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Background — What is contrastive learning?
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Background — Why is pixel-wise pre-training in medical vision needed?

Train Car Normal Pneumonia

i. Natural images are different in global ii. Medical images are similar in global
enable global-based discrimination require detail-based discrimination

Medical images require pixel-wise representation to decouple underlying inner-scene semantics.
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Problem — Over-dispersion problem

Pixel-wise features Binary CL excessively Over-dispersion disrupts
on image grid disperses feature intra-class distribution
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Over-dispersion problem: Excessive pursuit of dispersion disrupts intra-class distribution.
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Problem — Over-dispersion problem

Ground truth

4

Over-dispersion problem: Excessive pursuit of dispersion disrupts intra-class distribution.

Pixel-wise features Over-dispersion disrupts Ideal dispersion preserves
on image grid intra-class distribution feature correlations
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Motivation — Distance modeling

Binary CL excessively disperses Distance modeling quantifies
feature causing over-dispersion dispersion degree

' ,’ Move to .
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Motivation: Predefine a ground truth to indicate the desired feature dispersion. (Unavailable)
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Motivation — Distance modeling as vector regression (Vector CL)

a) Vector regression in image space b) Distance modeling in embedding space

learns correspondence |v - V(d') | quantifies dispersion degree |a - d'|
Embe

dding space

vy
N

T~

* Move to »

Distance

If the model wants to discover the correct correspondence, it must make potential same semantic features closer.
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Formulation — Why does vector CL drive distance modeling?

a) Vector regression in image space  b) Distance modeling in embedding space 1. Equ.2isa distance modeling loss, which moves the

learns correspondence |u - V(d')|  quantifies disp egf,igde::g)ff la-d'| features to a specific position with a certain
Bl distance.
-',‘ Mom 2. Embed a template into the Equ.3, equivalent to
- ,,-)l"‘“} I)zs:l% Eq u.2.
\‘-";""'\","ﬁ"e“" 3. Expand Equ.3 for Equ.4, which is a one-way
deduction.
I i i -
: e, ; i 4. Make );—o V'a' = v for the vector regression loss
Dist. Mod.: . _ |a* —d"| =0 (2) in EqU.5.
&S Viled —d'| =0 (3)
T . T — Equ.4 captures the overall distance distribution
= Vi =Y Viddt —-0 @4 .
|2 im0 1 ‘ Zz:“ | @ rather than enforcing exact matches for each
Vec. Reg.: < v — ) ;i V'd"| = 0. (5) feature pair, enabling the model to accommodate

varying feature biases across tasks.

Introduction Methodology Experiments Discussion and future work

0/0/0/0/0/0] 0@ OO000O 0000000, OO0000O



Questions — How to implement?

Q1: How to construct a self-learning a) Vector regression in image space
paradigm with free ground truth learns correspondence |u - V(d') |

vector v that can be extended across
diverse medical images?

Q2: How to formulate the function V
to ensure a consistent optimization
flow from vector regression to
distance modeling?

Introduction Methodology Experiments Discussion and future work
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Propose — COntrast in VEctor Regression (COVER) framework

View x;, Multi-scale dense features Fj, Displacement vector field (DVF) y, Dense fulurc&. 74,
i

/ For Ql - Self_vector Regression (SeVR): “Data transformation” “Multi-scale representation” “Vector regr

constructs an extendable self-space I
transformation mechanism for vector CL with free | \é
ground truth vectors v. B\
: < S
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m a p p I n g fu n Ct I O n W It h CO n S I Ste nt O pt I m I Zat I O n b) Mixture of Vectors (MoV) maps distances as vectors with consistent optimization [ c) Vector Pyramid Aggregation (VPA) formulates )
. . . flow for quantitative dispersion muitiscalarity for g;'anm‘ar,r‘ ty-adapted representation
flow from vector regression to distance modeling /§

with two properties.

!

v" For Q2 - Vector Pyramid Aggregation (VPA): s,: m m——m —
formulates multiscalarity of correspondence via i :

multiple vectors

Distance map D " Vecmss‘hemp]a‘le it
. . . . . i. Vector embedding unit formulates spatial ii. Multi-vector integration formulates ' |
St a C k I n g t h e M OV I n a py r a m I d - I I ke a r C h Ite Ct u re continuity for correlation preservation correspondence ambiguity for bias adaptability | | Pyramid like architecture efficiently encode multi scale vectors|
L]
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Innovation 1 — Self-Vector Regression (SeVR)

Self-Vector Regression (SeVR): constructs an extendable self-space  min Evvn([ta, — Yasll;

transformation for vector CL with free ground truth vectors v. where 1, = V(F,, Fy), Vap ~ Taps Yap(Ta) = Tb.

“Multi-scale representation” “Vector regression”

Multi-scale dense features F),

“Data transformation”

Space
transformation g,

2l
F'_i'

-

Consistency loss L

Image x Appearance
transformation 7,

Dense features f 4ab

J
Multi-scale dense features F, Ground truth y,;, from T,

Advantages: Extendable to a wide variety of medical images for large-scale training simplifying
data preparation and enhancing generality.

Discussion and future work
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Innovation 2 — Self-Vector Regression (SeVR)

Mixture of Vectors (MoV): formulates a mapping function with consistent optimization flow from vector

regression to distance modeling with two properties.

. . i p TINXN
vt =U(fL, Ef\’rxj\r):softmax(%)\ﬂvXN-; (7)

-~

b) Mixture of Vectors (MoV) maps distances as vectors with consistent optimization

flow for quantitative dispersion
Features f, Vector v'',
772 &
4 sé

NxN _Feau_lres: e o8

Displacement
vector u'’,,

Vector group v'’,;, extracts
multiple vectors

NN

Distance map D ol

i. Vector embedding unit formulates spatial
continuity for correlation preservation

Vectors template V
ii. Multi-vector integration formulates

correspondence ambiguity for bias adaptability |

Introduction Methodology Experiments

Advantages:
1. Feature correlation preservation:
vector template describes
continuous spatial relationship,
avoid the artificial division.

2. Bias adaptability: MVI models
the ambiguity to represent diverse
feature concerns, enhancing bias
adaptability in general applications.

Discussion and future work
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Innovation 3 — Vector Pyramid Aggregation (VPA)

' ¢) Vector Pyramid Aggregation (VPA) formulates
multiscalarity for granularity-adapted representation

Dense features £,

2]
[
ot

)
C
P
i
.#
=
=

. fﬂa

Introduction Methodology Experiments

| Pyramid-like architecture efficiently encode multi-scale vectors)

Vector Pyramid Aggregation (VPA): formulates
multiscalarity of correspondence via stacking the
MoV in a pyramid-like architecture.

ab = V(Fa, Fy) = H{¥}} }i~o), where (8)
ab _M(faafb)
ab — M(,lpfl l(f(lz)afé)Owgb_la Z - 172: 7L _ 17

Advantages:
1. Low computational cost: It enables the

mapping function in a small receptive field at each

level for a large whole receptive field reducing the
computation.

2. Multi-scale representation: |t learns the multi-
scale features with multiple semantic granularities,
improving the granularity adaptability.

Discussion and future work
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Comparison study — Comparison setting

Dataset Type Num D P Task - Pre-trained Network ~ -
CANDI [19] 3D T1 brain MRI 103 Vi S
FeTA21 [30] 3D T2 brain MRI 80 Vv S ] r .
SCR [35] 2D chest X-ray 247/ S ! <y
KiPA22 [12] 3D kidney CT 130 Vv S | T " Segmentation Head
FIVES [18] 2D fundus 200 \/ S lnpu‘t image ‘ ‘ (One conv layer) Segmented mask
PDCXR [20] 2D chest X-ray 5956  / C a) Fine-tuning in downstream segmentation tasks
STOIC [31] 3D chest CT 2,000 \/ C Pre-trained Encoder
ChestX-ray8 [36] 2D chest X-ray 112,120 Vi -
PPMI (T1) [25] 3D T1 brain MRI 837 v -

Table 1. A Total of 9 publicly available datasets are involved in this Classification Head

lnput 1mage (One linear layer) Classified result

paper for the experiments, achieving great reproducibility. The ‘ o
b) Fine-tuning in downstream classification tasks

“D’” and “P” mean the datasets are used for downstream tasks and
pretraining tasks. The “S” and “C” are the segmentation and clas-

. . Figure 2. The detailed implementations in our downstream tasks,
sification tasks.

including the a) segmentation and b) classification.

Evaluate our method across 8 tasks, spanning 2 dimensions and 4 modalities with 2 kinds of downstream tasks.

Introduction Methodology Experiments Discussion and future work
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Comparison study — SOTA performance compared with the existing methods

a) 2D evaluation pretrained on [59] b) 3D evaluation pretrained on [31] AVG
Type  Methods SCRY"™ PDCXRc | KiPA222” FIVESs || CANDIs | FeTA2ls KiPA22}”  STOIC: | Score %

T R X X P P e B e 11 e T i £ & e
In-painting [35] B5.1113.3) 939435 | 044_o7 T8 _qs) || 885(uas5) | 34425 09T _aq  67.2(_45 | 7531y

Models Genesis [69] | 86.1 44, 92.6(,29 66.6(_75  79.6/ 09 887 sam | 35811y 158134 753433 | 7760419

Rotation [25] 80.5 1

B T I T
BYOL [14] 89.4,,

SimCLR [7] 89.0,

}

t

_899_05) | 697(_44) 803(i00) || 894454) | IBT(y15)  TTA(i50) 68859 | 76.8(404)
9220418y | 726015 843140 || 873saa) | 38T 41 838(u114) 09505 | 79543
86'6[ 3.8} ?4'| (0} 81_‘!? F3.9) 89?[ £5.7) 592[ L2.3) 83&[ +£11.2) ‘?4“| 2.0 EGU 5.4)
947 hamy | T440n 845051 || 8921459 | 534 a5 789465 607113 | T8I0
9320425 | 096(_us5  B0Tp1a) || 89T us7 | 6L5446  T80456 748525 | 190424

72714y BL6j20) || B985 | STdios 797474 636 64y | 780116

92.8(42.4) | 628113y T8 o) || 8T saay | B3 ll1asy T2.0pay  T32509) | 74400

924420y | 70833 19209 || 87047 | 437132y 74016 588 139) | 4024

as | 708 5 800 0q || 8840i1s | 58Ti1s  T3Sci11 60 119 | 763 o1

98114y | 7720530y 838444y || 885445y | 92247 19004667 995125 | 7781412

PixPro [64] 915, 93.00426) | 73.6(_05 843140) || 8994509) | 607138 80076 751441 | 81044
Chaitanya etal. [S] | 87.3, 90.0 o4 | 765104 849155 | 874n | S3(_us  T0T 11 678 19 | 7131100

RTTGVSETION B G T TR 862 e BT 626 e TR A g

~ GEMINI[22] 924406y 929425 Tlgsa 853450 || 900460 | 617145y 85005106, 7950175 832465
VCL COVER {{]urs} 94.‘]{4_12_23 95-9[4-;":.5} ; 8“«“{_.__:3_1_]] ST«2{+?.H] 899[ +£5.09) 63.6“-,_7} 85.2[_._12_5] 8“.4[4_5_.-1} 84.5{4_3_1}

MoCov2 [9] 84.3
DeepCluster [4] 84.0,
BRCLVADeR 351 852,
DenseCL [60] 85.0,

SetSim [61] 85.2,,

}

}
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DSC-PM [29] 90.5,
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O Observation: Significantly improve the performance across scales and scenes, increasing over 8%
compared with the “Scratch”.

O Conclusion: Our proposed COVER has achieved SOTA performance compared with the existing methods.

Introduction Methodology Experiments Discussion and future work
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Ablation study — Component ablation

| base. L ., ..+VEU (SeVR) .. +VPA _+MVI
DSC% | 91.8 92.9 93.4 94.0

O Observation: The proposed modules are gradually added, and the performance of the
model is gradually improved.

O Conclusion: The proposed modules all have gain effects on the performance.

Introduction Methodology Experiments Discussion and future work
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Ablation study — Hyper-parameter ablation

Receptive field in VEU: N N = 3 X3 DX D 7T X7 9x9
DSC% 44.9 48.4 54.8 35.1

Amount of VEUs in MoV: J J = 2,2,2,1,1] [4,4,4,1,1] [8,8,8,2,2] [12,12,12,3,3]
DSC% 55.3 56.3 54.8 48.6

O Observation for N: Increase and then decrease.
O Explanation for N: A too large N will introduce more ambiguous semantics, misleading the correspondence.

O Observation for J: Increase and then decrease.
O Explanation of J: Too many vectors will smooth the optimization, weakening the discrimination of features.

Introduction Methodology Experiments Discussion and future work
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Model analysis — Implementation analysis

Fine-tuning SCR%* 100 Fine-tuning SCRg 6 Linear SCR®% Linear SCR%%

80

0 Parameters: Our COVER effectively reduces the
fine-tuned parameters.

90 a5 70

a0 60

.- 45 50
401 40
/ — DenseCL .

80

O Finetuning data: Our COVER effectively reduces
the fine-tuning data requirement.

70

Scratch Scratch

— DenseCL 60

— GVSL / — GvsL 3|  — DenseCL 30{| — DenseCL O Pre-training iterations: With the progress of the
107/ — COVER (O S0 — COVER (O — COVER (O — COVER (O .. . .
Lt COVER(Ours | L T COVERGOu | [ T COVERTOM |yl T COVEROM T training iterations, the performance of our COVER
mlgai;le—tuned block amnuntu Fine—timing data amnimt % Iterations x10' FLOPs (G) <107 d “ . d t ” t d t b fl t
a) Scaling of fine- b) Scaling of fine- ¢) Scaling of pre- d) Scaling of gradually Improves and eventually tends to be Tlat.
tuned parameters tuning data training iterations model sizes

0 Mode size: With the enlarging of model size, the
larger capacity enables our COVER to gain more

Figure 4. Implementation analysis: Our COVER has great prop- vowerful representability.

erties on the scaling of a) fine-tuned parameters, b) fine-tuning
data, c) pretraining iterations, and d) model sizes.
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Model analysis — Convergence analysis

«10°  SCR** (2D) x10" STOIC. (3D) «10! _ Pre-training process on ChestX-ray6
1 Scratch "1 — Lo only

40

| | — DensecL e | — LinCOVER |, O Fine-tuning: The network pre-trained by our
s [} | — ovsL 5] — Ly in COVER _ i .
| — COVER (Ours ) COVER exhibits superior convergence ability.

\ Enhance discriminative representation

hahlasdusl
,Cause representation collapse

Training loss
(3~

2
ws O Pre-training: COVER improves the
3 discrimination of the representation.

Consistency 1oss Lo
P s

=
=

0 1 2 3 4 0 1 2 3 4 0 2.5 3 7.0 10 12.5 15 17.5 20
Iterations x1 [terations =1l [terations 1
a) Our COVER effectively promotes b) Vector loss in COVER enhances
convergence ability in fine-tuning discrimination of pre-training

Figure 5. Convergence analysis: a) Our COVER is able to pro-
mote convergence ability in fine-tuning. b) In the pretraining,
the consistency learning causes representation collapse, and when
adding our vector regression, the discrimination is enhanced.
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Model analysis — Distributed clusters from COVER

SCR

KiPA22

Introduction
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Two advantages:
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O Continuous feature distribution preserves feature correlations.

O Effective aggregation provides distinct representation.

Methodology
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Experiments
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Model analysis — Visualization of multi-scale vectors

Appearance Level 0 Level 1 Level 2 Level 3 Level 4 Space
transformed x, ' %;(x.) w' (X, W' (X, w' (X)) w''s(x)  transformed x,

T

AW - g 7 |
Global Corre fice etail correspondence

O In level 0, the DVF predicted from global features can align the images on the whole, driving the learning of
global representation. With the expansion of the scales, the correspondences are gradually refined so the
details between the images are aligned.

Introduction Methodology Experiments Discussion and future work
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Discussion — Theoretical Foundation

B Foundation of Rademacher Complexity
Feature distance: (f(2):, f(x);) <4, Vj e N(i),
Range of distance: (f(z);, f(x);) — anywhere within[—A, A],

Upper bound of &: 0 = S max [(F (@), f(2)5) — (F (@), F(@)n)]-
)

Local Rademacher complexity: %, oca(F) < (Z) Rn(F).
log(l/s)) |

n

Generalization error: R(f) < R(f) + 2%, 10ca(F) + O (

= R(f)<f2(f)+2(%)mn(f)+o( —logrfjl\){s))_

B Over-Dispersion Problem in Binary CL

Distance in BCL: /5. ~ A.

n

BCl’s Generalization error: Rzcr(f) < R(f) + 2%, (F) + O ( log(l/g)) :

Introduction Methodology Experiments Discussion and future work
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Discussion — Theoretical Foundation

B Over-Dispersion Problem in Binary CL

Distance in BCL: 05 ~ A.

BCL’s Generalization error: Rpci(f) < R(f) + 2%, (F) + O ( logél/g)) :

B Vector contrastive learning

NG) yrj eI @id@
v=2=0 ¥ SN@ T @377

VCLloss: Lycr =

Distance in VCL:  dver, = max|(f(x:). f(2;)) = (f (i), f(zr))]

N (i) | N (i) =né1%x\'rlogaj +7log Z — 1log ay, — 7log Z|
Hypothesis: v=> o,V (0; >0,> a; =1), :
J j

=Tn3&£x\log Z—i (15)
. U@t @)) .S <7l 1 A
Inference- i ~ (__}ij, Inference' VCL =T Og Gmin < ’
= 7 = Zj.‘f () (f(@)isf ()5, VCl’s Generalization error:
~ T log - L o e
= (f(x;), f(z;)) = Tloga; + Tlog Z. RVCL(f)SR(f)‘i‘?( Amm)iﬁn(}—)-i-o( log(1/e) gﬁ\{))

Introduction Methodology Experiments Discussion and future work
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Discussion — Theoretical Foundation

0 BCls Generalization error: 0 VClUs Generalization error:

Reci(f) < R() + 2R,(F) + 0 ( log?f}\fg)) = Ryer(f) < R(F) +2 (Tbg,fmi“ ) R (F) + O( N E))

s.t. 5VCL < ’T]Ug ! < A.

Xmin

= Vector CL makes a tighter generalization bound.

Introduction Methodology Experiments Discussion and future work
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Future work 1 — Vector contrastive representation learning

Collapse Ideal dispersion Over dispersion
O
o_ 0 0 4
O <9
o o0
- .. ® 9 o ® , ‘
N N .. A o ®
<4 A ®
. l.: : oo a <4 A
H_ N ®
m_?e 8, re
T similarity /
’—> similarity T — correspondence <— dissimilarit
S N issimilarity
encoder encoder encoder encoder encoder encoder
image image image

Introduction Methodology Experiments Discussion and future work
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Future work 2 — Large pixel-wise medical vision model

Segmentation
Classification
Regression

Detection

Registration

NICT imaging

Introduction Methodology Experiments Discussion and future work
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Thanks for listening
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