.cTS{'L
5 *'NEURAL INFORMATION
';ci. , PROCESSING SYSTEMS
[ J

Safeguarding Mutual Correction in
Source-Free Domain Adaptation via Cut Statistics

26’ NIPS
Seongjun Lee, Changhee Leet

Seongjun Lee
Graduate Student, @Korea University

pyoung7307@korea.ac.kr



.Q“TE.'&;&!‘-,
},‘ NEURAL INFORMATION

Unsupervised Domain Adaptation (UDA) i PROCESSING SYSTEwS
Source Domain Dy Target Domain D,

- How to adapt without
u target Iabels?>

N N
X0, ¥i}i=1 pretrained Model Xi}i=1

 UDA: Adapt a source-pretrained model to an unlabeled target domain.

* Key assumption: Source data remain accessible during adaptation.
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Source Free Domain Adaptation (SFDA) B PrOcESSNG SYSTENS
I Source Domain Dy (&) Target Domain D,

x Source Data

: 4| Unlabeled target data
Pretrained model . g

* Real-world high-stakes scenarios: Access to the original source data may be restricted due to privacy and regulatory
constraints.

* Key question: How can a source-pretrained model adapt to an unlabeled target domain without access to source data”?
3
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SafeCut

External knowledge sources can help mitigate the systematic errors of self-refinement.

HOWEVER, a key question remains:

How should the source-pretrained model (target model) and the external knowledge
source interact to effectively correct each other?

I models I
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Correction vs. Miscorrection W,

* 0;:target model (t denotes the target model)
* 0, :peer model (i.e. an external knowledge source) (v denotes the target model)
« C;={x€D,:y;(x) =y(x)}wherei € {t,v}, C;={x€D,:y;(x)# y(x)} wherei€ {t, v}

* SCCZ Ctﬂcv, SCZ‘ — CtﬂEv, SZ‘C =Etﬂcv, Sz-z- =EtﬂEv

0, Prediction - - - - - = == -=====-==-=" r

Correct Incgrrect I' correction for Szc : Supervise 8, by 0, (6,, — 0,) I

c -'g e ~ >SN : Miscorrection for S;. : Supervise 6., by 6, (6, — 0.,,) I

O £ Sc=0CNnCy (‘SEC =C, NGy ! e e e e e e e e e e e e e e e e o = = I

< 0O N e m —— —— —— = = = = = = = = = = = = = ———
.2 o —_— e == - I

g O~ ~ | . . :

& O ' S L : Correction for S.; : Supervise 8, by 0, (6; — 0.,) I

<& S 1\5@ =C; N Cv) Sez=C:NC, : Miscorrection for S : Supervise 8; by 0,, (0, — 0;) l

T - e l

However, target labels y(x) are unavailable.
Therefore, these oracle partitions are unobservable. 6
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20 = ) wxx) 1F = 5@

x'EN g (x)
« i €[t V}
* Xx' € Nkg(x) : K-nearest neighbors of x
* w(x, x') : distance-based weighting function (closer neighbors receive higher weights)
Intuition)

* Low cut statistic for x - prediction agrees with nearby samples (Locally smooth)
* High cut statistic for x = prediction disagrees with nearby samples (Locally non-smooth)
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Lower Cut Tends to Be More Accurate R

..
L]
o
0?

Afg) < ¢

9 0 L
° 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 ° 00 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
V4 Zt z Zt
=@= target model “d&= peer model target v, peer X peer v, target X =@= target model == peer model target v, peer X peer v, target X

(a) C1 — Pr (Office-Home) (b) S — C (DomainNet-126)

Observation 3.1. (Approximate Monotonicity) For both 0; with i € {t, v}, prediction accuracy is
approximately monotonically decreasing with respect to the cut statistic z;.

* Keyimplication : Lower cut — high prediction accuracy (approximately)
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Which model should we trust? I

*
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zZ Zt Zt
=@= target model @ peer model target v, peer X peer v, target X =@= target model = peer model target v, peer X peer v, target X
(a) C1 — Pr (Office-Home) (b) S — C (DomainNet-126)

Observation 3.1. (Approximate Monotonicity) For both 0; with i € {t, v}, prediction accuracy is
approximately monotonically decreasing with respect to the cut statistic z;.

* Key implication : Lower cut — high prediction accuracy (approximately)

e Cut-margin
g AG) = 2,(0) - 2,®)

« A(x) > 0:0, is more likely to be reliable.
« A(x) < 0:0,is more likely to be reliable.
« Larger |A(x)| — stronger reliability gap

Can a sufficiently large reliability gap guarantee beneficial mutual correction?
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Sez(7) ={z €Dy : Ax) 27}, Salé) = {z € D;: Az) < —£}. 3)
Proposition 3.1 (Reliability-Separated Regions). There exist baseline margins g, £ such that:
P(j: =y | € Sec(10)) > P(fo = y | % € Sec(0)) @)

]P(Qv =Y | S Séc(é-O)) > P(@t =Y | x € SEC(&O))' (5)

Please refer to Appendix|A.1 for the full proof of Proposition 3.1|

Theorem 3.1 (Correction Dominance). For the baseline margins 7o, & satisfying Proposition 3.1:

P(gr =y Ao Y| 2 € Sec(10)) >P(§t ZYyAGo =y | T € Sec()), (6)
P(Jo =y At £y |2 € Sec(€0)) > P(du Zy A =y | T € Sac(&))- (7)

Please refer to Appendix A.1 for the full proof of Theorem 3.1

Corollary 3.1 (Margin-Driven Strict Dominance). For sufficiently strict margins Ysyrict, Estrict, the
ratio of true correction to miscorrection increases compared to the baseline margins o, &p:

P(Qt =1y A ’Qv ?é Yy | T e Scé(’}’stricz)) > P(?jt =Y A 3}1} 7é Yy | S ‘SA'CE(’)(O)) > 1 (8)
PG ZYyAbo =y | T € Scc(Yotricr)) PGt #yAdo =y |z € Sca(0))

An analogous result holds for 35,3( -) with thresholds &y and Eyict. 0
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From Theory to Practice RSN ATAR

Sec() ={z €Dy : Alz) > v}, Sz(f) ={z €D, : Az) < —£}. (3)

Optimal Thresholds
HOWEVER selecting optimal thresholds y and ¢ is infeasible in a fully unlabeled setting.

To bridge this gap, we replace hard thresholding with a soft gating mechanism that
assigns a supervision weight monotonically increasing in the cut margin |A(x)|

. . G
PGt #yAGo =y | 2 € Secc(Ystrir)) ~ PGt ZyANGo =y | T € Scz(0))

An analogous result holds for SEC( -) with thresholds &y and Eyict. .
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ComEute cut statistics in latent space o

Zxre]\flgnut(x) eXp(_d(¢i(x)r¢i(x,))) 1[y;(x) # ¥i(x')]
iyt it iy exp(—d(¢;(x), ¢;(x)))

Zi(x) =

* ¢;(x) : penultimate-layer representation of model i
* d(-):cosine distance
e x' € V@ (x) : mutual K-nearest neighbor of x (i.e. x € Ny (x) and x € Ny (x"))

* The reliability score

r;(x) = exp(—z“l-(x)) € (0,1]
Lower cut — higher reliability score

* Note) Naively updating the cut statistics requires an additional forward pass over the entire target dataset at every
epoch. To avoid this overhead, we reuse latent features cached from the previous epoch. So, we further stabilize it
with EMA:

Tﬂfe) = mr(e Dia- m)r(e) -
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Margin-based Reliabilitx-Gated SuEervision

Ty (®) = 0 (B(Fo(2) = 7o) ), Teop(®) = 0(B(Fe(x) — 7(1)))

o denotes the sigmoid function and T,,_,;(x) + T,_,,,(x) = 1 by the symmetry of the sigmoid.
B determines the weight sharpness

Gating the cross supervision

Léross(X) = Tyrt(X) - Dy, (s8(0) I ), Loss (X) = Ty, (X) - Dy (sg(pe) 1l py)

Temporal Anchoring
Lanc(x) = Tt—m(x) ) DKL(ﬁt Il pt)' Lch (.X') — Tv—>t(x) ) DKL(ﬁv Il pv)

P; denotes the predictions from the previous epoch.

Overall objective

L = El?a: [Tyt - Dxr(sg(py)||pt) + Timw - DKL(ﬁt”pt)l"‘a\IIC['IIC — AaivH (Pt) (13)

-

sample-wise supervision batch-wise ;ergularization
Ly =Eqg [Ty - Dri(sg(pe)llpo) + Tomse - Dxu(Bollpo)] + AuicLuc — AawH (Do) (14) .

sample-wise supervision batch-wise regularization
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* Main Benchmark Evaluation
* Datasets : Office-31, OfficeHome, DomainNet, VisDA
» Target Model : ResNet-50 (Office-31, OfficeHome, DomainNet) / ResNet-101 (VisDA)
* Peer Model : CLIP ViT-B/32 with Context Optimization(CoOp)
* Protocol : Closed-set SFDA | Metric: Accuracy (%) | Last-epoch evaluation

* Peer Model Generality Experiment
* Target Model : ResNet-50
* Peer Model : ResNet-50 pretrained on a different source domain
* Goal: Test whether SafeCut works beyond VilL-based peers

* Ablation & Training Dynamics Analysis

* Healthcare Scenarios
* Datasets:
* Wilds-Camelyonl17 : histopathology binary classification
 EyePACS—APT0S2019 : diabetic retinopathy severity classification

e Goal : Evaluate SafeCut under weak Vil transfer in high-stakes scenarios.
14
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Experiments: Main Benchmark Evaluation "Y

Table 2: Comparison on the Office-Home and VisDA datasets (Acc, %).

Method Venue | Office-Home | VisDA
|Ar—>Cl Ar—Pr Ar—Rw Cl—Ar Cl—Pr Cl-Rw Pr—+Ar Pr—Cl Pr—+Rw Rw—ArRw—Cl Rw—Pr Avg. | Sy—Re

Source - | 436 670 739 499 602 626 517 409 726 641 463 781 592 | 491
Table 1: Closed-set SFDA results (Acc, %) on Office-31. SHOT ICML20| 552 785 813 689 790 788 682 543 817 735 591 836 718718 8231829
NRC NIPS21 | 547 771 794 647 762 753 633 536 788 702 565 825 69.4/722 | 83.4/859
Method Vemue | A-D A—W D—A D—-W W—A WD | Avg AaD NIPS22 | 577 785 808 680 796 789 665 56.6 816 709 573 837 71.7/727 | 78.8/88.0
Source _ 79.1 76.5 599 95.5 61.4 08.8 78.5 AdaCon CVPR22| 495 761 770 635 732 744 607 47.1 779 678 497 803 664/~ | 67.21787

CoWA ICML22| 567 790 809 686 787 798 681 556 826 724 617 836 723/725]84.3/86.9
SHOT  ICML20| 944 884 732 967 749 99.8 |87.9/88.6 PLUE CVPR23| 463 619 716 592 637 658 580 443 721 630 492 766 610/~ |86.6/90.0
NRC NIPS21| 924 941 756 972 746 08.6 [88.7/89.4 ELR ICLR23 | 559 776 799 614 768 765 624 533 809 689 587 836 69.7/72.6|85.8/85.8
AaD NIPS22 | 87.6 86.5 58.9 920.6 58.7 90.6 |78.8/89.9 DIFO-V CVPR24| 70.7 905 892 824 902 892 806 71.1 894 829 71.0 91.0 83.2/83.1 | 89.8/903
AdaCon CVPR22| 87.8 863 713 967 672 976 | 84.5. ProDe-V ICLR25 | 71.8 922 905 827 916 906 824 728 908 828 727 920 84.4/345]|90.6/91.0

CoWA ICML22| 88.0 90.9 74.6 98.1 75.8 994 |87.8/90.3 SafeCut NIP526| 769 930 919 859 925 916 850 767 920 857 761 932 86.7 | 90.9
PLUE CVPR23| 894 89.2 70.6 97.1 67.8 96.6 | 85.1/- Table 3: Comparison on the DomainNet dataset (Acc, %).

ELR ICLR23| 92.2 92.2 76.5 97.4 76.1 99.6 |89.0/89.6

DIFO-V CVPR24| 962 950 832 961 830 992 [92.1/925 Method  Venue | DartainNet

ProDe-V ICLR25| 96.8 96.6 829 972 820 99.0 |92.4/926 | coP Cc—»R C—=S P»C PR P28 RC RSP R3S SC  S—P SR A
SafeCut NIPS26| 98.6 952 839 982 833 100.0 | 93.2 Source - | 447 599 475 533 753 462 551 626 464 552 508 596 547

SHOT ICML20 | 63.1 78.6 60.1 68.4 80.7 62.0 68.0 68.3 58.7 70.8 64.9 77.7 68.4/-
NRC NIPS21 | 60.0 75.7 554 59.6 80.8 58.0 60.0 67.3 54.3 66.9 65.0 77.7 65.1/-
AaD NIPS22 | 624 79.1 593 67.1 81.6 62.6 69.7 66.7 58.7 71.1 63.6 79.7 68.5/-
AdaCon CVPR22| 56.9 64.1 51.9 57.5 64.9 52.9 60.7 64.4 51.5 62.7 60.1 61.1 59.0/-
CoWA  ICML22| 64.7 80.6 63.0 70.1 80.6 64.3 70.5 69.5 63.1 T1.7 67.3 80.0 70.5/~
PLUE CVPR23| 55.5 62.0 53.9 572 68.4 53.0 58.5 61.8 523 60.8 58.5 65.6 58.9/-
ELR ICLR23 | 64.8 76.1 61.3 66.7 81.8 63.7 69.1 69.2 62.0 723 66.8 77.5 69.3/79.4
DIFO-V CVPR24| 76.5 87.8 754 78.8 87.7 75.7 80.0 77.3 75.6 79.2 76.4 87.8  79.9/80.0
ProDe-V ICLR25 | 80.9 91.5 774 84.1 91.3 76.9 84.2 81.3 76.6 84.0 81.2 91.2 83.4/85.0

SafeCut NIP826| 828 923 818 862 922 81.0 869 829 81.7 86.6 83.0 923 85.8

15
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Table 4: Mutual correction between two ResNet-50 models from different source domains (Office-
Home, Acc, %). Bef./Aft.: accuracy before/after adaptation.

Target: Ar ‘ Target: Cl | Target: Pr ‘ Target: Rw

01 02 01 02 01 02 01 02
0, 0 |Bef. Aft. |Bef. Aft. || 8, 6, |Bef. Aft. |Bef. Aft. || 0, 02 |Bef. Aft. | Bef. Aft. || 0; 05 |Bef. Aft. |Bef. Aft.

Cl Pr 499 72.2|51.7 722 || Ar Pr |43.6 59.8(409 599 || Ar CI |67.0 81.3/60.2 81.2|| Ar Cl |73.9 83.1[62.6 83.1
Cl Rw|[499 758|64.2 758 || Ar Rw|43.6 61.7 463 61.6| Cl1 Rw|60.2 86.4|78.1 86.4| Ar Pr |739 84.3|72.6 84.2
Pr Rw|51.7 744|642 744 || Pr Rw 409 60.4|463 604 | Ar Rw|67.0 83.0|78.1 83.0(| Cl Pr |62.6 839 |72.6 839

16
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Experiments: Ablation

Table 5: Ablation and sensitivity analysis (Avg. Acc, %).

L.: cross-supervision KL, £,: temporal anchoring.

(a) Component ablation (b) Variant

031 OH DN Variant 031 OH DN
L.=0,L,=0 91.2 81.8 72.1 Frozen @, 89.0 84.8 84.6
Lo=0,L,=1 91.283.378.7 Entropy gating  |92.5 86.3 85.0
Le=1,L,=0 92.4 86.0 83.6 SafeCut 93.2 86.7 85.8
Le=1,L,=1 92.1 86.2 84.3  Oracle partition S|96.0 93.3 92.7
SafeCut 93.2 86.7 85.8

(d) S sensitivity (OH)

(c) CLIP adaptation 3 OH

031 OH DN 2 86.7
Zero-shot 79.4 79.0 80.2 4 86.6
Adapted 92.8 85.8 84.0 6 86.7

W

]
..
L]
o
0?

17



Experiments: Qualitative Analysis

6:v 6, B:v0,X 6:X6,v 6:X6,X
g 1.0 r % 0.1 r 1% 0.4 r % 0.2 f v
£ 91.7%
o
Epoch 50 Epoch O Epoch 50 Epoch O Epoch 50 Epoch O Epoch 50

0.6 0.6 0.6
504 0.4 0.4

0.6
0.4
o
0.2 0.2 0.2 0.2
h—_

0 10 20 30 40 0 10 20 30 40 0 10 20 30 40 0 10 20 30 40
Epoch Epoch Epoch Epoch

— Avg. Cut (8,) line [ Proportion @Epoch 50

= Avg. Cut (8;) line [0 Proportion @Epoch 0

Figure 3: Correctness pattern (top) and average cut trajectories (bottom) on Office-Home
Cl—Pr. Samples are grouped by their initial state and tracked throughout adaptation.
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o Pearson Corr. = -0.81
21
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Q@
O
40 48 56 64

Prediction Agreement (%)

Figure 4: Peer complementarity. Predic-
tion agreement vs. adaptation gain in the
dual-ResNet setting of Table 4|
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Table 6: SFDA on Camelyonl7 (Acc, %).

Table 7: EyePACS—APTOS2019 (Acc, %).
Method | Target CLIP

Method | Target CLIP
Source | 64.14 50.01

Source | 39.0 254
ProDe 76.27 50.00
Lo=1,L,=0 77.29 77.20 ProDe 352 35.3
Lo=1,L,=1 87.96 87.78 SafeCut 46.0 45.9
SafeCut | 94.96 94.20

19
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1. Extension to a multi-peer setting
2. Connection to knowledge distillation in LLMs

3. Theoretical analysis of fixed-point convergence in mutual correction

20



NEURAL INFORMATION
1., PROCESSING SYSTEMS

Thank you

21

arXiv_SafeCut



	Slide 1: Safeguarding Mutual Correction in Source-Free Domain Adaptation via Cut Statistics
	Slide 2: Unsupervised Domain Adaptation (UDA)
	Slide 3: Source Free Domain Adaptation (SFDA)
	Slide 4: Related Work
	Slide 5: Related Work
	Slide 6: Mutual Correction:  Correction vs. Miscorrection
	Slide 7: Key Concept : Cut statistics
	Slide 8: Observation: Lower Cut Tends to Be More Accurate
	Slide 9: Observation: Which model should we trust?
	Slide 10: Theoretical Structures
	Slide 11: From Theory to Practice
	Slide 12: SafeCut: Compute cut statistics in latent space
	Slide 13: SafeCut: Margin-based Reliability-Gated Supervision
	Slide 14: Experimental Setup
	Slide 15: Experiments: Main Benchmark Evaluation
	Slide 16: Experiments: Peer Model Generality
	Slide 17: Experiments: Ablation
	Slide 18: Experiments: Qualitative Analysis
	Slide 19: Experiments: Healthcare Scenarios
	Slide 20: Future Work
	Slide 21: Thank you


   𝒟 𝒔


   𝒟 𝒕


  {  𝒙 𝒊 ,  𝒚 𝒊  }  𝒊 = 𝟏 𝑵


  {  𝒙 𝒊  }  𝒊 = 𝟏 𝑵


   𝒟 𝒔


   𝒟 𝒕


   𝜽 𝒕


  𝒕


   𝜽 𝒗


  𝒗


   𝑪 𝒊 = { 𝒙 ∈  𝓓 𝒕   :    𝒚 ^ 𝒊  ( 𝒙 ) = 𝒚 ( 𝒙 ) }


  𝒊 ∈ { 𝒕 , 𝒗 } ,          𝑪 - 𝒊 = { 𝒙 ∈  𝓓 𝒕   :    𝒚 ^ 𝒊  ( 𝒙 ) ≠ 𝒚  ( 𝒙 ) }


  𝒊 ∈ { 𝒕 , 𝒗 }


   𝓢  𝒄 𝒄 =  𝑪 𝒕 ∩  𝑪 𝒗 ,      𝓢  𝒄  𝒄 - =  𝑪 𝒕 ∩    𝑪 - 𝒗 ,      𝓢   𝒄 - 𝒄 =    𝑪 - 𝒕 ∩  𝑪 𝒗 ,      𝓢   𝒄 -  𝒄 - =    𝑪 - 𝒕 ∩    𝑪 - 𝒗


   𝓢  𝒄 𝒄 =  𝑪 𝒕 ∩  𝑪 𝒗


   𝓢  𝒄  𝒄 - =  𝑪 𝒕 ∩    𝑪 - 𝒗


   𝓢   𝒄 - 𝒄 =    𝑪 - 𝒕 ∩  𝑪 𝒗


   𝓢   𝒄 -  𝒄 - =    𝑪 - 𝒕 ∩    𝑪 - 𝒗


   𝜽 𝒕


   𝜽 𝒗


   𝒮   𝒄 - 𝒄


   𝜽 𝒕


   𝜽 𝒗


   𝜽 𝒗 →  𝜽 𝒕


   𝒮   𝒄 - 𝒄


   𝜽 𝒗


   𝜽 𝒕


   𝜽 𝒕 →  𝜽 𝒗


   𝒮  𝒄  𝒄 -


   𝜽 𝒗


   𝜽 𝒕


   𝜽 𝒕 →  𝜽 𝒗


   𝒮  𝒄  𝒄 -


   𝜽 𝒕


   𝜽 𝒗


   𝜽 𝒗 →  𝜽 𝒕


  𝒚 ( 𝒙 )


   𝒛 𝒊  ( 𝒙 ) =  ∑   𝒙 ′ ∈  𝒩 𝑲 ( 𝒙 )  𝒘  (  𝒙 ,  𝒙 ′ ) ⋅ 𝟏 [    𝒚 ^ 𝒊  ( 𝒙 ) ≠    𝒚 ^ 𝒊 (  𝒙 ′ ) ]


  𝒊 ∈ [ 𝒕 , 𝒗 }


   𝒙 ′ ∈  𝒩 𝑲 ( 𝒙 )


  K


  x


  𝒘 ( 𝒙 ,    𝒙 ′ )


  𝒙


  𝒙


  →


  →


  𝚫  ( 𝒙 ) =  𝒛 𝒗  ( 𝒙 ) −  𝒛 𝒕 ( 𝒙 )


  𝚫  ( 𝒙 ) > 𝟎  


   𝜃 t


  𝚫  ( 𝒙 ) < 𝟎


   𝜃 v


   |  𝚫  ( 𝒙 ) | →


  𝜸


  𝝃


  | 𝚫  ( 𝒙 ) |


     𝒛 ^ 𝒊  ( 𝒙 ) =    ∑   𝒙 ′ ∈  𝒩 𝑲  mut ( 𝒙 )  exp ( − 𝒅  (   𝝓 𝒊  ( 𝒙 ) ,  𝝓 𝒊  (   𝒙 ′ ) ) ) ⋅ 𝟏 [    𝒚 ^ 𝒊  ( 𝒙 ) ≠    𝒚 ^ 𝒊 (  𝒙 ′ ) ]   ∑   𝒙 ′ ∈  𝒩 𝑲  mut ( 𝒙 )  exp ( − 𝒅  (   𝝓 𝒊  ( 𝒙 ) ,  𝝓 𝒊  (   𝒙 ′ ) ) )


   𝝓 𝒊 ( 𝒙 )


  i


  𝒅 ( ⋅ )


   𝒙 ′ ∈  𝒩 𝑲  mut ( 𝒙 )


  K


  x


   x ′ ∈  𝒩 K  ( x )


  x ∈  𝒩 K (  x ′ )


   r i  ( x ) = exp  (  −    z ^ i  ( x ) ) ∈ ( 0 , 1 ]


  →


     𝒓 - 𝒊  ( 𝒆 ) = 𝒎    𝒓 - 𝒊  ( 𝒆 − 𝟏 ) +  (  𝟏 − 𝒎 )  𝒓 𝒊  ( 𝒆 )


   𝑻  𝒗 → 𝒕  ( 𝒙 ) = 𝝈  (  𝜷  (     𝒓 - 𝒗  ( 𝒙 ) −    𝒓 - 𝒕  ( 𝒙 ) ) ) ,         𝑻  𝒕 → 𝒗  ( 𝒙 ) = 𝝈 ( 𝜷  (     𝒓 - 𝒕  ( 𝒙 ) −    𝒓 - 𝒗  ( 𝒙 ) ) )


  𝝈


   𝑻  𝒗 → 𝒕  ( 𝒙 ) +  𝑻  𝒕 → 𝒗  ( 𝒙 ) = 𝟏


  𝜷


   ℒ  𝒄 𝒓 𝒐 𝒔 𝒔 𝒕  ( 𝒙 ) =  𝑻  𝒗 → 𝒕  ( 𝒙 ) ⋅  𝑫  KL ( sg  (   𝒑 𝒗 ) ∣ ∣  𝒑 𝒕 )   ,     ℒ  𝒄 𝒓 𝒐 𝒔 𝒔 𝒗  ( 𝒙 ) =  𝑻  𝒕 → 𝒗  ( 𝒙 ) ⋅  𝑫  KL ( sg  (   𝒑 𝒕 ) ∣ ∣  𝒑 𝒗 )


   𝓛  𝒂 𝒏 𝒄 𝒕  ( 𝒙 ) =  𝑻  𝒕 → 𝒗  ( 𝒙 ) ⋅  𝑫  𝑲 𝑳 (    𝒑 ~ 𝒕 ∣ ∣  𝒑 𝒕 )   ,     𝓛  𝒂 𝒏 𝒄 𝒗  ( 𝒙 ) =  𝑻  𝒗 → 𝒕  ( 𝒙 ) ⋅  𝑫  𝑲 𝑳 (    𝒑 ~ 𝒗 ∣ ∣  𝒑 𝒗 )


     𝒑 ~ 𝒊


  →

