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1. Updates for VGPMIL

As we derive the updates of the variational distributions,
we drop all independent terms from the equations and use
the notation a = b to mean a = b up to an additive constant.

Updating g(u). Equation 9 gives us as the optimal update

for q(u)

log q(u) = (log p(ylf)) + log p(u).

To derive an analytical solution we need to apply the
Jaakkola bound on the first term

<Zlogp ynlfn)>

>Zyn fn - fn>+£n

= M&n) ((f2) - 52)
= (fa) () — 3) = ME)(FD)

=N (W) —3) — 3 TAS,
where A = 2diag((A(&1), ..., AM(€n))). The complete ex-
pression then becomes'
logq(u) = ()" ((y) = 3) = 3(fTAf) = 5u" K7 3u
=u' KgpKax ((y) = 5) = 5u' Kzzu
— WK, KzxAKx 7K 5 u,

(logp(y|f))

= N(u|m, S) with

_ _ _ —1
S« (K KzxAKxzK,, + K;})

and we get the desired ¢(u)

*The main part of this work has been done while the author was with
Heidelberg Collaboratory for Image Processing (HCI), Heidelberg Univer-
sity

'Where we use the trace trick to evaluate the expectation (fT Af).

Thatis (fTAf) = (w(AfFT)) = w(A(FFT)).

The optimal update for £2 can be derived by taking the
derivative of the Jaakkola bound.

The max decomposition (Equation 13). The variational
inference updates for ¢(y,,) in the paper rely on our ability
to separate instance y,, from the others in bag b ({y; }o—n)
in the expression max{y; }». To achieve this we introduced
the following decomposition for the max over binary y;

max{y; }» = Yn + max{y; }p—n — yn max{y; }p—n-

To proof this equation we use the noisy OR function, i.e.
that for a set of binary values {y1,...,yn} € {0,1}" we
have

N

ma’X{y17 7yN} =1- H(l - yz)

i=1

With this, we get

max{y;}p = 1= [[(1 =) = 1= (1 —y) [T - w)

=1- ] =)+ —va+ua [JQ—w)
= max{yi}b_n + Yn — Yn <1 - H(l - yz))

= Yn + maX{yi}b—n —Yn max{yi}b—n~

Updating ¢(y,,). Starting from Equation 9 we have, as-
suming instance n to be in bag b, that

log q(yn) = (log p(Ty|{y:}s) + 10g p(yn|fn))
= (G) log H + (log p(yn|fn))-

The second term evaluates to

<10gp(yn|fn)> = yn<fn> -+ const, (*)



while the first term can be extended as
log H - (Gy) = log H - <Tb max{y; }»
+ (1= T)(1 —max{y}»))
< log H - (2Tb<maX{yz‘}b> - <max{yi}b>).

In order to separate the instance y,, from the other instances
in bag b, we use the max decomposition from Equation 13.
This gives

log H - (G) < log H - (2Tb (yn + (max{y; }p—n)
— Yn(max{y;}p—n)) — yn
— (mac{yi}o-n) + v (max{yibo-n))
£ log H - (2T (yn — yn(max{yi}o-n))
~Yn +Yn <maX{yi}b—n>)
yn log H - (zT,, — 2Ty (max{y: }pn)

+ (max{yitp_n) — 1). (+%)

We combine () and () to arrive at the desired update of
Q<y'n) = Ber(ynh’n) with

T 4— 0’(<fn> +log H - (2T, + (max{y; }s—n)
= 2T max{yi}p-n) — 1)).

2. Updates for LM-VGPMIL

Our variational distribution for the LM-VGPMIL model
is given by @ = q(u)p(flu) I, a(yn)q(gn). However, as
mentioned in the main text, to still be able to perform closed
form updates, we need to approximate |f,|. We approxi-
mate it by (2y,, — 1) f,,, where the first factor is the (latent)
instance label transformed to {41} to agree with the sign of
fn- Note that this expression poses the problem that we cre-
ate a circular/loopy structure where y and g both depend on
each other, resulting in a directed cyclical graphical model
[10]. Unfortunately this means that we lose the guarantees
provided by variational inference—a non-decreasing ELBO
in each iteration—but our experiments show that the model
is still able to learn in practice.

Since we now have a second Bernoulli distribution, we
need to apply the bound on the sigmoid twice. We will de-
note the variational parameters introduced for each instance
by the necessary bounds on the Bernoulli distribution in
Equation 19 by &,, and those for Equation 20 by ¢,,. Apart
from this second bound the updates are derived completely
analogously to their non-margin relatives and we will only
state the final updates.

Updating g(u). As in our main model Equation 9 gives
us the optimal update of g(u) to be

q(u) = N(ulm, S) with
S« (K K xAKx KL+ K;5) 7,
M < SK7EK 70, (C24pn) = 1) ((92) — )
+2C2\(€0)(2(ya) — 1)V
+ {gn) () = 1) ),

where A = 2diag ((..., \(&,)C? + Mén)(gn), ---))-

Updating ¢(g) and ¢(y,). For g(g,) we get
q(gn) = Ber(gn|r,)  with
ot o (C({(2Mm) ~ V) ~ V)
() (o) = 3) = Mon) ().
And for ¢(y,,) we have
q(yn) = Ber(yp|m,)  with
o - 0 (2an)CU) - Cl) + INEIC UV

+ (Fa){gn) + log H (2T, — 2T, (max{y:}»-n)

-1 maxtyidie) ).
assuming instance n is in bag b.

Updating &,,, ¢,,. Lastly, the updates for the newly intro-
duced variational parameters are the following:

& C2((f2) = 2@2{yn) = 1){fn)V +V?)
r, = (fa)(gn)-

3. Tables & Figures

Tables 1-5 on the following pages report the class based
performances on the PASCAL VOC and Newsgroup data
sets. Figure 1 gives t-SNE visualizations, Figure 2 the learn-
ing rates for the three smaller data sets and Figure 3, 4 visu-
alize the influence of the additional hyperparameters C, V'
for the large margin version of the model.



Model ‘ aero bike bird boat bottle bus car cat chair cow table dog horse mbike persn plant sheep sofa train tv avg

Cinbis et al. [2] 67.1 66.1 498 345 233 689 835 441 277 71.8 490 480 652 793 374 429 652 519 628 462|542
Tehetal [11] 840 o646 700 624 258 807 739 715 357 8l.6 465 713 79.1 78.8 56.7 343 698 567 77.0 727 | 64.6
Kantorov et al. [4] 833 68.6 547 234 183 736 741 541 86 651 471 3595 670 835 353 399 67.0 49.7 635 652|551
Shi and Ferrari [9] - - - - - - - - - - - - - - - - - - - - 64.7
Bilen and Vedaldi [1] | 68.9 687 652 425 406 72.6 752 537 297 68.1 335 456 659 861 275 449 760 624 663 66.8 | 58.0
Liet al. [0] 782 67.1 618 381 361 618 788 552 285 688 185 492 641 735 214 474 646 223 609 523|524
VGPMIL (ours) 815 621 685 453 68.0 80.1 583 647 548 844 345 710 805 637 532 527 823 624 801 711 | 66.0
LM-VGPMIL (ours) | 78.6 63.0 71.2 442 652 763 634 632 490 752 175 727 746 584 524 486 708 559 789 703|625
Table 1: PASCAL VOC2007 CorLoc. Results on the trainval set, separated over all classes.

Model ‘ aero bike bird boat bottle bus car cat chair cow table dog horse mbike persn plant sheep sofa train tv avg

Cinbis et al. [2] 393 430 288 204 80 455 479 221 84 335 236 292 385 479 203 200 358 308 41.0 20.1 | 302
Tehetal. [11] 488 459 374 269 92 507 434 436 106 359 270 386 485 438 247 121 290 232 488 419 | 345
Kantorov et al. [4] 57.1 520 315 7.6 115 550 53.1 341 1.7 331 492 420 473 566 153 128 248 489 444 478 | 363
Shi and Ferrari [9] - - - - - - - - - - - - - - - - _ — — — 37.2
Bilen and Vedaldi [!] | 464 583 355 259 140 66.7 530 392 89 418 266 38.6 447 59.0 10.8 173 407 496 569 508 | 39.3
Liet al. [0] 545 474 413 208 177 519 635 461 21.8 57.1 221 344 505 618 162 299 407 159 553 402|395
VGPMIL (ours) 57.9 458 442 236 548 547 393 404 349 637 190 534 614 50.1 311 273 63.0 450 59.1 529 | 46.1
LM-VGPMIL (ours) | 51.9 47.1 464 179 523 484 41.6 388 31.8 596 74 532 538 475 306 284 562 413 569 519|431
Table 2: PASCAL VOC2007 Detection. Results on the test set, separated over all classes.

Model ‘ aero bike bird boat bottle bus car cat chair cow table dog horse mbike persn plant sheep sofa train tv ‘ avg
Kantorov et al. [4] ‘ 783 70.8 525 347 36.6 800 587 386 277 712 323 487 762 714 160 484 699 475 669 629 ‘ 54.8
VGPMIL (ours) 59.6 509 684 427 572 758 663 644 472 746 190 678 782 663 567 454 751 333 629 546|583

LM-VGPMIL (ours) | 67.9 70.7 727 356 476 819 727 572 362 756 113 699 844 768 660 510 803 308 721 548 60.8
Table 3: PASCAL VOC2012 CorLoc. Results on the trainval set, separated over all classes.

Model ‘ aero bike bird boat bottle bus car cat chair cow table dog horse mbike persn plant sheep sofa train tv ‘ avg
Kantorov et al. [4] ‘ 64.0 549 364 8.1 126 531 405 284 6.6 353 344 491 426 62.4 19.8 152 270 331 33.0 50.0 ‘ 353
VGPMIL' (ours) 294 309 372 154 354 474 425 414 226 533 51 434 547 427 359 201 540 17.1 40.0 23.8 | 34.6

LM-VGPMIL! (ours) | 39.4 49.7 421 113 138 554 485 357 134 573 27 483 63.7 56.0 505 252 61.1 131 463 228 | 37.8

Table 4: PASCAL VOC2012 Detection. Results on the test set, separated over all classes.
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Data Set LM-VGPMIL (ours) VGPMIL (ours) GICF[5] DPMIL [3] VF[7] VFr[7] GPMIL [3]

alt.atheism 0.70 0.67 - 0.67 - - 0.44
comp.graphics 0.79 0.54 - 0.79 - - 0.49
comp.os.ms-windows.misc 0.52 0.38 - 0.51 - - 0.36
comp.sys.ibm.pc.hardware 0.70 0.55 - 0.67 - - 0.35
comp.sys.mac.hardware 0.79 0.66 - 0.76 - - 0.54
comp.windows.x 0.69 0.64 - 0.73 - - 0.36
misc.forsale 0.54 0.48 - 0.45 - - 0.33
rec.autos 0.71 0.46 - 0.76 - - 0.38
rec.motorcycles 0.76 0.69 - 0.69 - - 0.46
rec.sport.baseball 0.76 0.76 - 0.74 - - 0.38
rec.sport.hockey 0.94 0.94 - 0.91 - - 0.43
sci.crypt 0.82 0.88 - 0.68 - - 0.31
sci.electronics 0.92 0.80 - 0.90 - - 0.71
sci.med 0.73 0.65 - 0.73 - - 0.32
sci.space 0.74 0.69 - 0.70 - - 0.32
soc.religion.christian 0.73 0.69 - 0.72 - - 0.45
talk.politics.guns 0.72 0.67 - 0.64 - - 0.38
talk.politics.mideast 0.87 0.84 - 0.80 - - 0.46
talk.politics.misc 0.64 0.61 - 0.60 - - 0.29
talk.religion.misc 0.49 0.45 - 0.51 - - 0.32
Average ‘ 0.73 0.65 0.71 0.70 0.67 0.59 0.40

Table 5: 20 Newsgroups database. Results for each data set.
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(a) t-SNE on Barrett’s cancer data set.
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(b) t-SNE on PASCAL VOC 2007.

Figure 1: t-SNE [&] visualization. For the Barrett’s cancer data set all of the instances coloured according to the correct
instance labels are plotted. For PASCAL VOC 2007 we plotted the (for the model unavailable) ground truth instances.



0.80

0.75
0.70
S
=, 0.65
o
5]
= 0.60
g 0.
Q
<
0.55 = = VGPMIL (train)
— VGPMIL (test)
0.50 = = LM-VGPMIL (train)
—— LM-VGPMIL (test)
0.45
0 5 10 15 20
Iterations

(a) Barrett’s Cancer.

- = VGPMIL (train)
—— VGPMIL (test)

01 - = LM-VGPMIL (train)
—— LM-VGPMIL (test)

0.2

0.0
0 5 10 15 20
Iterations
(b) 20 Newsgroups.
0.5
0.4
0.3
n,
<
=)
0.2
= =  VGPMIL (trainval)
0.1 = VGPMIL (test)
= = LM-VGPMIL (trainval)
—— LM-VGPMIL (test)
0.0
0 5 10 15 20

Iterations

(c) PASCAL VOC 2007.

Figure 2: Learning Curves. Both models have very steep learning curves and tend to come very close to their final perfor-
mance after just a couple of iterations. While the regularization introduced in the LM-VGPMIL leads to smoother learning
curves in all three data sets it’s overall benefit varies between them. While it clearly outperforms VGPMIL in the Barrett’s
Cancer data set, for the 20 Newsgroups data base the curves are a lot closer. Both models come close to their final per-
formance after just three iterations, but while the large margin model can deal with the heavy imbalance in the bags and
their cluttered features, the base model keeps oscillating (as stated in the main text, this behaviour can be alleviated by fur-
ther preprocessing the features e.g. with a kernel PCA). Figure (c) shows a case where the additional regularization actually
hurts the predictive performance. While LM-VGPMIL initially reaches a higher performance than the VGPMIL model, its
performance decreases with further iterations, whereas VGPMIL improves further.
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Figure 3: Influence of C and V' on the logistic sigmoid. With larger values of C, the sigmoid approximates the step function
more closely and penalizes margin violations more heavily. Similarly, V' shifts the sigmoid along the x-axis.
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Figure 4: Influence of C and V in the LM-VGPMIL model trained on the Barrett’s Cancer dataset.
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