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Contrastive Multimodal Pretraining: The vision-encoder workhorse
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Contrastive Multimodal Pretraining: The vision-encoder workhorse
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Training in this manner: High zero-shot generality, e.g. for
open-vocabulary classification, retrieval, ...



Going beyond zero-shot generalization?

Modern objectives: Take representations, and re-use them further down the line.
E.g. for retrieval augmentation, memory-augmented models, vision-context in multimodal LLMs...

Can you pretrain for such general purpose re-use?
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Going beyond zero-shot generalization?

Modern objectives: Take representations, and re-use them further down the line.
E.g. for retrieval augmentation, memory-augmented models, vision-context in multimodal LLMs...

Can you pretrain for such general purpose re-use?

Key perspective:

Representation re-use (e.g. few-shot, many-shot, MLLMs) often involve (soft) dictionary lookup.

Goal:

Pretrain vision encoder at scale to:
e maintain zero-shot generality
e be better for dictionary lookup style re-use

Important:
Avoid trade-off!
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LIXP: Injecting re-usability into pretraining at scale

We introduce Language-Image Context Pretraining (LIXP)

Take standard objective:
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LIXP: Injecting re-usability into pretraining at scale

We introduce Language-Image Context Pretraining (LIXP)

Take standard objective:
| B

1 1
Lrwp(Xp, T, 1) = ~1B| Z S R Py e

i,j=1
Significant trial & error later...

Introduce a contextualization surrogate objective:

Lime = aLip(Xg, Tg,71) + (1 — a)Lrp(XF|, T,




LIXP: Injecting re-usability into pretraining at scale

Introduce a contextualization surrogate objective:

Lixp = Q
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LIXP: Injecting re-usability into pretraining at scale

Introduce a contextualization surrogate objective:

Lrixp = aLrp(
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LIXP: Injecting re-usability into pretraining at scale

Introduce a contextualization surrogate objective:

Lrxe = aLip(Xp, T, 1) + (1 — @) Lrp(XE
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Mimic (soft) dictionary lookup with attention:
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LIXP: Injecting re-usability into pretraining at scale

Introduce a contextualization surrogate objective:

Lrnp = aLip(Xp, T, 1) + (1 — )L (X5, Ts,|m2)
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Mimic (soft) dictionary lookup with attention:
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Visual representation, textual, stale, EMA, augmented?

Maintain separate model or large memories can be costly.




LIXP: Injecting re-usability into pretraining at scale

Introduce a contextualization surrogate objective:

Lrxe = aLip(Xp, T, 1) + (1 — a)Lip|
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LIXP: Injecting re-usability into pretraining at scale

Introduce a contextualization surrogate objective:
t
Lrwp = oLip(Xp, T, 71) + (1 — o) Liwp (X5, Ts,|m2)
Occam’s Razor: Simple is best (if done right)
I

T
x¥|= o Zil | M M
i |— N 5 Use same batch as key & values, but:
Tetx V G

N

Mask out self-attention shortcut
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LIXP: Injecting re-usability into pretraining at scale

Lrnp = aLip(Xp, T, 1) + (1 — )L (X5, Ts,|m2)

Introduce a contextualization surrogate objective:
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Occam’s Razor: Simple is best (if done right)
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Making it work: A challenge of engineering and patience

»Three distinctly learnable,
exponential temperatures

Lrxp = aLip(Xg, Te{mn) + (1 — a)Lop(XES, Tx,
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Making it work: A challenge of engineering and patience

\ o
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Making it work: A challenge of engineering and patience

Large enough pretraining

batchsizes.

Method Zero-Shot  16-Shot Method Zero-Shot  16-Shot
SigLIP 51.0 60.1 £0.4 None 50.5 64.1 £ 0.5
SigLIxP 50.5 64.1 £0.5 linear 50.2 62.8 + 0.2

Separate Batch 48.8 63.2+0.3

(a) Context Batch Separation

Method Zero-Shot 16-Shot

None 50.5 64.1£0.5
LayerNorm { K} 46.8 57.1+0.4
LayerNorm {V'} 48.5 62.3+0.5

LayerNorm {K,V'} 48.3 58.2+0.3
(d) Layer Normalization on M

2-layer MLP 49.8 61162
3-layer MLP 49.1 60.8 £0.3

Method Zero-Shot 16-Shot
SigLIP 51.0 60.1£0.4
SigLIxP 50.5 64.1£0.5

No Normalization 48.9 61.7+0.3

(c) QK Normalization

Method Zero-Shot 16-Shot

(b) Value Heads for My,
Method Zero-Shot 16-Shot
None 50.5 64.1£0.5
+ Stale (32K) 45.9 59.7+0.3

+ Stale (128K) 46.9 60.5+0.5
+ Stale (512K) 47.2 60.7+0.4

(e) Inclusion of Stale Buffer

Full (32k) 50.5 64.1+0.5
Subset (1K) 50.7 59.9 4 0.5
Subset (2k) 50.5 62.9 4+ 0.4
Subset (8k) 50.3 63.940.3

(f) Reduced Active Buffer Size

Method Zero-Shot  16-Shot Method ~ Zero-Shot ~ 16-Shot Method Zero-Shot  16-Shot
SigLIP 51.0 60.1+£0.4 a=0.95 50.8 62.5+0.3 Single-Stage 50.5 64.1£0.5
SigLIXP 50.5 64.1£0.5 a=0.9 50.5 64.1 +£0.5 Residual 49.2 59.24+0.4
No masking 50.9 60.5+0.4 a=0.8 50.0 63.84+ 0.3 Multimodal 47.9 61.4+04
a=0.6 48.7 61.5+0.4 Two-Stage 50.5 62.0+0.3
(a) Self-Attention Masking (b) Relative weighting (c) Contextualization Type
Method Zero-Shot  16-Shot Method Zero-Shot  16-Shot
T1, T2, Tax l€arnable 50.5 64.1 + 0.5 Full back-propagation 50.5 64.1+£0.5
TL = T2, Tex 47.8 61.8+0.4 Stop Gradient: {K} 49.6 62.7+0.4
T1, T2 = Tex 50.4 60.2 + 0.6 Stop Gradient: {V'} 43.8 58.7+£0.2
Tetx frozen 471 59.44+ 0.5 Stop Gradient: {K, V} 44.4 56.5 + 0.4

(d) Uncoupled, learnable temperatures

(e) Back-propagation through memory buffer




When it works: Near free lunch!

Model — ViT-S/16 - ViT-B/16 — ViT-L/16
Examples — 1.5B 6B 6B 15B 8B
46.9 52.1 60.3 62.5 64.1
2Tl +0.4 —0.2 0.4 —0.5 =i
Progtypicl 57.24+0.2 60.8+£0.3 66.8+0.2 674403 70.7+0.3 7\
+4.1 +3.4 +3.4 +3.9 +3.3
Default Tip 60.3+0.1 63.6+0.3 69.5+02 70.24+03 73.2+0.3
+5.4 +4.8 +4.3 +4.3 +4.0
XVal Tip 64.7£0.2 67.8+0.3 73.8+0.2 747+02 77.0+03
+2.4 +2.3 +1.6 +1.6 +1.4
Plurality NN 604+0.1 63.8+0.2 69.1+£02 69.6+0.3 726+0.2
+2.5 +1.9 +2.3 +2.6 +1.8
s T 64.8 i~0.1 681401 732401 741£02 765+02
+1.7 +1.3 +1.8 +1.8 +1.1
Softmax NN | 642£0.1 67.5+£02 726+02 733+0.3 75.9+0.2
+2.8 +2.4 +2.6 +2.7 +1.8
Average Gain | 3.2 +2.7 +2.7 +2.8 +2.2

Zero-Shot changes minimal

> Few-Shot gains significant




When it works: Near free lunch!

Cassava I +1.0
CIFAR100 I +1.1
DomainNet - QuickDraw Il +1.5
Plant Village 1l +1.5
Stanford Cars il +1.8
UC Merced Il +2.2
SUN397 i +3.0
Places-365 (small) I +3.7
+4.6
Col. Histology INEG_—__—_ +4.8
Oxford IIT Pets I +5.2
DTD I +5.3
Resisc45 I +5.7
DomainNet - ClipArt I + 7.3
CUB 200-2011 I 7.5
ImageNet2012 I 7.5
Stanford Dogs I /.5
DomainNet - Infograph I 7.5
DomainNet - Sketch NG + 8.7
EuroSAT I + 8.9
ImageNet-Sketch I +16.2
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When it works: Near free lunch!

Method Train-free | IN-IK  DTD Food101 Pets Cars
Linear Probe [92] X 67.3 70.0 82.9 853 804
TIP-X [84] v 71.1 ; - y ;
APE [108] 7 72.1 ; ; : ;
DMN-TF [102] v 72.6 71.9 86.0 929 784
Clip-Adapter [21] X 71.1 - - -
MaPLe [36] X 72.3 71.3 85.3 92.8 83.6
PromptSRC [37] X 73.2 72.7 87.5 93.7 83.8
Tip-Adapter-F [101] X 73.7 - - - -
APE-T [108] X 74.3 - - - -
CasPL [92] X 74.2 75.1 88.4 94.1 86.7
DMN [102] X 74.7 75.0 87.1 94.1 85.3
v 77.9 76.7 92.6 944 92.8
ViT-S/16 (6B) ViT-B/16 (6B) ViT-L/16 (8B)
Benchmark 20%  _ Fit (p=0.0007) ° —— Fit (p=0.0106)
c —— Fit (p=0.0002)
‘5 20% 15% 15%
O
.02) A= 10% 10%
% 10%
x 5% 5%
5%
102 103 104 102 103 104 102 10 104

#Examples (log)

#Examples (log)

#Examples (log)

LIXP pretraining + simple NN classifier

more complex / specialized / learned

The larger your context window /
dictionary, the higher the gains!



When it works: Near free lunch!
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3 5.0 can be inject as post-training-stage!
<

525 @ 1.5B SigLIP

6B SigLIP

1.5B Sig(LIP - LIxP, +0.5B)
1.5B Sig(LIP — LIxP, +1B)

0 4 8 16 32
Shots / Class



Put together:

It is possible to pretrain for two key functionalities at once, if:
e Loss balancing

e Scalability via D.o.F in representation space.

e Dictionary lookup objective surrogate.

e Needs scale: Batchsize informs memory size.

e Can be post-trained into a pretrained model too!
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