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[Goal] Build a new network by connecting instead of creating,.

Two Steps | M% « Local(M§, M*),
M = Clone(My, M, M, R)  emm—) M,  Insert,_o(M;, M4, RP)
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M: Masking parameters
P: Position parameters
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Step I: Localize with Pruning

To model the source M, in the D,

neighborhood, and then wuse the local
model set as the surrogate:

Localize

G = {g:}™) ~ M,|D,
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Quick Review

Step II: Insert with adaptation

The learning-to-insert process with R 1s simplified
as finding the best position:

2 26, (W) o (7))

5_ﬂn1n Liq © ft[?c(a‘l;]\/[f(B -x)),

GB)] + Lig o fi|Fo(A; ME(B - x)), M(B - x)]
RR(L-1)-0 .

OO Fixed Weights @ Learnable Masks ¢
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Data Model Zoo
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Three steps to build a hyper network:

Step I: Determine target network My;
Step II: Clone from the source networks M;
Step III: Finetune the prediction layers;
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The key to PNC is to learn an optimal transferable module!

Source Models

e

o dsecay  Lsocaicy
! Transferable
Rl
Insert( ) l Insert(-)
Target Model
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Transferablity: The extracted transferable module
should contain the explicit knowledge of the to-be-
cloned task T, which could be transferred effectively
to the downstream networks;

Locality: The influence on the cloned model M. out
of the target data D; should be minimized;

Efficiency: Functional cloning should be efficient in
terms of runtime and memory;

Sustainability: The process of cloning wouldn’t do
harm to the model zoo, meaning that no modifica-
tion the pre-trained models are allowed and the cloned
model could be fully recovered.
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 Localize with pruning M} < Local(M%, M*)

e Insert with adaptation ~ M. « Insert,_o(Mg, M4, R?)
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> Localize with pruning: M « Local(M$, M?)

 The localization can be denoted as:

Mf<—M-]V[S<:){m1|'W5@OSl<L}

e  We use the local model set as the
surrogate:

G = {gi}(N) ~ M;|Dy

Localized
Samples

* The localization process could be

B optimized as:
min > MM - Wi b - 0)] = folgi (]I
Ji€G bEB [/ jﬁa /w n
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Method

» Insert with adaptation: M.+ I nsertf;o (Mg, M%, RP)

Source Network
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The process 1s simplified as finding the
best position to insert the transferable
module:

MR « M, (M/t[O:R]) o {Mt’ (M/t[R:L])Mf}

min Lyq © fo| Fe(A; ME (B - %)),
GB)] + Lig © [o[F.(A; ME(B - x)), M(B - x)]

R:(L-1)->0

v’ While training, R is firstly set to be L—1 and then

moving layer by layer to R = 0; L
v" In each moving step, we finetune the ad{/ ryand
the corresponding fully connected layers. | 7/
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[Scenario I] Partial network cloning is a better form for information transmission.

When there is a request for transferring the networks, it 1s better to transfer the cloned network

obtained by PNC as to reduce latency and transmission loss.

[Scenario II] Partial network cloning enables model zoo online usage.

In some resource limited situation, the users could flexibly utilize model zoo online without

downloading 1t on local.
C 9))
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Acc on MNIST (LeNet5, #3 Steps) Acc on CIFAR-10 (ResNet-18, #5 Steps)
Method Ori.-S Tar.-S Avg.-S | Ori.-M Tar.-M Avg.-M Ori.-S Tar.-S Avg.-S | Ori.-M Tar.-M Avg.-M
Pre-trained 99.7 99.5 99.7 99.7 99.5 99.6 95.9 97.2 96.1 95.9 97.6 96.5
Joint+Full Set 99.8 98.3 99.6 99.7 99.3 99.5 95.2 96.8 95.5 94.4 95.1 94.7
Continual 83.4-10.1 100.0+173  86.2-55 65.1-279 98.8+168  77.7-112 67.7+28 97.2+26 75.3-148 92.8+187  78.2+166 87.32.1
Direct Ensemble 94.6+1.1 56.1-26.4 88.235 94.6+1.6 81.9-0.1 89.8+0.9 90.5+4256  39.3553 82.0+12.1 90.5+164  43.8-178 73.0+36
Continual+KD 93.5 82.7 91.7 93.0 82.0 88.9 64.9 94.6 69.9 74.1 61.6 69.4
PNC-F (w/o Local) 87.7538 100.0+17.3  90.0-1.7 90.9-2.1 98.2+16.2 93.6+4.7 88.6+23.7 97.3:27 90.1+20.2 85.5+11.4  95.84342  89.4+20.0
PNC-F (w/o Insert) 86.9-6.6 100.0+17.3  89.1-26 90.4-26 97.7+157 93.1+4.2 86.1+21.2 96.8+2.2 87.9+18.0 86.0+11.9  96.2+346  89.8+304
PNC-F (full) 88.55.0 99.7+17.0 90.4-26 91.1-19 08.8+16.8 94.04+5.1 83.0+18.1 96.5+1.9 85.3+15.4 85.4+11.3 95.5+339  89.2+19.8
PNC (w/o Local) 93.6+0.1 96.2+135 94.0+23 92.9-0.1 94.0+120  93.3+44 90.5+25.6 93.9.0.7 91.7+21.8 | 87.1+13.0  94.6+33.1  89.9+298
PNC (w/o Insert) 92.8-0.7 99.5+16.8 93.9+2.2 91.9-1.1 97.3+15.3 93.9+45.0 89.5+24.6 94.4.0.2 90.3+20.4 89.2+15.1 9474332  91.3+21.9
l PNC (Ours, full) 96.4+2.9 99.7+17.0  97.0+53 96.2+32 97.815.8 96.8+7.9 94.9:300  95.5+09 95.0+25.1 93.7+196  94.5+329  94.0+246
Acc on CIFAR-100 (ResNet-50, #5 Steps) Acc on Tiny-ImageNet ( ResNet-18, #5 Steps)
Method Ori.-S Tar.-S Avg.-S | Ori.-M Tar.-M Avg.-M Ori.-S Tar.-S Avg.-S | Ori.-M Tar.-M Avg.-M
Pre-trained 80.0 80.3 80.1 80.0 77.2 79.0 71.3 67.6 70.7 71.3 68.9 70.4
Joint+Full Set 78.0 74.9 77.5 76.3 77.9 76.9 63.1 60.8 62.7 63.7 61.6 62.9
Direct Ensemble 59.362 46.4-263 57.296 56.0-18.4 46.4-26.6 52.4215 58.0+0.8 35.9205 543238 50.693 30.2-279 43.0-16.3
Continual 52.3-132 79.4+6.7 56.899 58.8-15.6 78.0+5.0 66.0-7.9 54.6-2.6 70.1+13.7 57.2+0.1 55.940 64.9+6.8 59.3+0.1
Continual + KD 65.5 72.7 66.7 74.4 73.0 73.9 57.2 56.4 57.1 59.9 58.1 59.2
PNC (w/o Local) 72.2+6.7 70.423 71.945.2 75.7+13 68.34.7 72.9-1.0 65.6+8.4 52.5-39 63.4+6.4 56.435 55.922 56.2-30
PNC (w/o Insert) 63.223 76.1+3.4 65.413 66.1-83 76.0+3.0 69.8-4.1 60.7+3.5 63.5+7.1 61.2+4.1 58.8-1.1 60.9+2.8 59.6+0.4
[ PNC (Ours, full) 76.7+112 749422  76.4+9.7 76.9+25 76.5435 76.8+2.9 63.2+6.0 60.7+43 62.845.7 63.5:36  60.4+23 62.3:3.1 l
# Overall performance on partial network cloning on MNIST, CIFARI10, CIFARI100 and Tiny-ImageNet datasets IR\
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# The similarity matrix maps.
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Thanks for Watching !

Presenter: Jingwen Ye
Feel free to contact me: jingweny(@nus.edu.so
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