lake reflecting the warm colors of a

N attentively on a wooden dock. The dog wears a
Embedding from

Long-CLIP upgrade

reserves long prompt
- sunset. A small rowboat is tied to the dock on e (248 tokens)
¢ Extends text input to 248 tokens the right. Pine trees line the far shore, and attributes,
* Preserves CLIP latent space and zero-shot ability S Hisa b the distence o partly relations &
* Fine-tunes with long text-image pairs cloudy sky lit by the orange glow of the sun. Scens:corntext —
(1] 2]3]4]5] 6] . [246]247]248] H
248 tokens (within limit)
@ Attributes @ Relations @ Scene Context
e.g., wet coat, red collar, e.g., dog on dock, boat e.g., lake at sunset, pine
wooden dock tied to dock trees, mountains, sky

Minderer et al. 2022/2023 open-vocabulary detection/segmentation schematic




CLIP Variants: Dense Clip

DenseCLIP-style Local Alignment

From global image-text matching to pixel-text (region-text) matching

1. Text Prompt 3. Image Encoder -+ Dense Visual Features 4. Pixel-Text Similarity 5. Local Alignment Results
) (DenseCLIP) High-score regions form masks
A photo of and baxes for objects.
[ h a golden retriever, Cosine Similarity
Vanilla CLIP a red bicycle, Golden retriever
and a park bench. ~d
* Global image vector ¢ global text vector )
* Good for retrieval/classification, weak for dense prediction l . High
L ,
. Text Encoder (CLIP) —
. '\
DenseCLIP idea % = i
S
* Convert image-text matching into pixel-text matching —> B t -
* Use pixel-text score maps to guide segmentation / detection Text m iiw
« Prompting can be context-aware ncoder m
Whole-image
Text Embedding
Pixel-Text Score Map
a Encoders are from CUP (frozen) Each pasl ndicates how weil that
location matches the text prompt
Detected Box
Global Image-Text Matching CLIP Score Pixei-Text / Region-Text Matching Sunlxy)=t"v¥ | High-score Mask (> threshold
Single score for the whole image A 4 | Dense scores enable local alignment e o o
and the text Sgtovat = " Vgiodat at pixel or region level { DenseCLIP Score )

Minderer et al. 2022/2023 open-vocabulary detection/segmentation schematic




CLIP -> SigLIP -> SigLIP2

CLIP: batch-level softmax SigLIP: pairwise sigmoid Batch-size insight

Mmage 0atcn Text batch
- .
SigLiP
BxB
! similarity -
matrix i
pasr score ————
positive / negative —
Global norma Z3ation couples every pair in the \'-:'_5:::-51'_':'{"7‘= 23ach image—text pair can be
tc optimized more independently

_____

Takeaway: SigLIP removes global softmax normalization - less dependence on huge batches + simpler distributed training.

self-distillation masked prediction

Transition to SiglLIP 2
SigLIP improves how global image—text alignment is trained. SigLIP 2 keeps this foundation, then makes the visual LocCa
representation richer with:
multilingual WeblLI| NaFlex

Tschannen et al. 2025, Fig. 1 and Abstract.




SigLIP 2: CLIP-style alignment, modernized for VLMs

1. Global image-text alignment

LocCa loss (100%): . . . .
AR - captioning e Inherits the sigmoid contrastive loss from
SILC/TIPS loss (20%): Decoder - dense captioning S|g|_|P
- self-distillation - ref. expressions )
- masked prediction A e Keeps the dual-encoder image—text
? \ cross-attn. Sigmoid loss (100%) representation space
stop gradient aux. head /
h : .
| N ‘ :MAP . 2. Local & dense visual learning
e Adds LocCa captioning and localization
EMA objectives
Image Image Text e ..
Encodar Encoder Encoder e Adds self-distillation + masked prediction
(teacher) late in training

{

-

3. Better data & input handling

image :

text e Multilingual training data

e NaFlex for variable image aspect ratios
e Active data curation for smaller models

Tschannen et al. 2025, Fig. 1 and Abstract.
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SigLIP 2 is a staged training recipe

Stage 1 Final 20% Resolution variants Small models
SigLIP loss + LocCa Add self-distillation + Adapt to fixed resolutions Active data curation /
decoder masked prediction or train NaFlex implicit distillation

Stage 1 — Global + local alignment (0—-80%)

e Train with SigLIP loss + LocCa decoder
e Learn image—text alignment and localization-aware patch features

Stage 2 — Strengthen dense features (final 20%)

e Add self-distillation
e Add masked prediction
e Improve unpooled patch representations

Variant-specific training

e NaFlex: trained separately without the two image-only losses
e BJ/16 & B/32: additional active data curation / implicit distillation

Tschannen et al. 2025, Sec. 2.2-2.5. 31




Ingredient: Data for training

1) Collection pipeline 2) What the dataset contains
s @ Large-scale web image-text pairs
- | | )
- =illa) - .0 @% 109 languages
Web dat Extract Filter & Multilingual : : _
SO Caa Tingeetendt pairs deduplicats WebL Act;\cx:ra Sc:q;a“uon g Captions, alt-text, nearby webpage text
B-size models
.|| ~40B examples

3) Why this data matters
Cross-lingual (0’:’ Better grounding + e®, Curated data helps
retrieval transfer - small models

Tschannen et al. 2025, Sec. 2.2; SigLIP loss originally from Zhai et al. 2023.




Ingredient inherited from SigLIP: sigmoid loss

CLIP softmax contrastive loss Sigmoid image-text loss

e Each image must identify its correct text among e Treats every image-text pair independently

all texts in the batch e Each pair is classified as positive or negative

e Positive pairs compete against batch negatives ¢ Ng softmax normalization across the full batch
e Requires normalization across the similarity

matrix

Takeaway: the inherited sigmoid loss changes the competition structure; SigLIP 2’s novelty is the
combined training recipe.

Tschannen et al. 2025, Sec. 2.2; SigLIP loss originally from Zhai et al. 2023.




Ingredient: Masked Prediction

Predict the teacher representation of
masked patches.

» Mask 50% of student image patches
during training

» Teacher sees the complete global
image

 Student predicts teacher features at
masked locations

* Loss is applied to un-pooled patch
features, not the pooled image

Full image 50% masked patches

o B | LN |
S .S

N %

W m s

U
1

embedding
[ 2 EMATeacher J [ A&  Student ]
* Forces patches to preserve } }
semantic context ENENEEE EEE NEOECOEED - EOE
« Improves local features used by W ///
dense tasks /
» Connects masked-token learning Predict teacher features
to segmentation, depth, and Not RGB pixels

localization

Tschannen et al. 2025, Sec. 2.2: captioning, automatic referring expression prediction, grounded captioning.




Ingredient: Self-Distillation

Model architecture | patch_size
B/16 ViT-Base 16 x 16
B/32 ViT-Base 32 x 32
L/16 ViT-large 16 x 16
SO/14 Larger SigLIP | 14 x 14

2 vision

encoder

variant

Teacher (EMA) Student

Complete image

Local crop

Vision Encoder
same architecture

¥ g ¥

Vision Encoder

MLP head MLP head

v v

Global representation consistency loss Local representation

CTTER - | > (EEEE =]

-
‘@/ ) Goal: make local features preserve global semantic information}
s

Tschannen et al. 2025, Sec. 2.2: captioning, automatic referring expression prediction, grounded captioning.




Ingredient: LocCa decoder adds localization pressure

Decoder tasks used for representation
learning

* Image C?ptlonln_g . ‘6 1. Image Captioning
» Automatic referring expression | i mu ruiimage
prediction: text description —

box coordinates

i e 2. Text = Box

Input: Text description

[ the red cup on the table

v

Output: Bounding box coordinates /

» Grounded captioning: box e localized region
. . - A woman sitting at a table with
coordinates — reg|0n'SpeC|f|C { ared cup andga cat nearby.

Ca ptlon € Learns global image semantics.
* The decoder is training-time

@ 3. Box = Text

Scaﬁold I ng ’ not part Of the s IR Vision fncoder | | 'G} Learns language-guided localization. J
released encoder e - - R
| Why it helps
Output: > l l . \\} N I ! l ! ' ‘ ' @ + Patch features learn both what and where.

* Improves localization, segmentation, and

the red cup on the table ] Patch-level features
depth-related tasks.

@ Learns region-level semantics.

@0 s LocCa improves visual representations through three auxiliary tasks:
N Y image captioning, text-to-box grounding, and box-to-text description.

Tschannen et al. 2025, Sec. 2.2: captioning, automatic referring expression prediction, grounded captioning.




Ingredient: Language alignment alone is not enough for dense
vision
* This figure shows that dense performance is not
determined by compute alone. Image-only

objectives such as self-distillation and masked
prediction provide direct supervision to patch-level

55 ‘_ ‘ representations,. which helps.close the gap
& between global image-text alignment and dense
50 8 O
@

visual understanding.
45 o’ QQ

o @ @

log-FLOPs

Y

Tschannen et al. 2025, Sec. 2.3; dense-feature context from course slides.




Ingredient: NaFlex keeps images closer to their native layout

Why fixed square resizing is a problem square resize native aspect

e Forces different images into the same aspect ratio

e Can distort text, charts, screenshots, and
documents

e |ayout-sensitive visual information may be lost

NaFlex Original image Patchified image

1' Preserves th? natlv? aspeCt ratlo as mUCh as pOSSIbIe Q1 2024 Business Performance Report Q1 2024 Business Performance Report
2. Supports variable visual sequence lengths - i 0
. . . . Executive Summary Key Metrics Executive Summary Key Metrics
3. Masks padding tokens when batching different image shapes — «swwmmmann e | | r— T" o | [ o [ ] 7
4. Uses one checkpoint across multiple image layouts B b ol | Bl | Bl | B AR A A e T
% Fisoncial Surnrr;avy [;JSD] Revenue ;t'/ Re’zion‘(USD;

Square resizing hurts most for layout-sensitive inputs: e e e e iy - el e o B ol Bl Il P ] S
' @ S0 s Margin = 4 2550 { 0 0 ‘ 5),‘ . ‘
screenshots, scanned documents, charts, and et s I I mrJEJEIEI RN | I 1|" L]
Net Iaceme S241M S196M 133% 20 190.‘{ o et Income MM 19 2.9% 00 | “ |M:.?: ER

OCR-heavy pages. mowa  wn me il = T ] | Ak =
Mieria  Ewese  foa w Ot o A :]m. 1 AudsPacte fanArmecs | Other

Tschannen et al. 2025, Sec. 2.4.2 and Fig. 3 caption. 3 8




Results: fair selected comparisons from Table 1

ImageNet val, B/16 @ 224px

CLIP ]
SigLIP —
SigLIP 2 |

image classify task

XM3600 text—image R@1, B/16 @

224px
68.3% SigLIP ] 224
76.2% SigLIP 2 | 40.3

78.2%

Multilingual image-text retrieval task

Apples-to-apples: both charts use B/16 @ 224px; mSigLIP is intentionally excluded because it is reported at a

different model size.

Tschannen et al. 2025, Table 1.
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Results : SigLIP 2 is evaluated as a frozen vision encoder in a
Gemma 2-based VLM.

Frozen Downstream
Image Input Vision Encoder Visual Features Gemma 2 LLM VLM Tasks
o B
f i ( M i i @ Visual
Question
an Answering
an \
—> B8 see | w— \ /4 — @ Coraid
e v Captioning
LOCKED - Gemma 2 e
(Frozen) . J LLM O Classification
. - = \_ J
' (™ Visual
| . Grounding

Tschannen et al. 2025, Sec. 2.4.2 and Fig. 3 caption.




Results: SigLIP 2 as a frozen VLM vision encoder

- Evaluation recipe: frozen vision encoder + Gemma 2 Figure 4 takeaway
LLM, then VLM fine-tuning schematic summary from the paper’s VLM-transfer experiment
* The comparison is against SigLIP and AIMv2 under
SigLIP I

the same VLM recipe

* The reported result: SigLIP 2 performs better across
model sizes and resolutions

* Interpretation: the encoder is useful not just for
retrieval, but as a VLM front end

AlMv2 I

SigLIP 2 |

Takeaway: the representation gains survive when the
encoder is frozen inside a downstream VLM pipeline.

Tschannen et al. 2025, Fig. 4 caption and Sec. 3.2.




Results: the biggest gains are local and dense

Dense probing examples Localization examples
» So/14, 224px. PASCAL mloU 72.0 — 77.1 * RefCOCO val, L/16 seq 256: 67.33 — 86.04
« ADE20k mloU 37.6 — 41.8 * RefCOCO+ val: 59.57 — 77.29
* Depth RMSE improves 0.576 — 0.493 * RefCOCQOg val-u: 61.89 — 80.11

This is where SigLIP 2 most clearly addresses CLIP’s weak point: text-to-region grounding and patch-level
semantics.

Tschannen et al. 2025, Tables 2 and 4/5; arrows denote SigLIP — SigLIP 2.




Limitations and implications

Limitations Implications

» CLIP remains vulnerable to prompt sensitivity * The vision encoder controls what a VLM can
and dataset bias see

* SigLIP 2 bundles many ingredients, so * Local grounding matters for boxes, masks,
attribution is harder GUI clicks, and embodied action

 Better benchmark results do not fully prove * Frontier encoders are likely trained with mixed
robust open-world understanding global/local/multilingual objectives

» Dense features still depend on downstream  Evaluation should test both semantic

probes and evaluation design alignment and grounded use

Critical synthesis for course discussion.




Discussion questions

If language supervision is so powerful, why do SigLIP 2 and DINO-style methods
still need image-only dense losses?

Suggested discussion prompts for CS 8803-VLM.




Discussion questions

|s zero-shot classification a good proxy for visual understanding, or mostly a
retrieval-style test?

Suggested discussion prompts for CS 8803-VLM.




Discussion questions

For future VLMSs, should the vision encoder optimize global alignment, local
grounding, or downstream agent success?

Suggested discussion prompts for CS 8803-VLM.




Discussion questions

When a frontier paper bundles many training improvements together, how should
we evaluate what really caused the gain?

Suggested discussion prompts for CS 8803-VLM.




