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Multi-Instance Partial-Label Learning (MIPL)

MIPL! can be seen as a generalized framework of multi-instance learning
and partial-label learning. In MIPL, a training sample is represented as a
multi-instance bag associated with a bag-level candidate label set, which
comprises a ground-truth label along with several false positive labels.
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Figure: The framework of MIPL. Figure: colorectal cancer classification
(sourced from CRC-MIPL dataset).

Tw. Tang, W. Zhang, M.-L. Zhang. Multi-instance partial-label learning: Towards exploiting dual inexact supervision.
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Motivation & Contribution
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Figure: A brief illustration of DEMIPL.

The scheme based on the instance-space paradigm may be suboptimal as
global bag-level information is ignored and the predicted labels of bags are
sensitive to predictions of negative instances.

> Algorithm: we propose the first algorithm, named DEMIPL, based on
the embedded-space paradigm for MIPL.
> Dataset: we introduce a real-world MIPL dataset CRC-MIPL for col-

orectal cancer classification.
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The Framework of DEMIPL
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Figure: The framework of DEMIPL.

Two key procedures in DEMIPL:
> Feature aggregation: disambiguation attention mechanism
> Label disambiguation: momentum-based disambiguation strategy
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Disambiguation Attention Mechanism

We propose a multi-class attention mechanism to calculate the attention
score a; j of x; j as follows:

1
- (1
% 1+exp{—WT (tanh (W, h; j + b,) © sigm (W, h;j + b,))} (1)

To ensure that the attention scores of positive instances should be higher
than those of negative instances, the proposed attention loss is shown below:

m n;
Ea:—%zz‘aidlogau. (2)

i=1 j=1
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Momentum-based Disambiguation Strategy

We propose momentum-based disambiguation loss to accurately identify the

ground-truth label from the candidate label set:

m k
_1 ©g (£ ,0) .
= =33 wide (f99),s1) .
i=1 c=1
Initialize the weights:

(0) _ |§i| if Yi,c €S,
Wi 0 otherwise,

where |S_| is the cardinality of the candidate label set S;.

Update the weights:

(0,0
\®y (t D (10 & ifYi.eS;,
:(t:) - ( )2163, Jt( t)) | ’

0 otherwise,

where t refers to the t-th epoch and A(t) = %

(3)
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Experimental Results
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Table: Accuracy on the CRC-mIPL.

Algorithm | r | MNISTmir___FMNISTMipL_Birdsong-MIPL___SIVAL-MIPL Algoritin [ CRCMPLRow CRCMPLSN CRCMILiokewsee CRCMPLSIT
T| 097620.008 08810021  0.744£0016  0.63520.04 EMIPL 43604 3 =
DEMIPL | 2| 094340027  0.823+0028  0.701£0.024  0.554+0.051 MipLGP | 0432:£0.0030 ”‘3351"'0‘3:" 0.329+0.012¢ =
3| 0709+0088 065740025 069640024 0.503+0018 PRODEN | 0365 03920008 02330018 033450020+
1 [ 0.949+0.016e  0.847+0.030e  0.716+0.026e  0.669+0.0190 RC 021 0.24240.012¢ 0.2264-0.009¢ 0.20940.00
MipLGP 2 | 0.817+0.030e  0.79140.027¢  0.67240.015¢  0.613+0.0260 Lws 0.291£0.010e  0.3100.0068 0.237+0.008e 0.270+0.00°
3 | 0.621+0.064e 0.670+0.052 0.6254+0.015¢  0.569+0.0320 PL-AGGD 0.41240.008  0.480+0.005¢ 0.35840.008e 0.363+0.01
Mean MaxMin
T [ 0.60550.023s  0.697£0.042¢ 0.296:0.014e 0.219=0.014 PRODEN PRt S o B RRS T 4
PRODEN | 2 | 0.4810.036s  0.5730.026e  0.272::0.019  0.184:0.014e s 0325000058 g 0247500058 #P 023000076
3 | 0.283:0.028¢  0.345:£0.027¢  021120.013s  0.166::0.017s PLAGGD. 0524400080 043440009  0.285:0.0096
T [ 0658£0.03Ts 0.753£0.042¢ 036220015 0.2792001Te
RC 2| 0598+0.033s  0.649:0.028  0.335:£0.011e  0.258=0.017¢
3 | 0.392:0.033e  04012:0.063e  0.298::0.009  0.237::0.020e =D T 1570 1
T | 0.46320.048 0.72620.03s 0.265L0.010s 0.2400014e ") n] [ﬂ o e
Lws 2| 0209+0.028¢  0.720+0.025s  0.254:£0.010s  0.223:0.008e | L 1 Ik il
3 | 0.205£0.013e  0.579:0.041e  0.237+0.005s _ 0.194::0.026e B W O B G
T [ 067120027 0.74310.026s 0.35320.019 0.35520.015s 2wl sl Lol 1
PL-AGGD | 2 | 0.595£0.036s  0.677+0.028e  0.314:£0.018e  0.315£0.019 “T] 7L Il
3] 0380£0.032¢  0.4740.057e  0.296::0.015 _ 0.286-0.018e oS s n e w T
MaxMin 10) s attention score (epoch 100)
T ] 0508£0.024e 0.424£0.045s 0.38720.014s 0.31620.019% H . fetr H
PRODEN | 2 | 0.400£0.037¢ 0377+0.040s  0.357-+0.012  0.287+0.024e Figure: The frequency distribution.
3 | 03450048  0.309+£0.058¢  0.336:0.012¢  0.250::0.0186
1] 051950028 0.731£0.027s 0.39020.014e 0.30620.023¢ P e Binteo
RC 2| 0.469+0.0358  0.666:£0.027¢  0.371::0.013e  0.288=0.021e o ET ¢
3 | 0.380:£0.048¢  0.5240.034e  0363:0.010s  0.267:0.020e e o
T [ 024220042 0.435E0.049 0.22520.038s 0.2890017s o
Lws 2| 0239+0.0486  0.406:£0.040s  0.207::0.034e  0.271=0.014e 2, o veun .
3| 0.218+0.017e  0.31840.064e  0.21640.029¢  0.244+0.023e o Doy ¢
T [ 052720035 0391£0.040s 0.38320.014s  0.39720.028e i o : t L B
PL-AGGD | 2 | 0.439£0.0200  0.371£0.037  0.372£0.0200  0.360-:0.02:  (3# the false positive labels) 7 (# the false positive labels) (3 the false positive labels)
3| 0.321:0.043e 032700280 0344:0.011s  0.328::0.023e

Figure: Accuracy of DEMIPL and variants.

DEMIPL outperforms the compared algorithms in 96.3% of cases on benchmark datasets

and in 88.6% of cases on the CRC-MIPL dataset.

Both the attention loss and momentum-based disambiguation strategy are conducive to
improving accuracy.
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Thank you for listening!

More resources are available at http://palm.seu.edu.cn/zhangml/
and https://github.com/tangw-seu/DEMIPL.

Codes & Datasets GitHub
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