Generalized orderless pooling performs implicit salient matching
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Abstract

Most recent CNN architectures use average pooling as
a nal feature encoding step. In the eld of ne-grained
recognition, however, recent global representations like bi-
linear pooling offer improved performance. In this paper,
we generalize average and bilinear pooling to-pooling”,
allowing for learning the pooling strategy during training.
In addition, we present a novel way to visualize decisions
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made by these approaches. We identify parts of training Classifir Z\::nge i!';he:;

images having the highest in uence on the prediction of 3

a given test image. This allows for justifying decisions -~
to users and also for analyzing the in uence of semantic Training
parts. For example, we can show that the higher capacity Testing
VGG16 model focuses much more on the bird's head than, Test image Most influencial training
e.g., the lower-capacity VGG-M model when recognizing * s image regions

ne-grained bird categories. Both contributions allow us to
analyze the difference when moving between average and
bilinear pooling. In addition, experiments show that our Vicualization

. 2
generalized approach can outperform both across a variety :
of standard datasets. -
P Prediction image
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1. IntI‘OdUCtion Grosbeak

Deep architectures are characterized by interleaved conFigure 1. We present the novel pooling strategpooling, which
volution layers to compute intermediate features and pool-replaces the nal average pooling or bilinear pooling layer in
ing layers to aggregate information. Inspired by recent re- CNNS. It aIIovys for asmooth.combinat.ion of average and bilinear
sults in ne-grained recognitionl2, 10] showing that cer- poo_Ilng te_cljnlques. The optimal pool_lng strategy can be Ie:_:\_rned
tain pooling strategies offer equivalent performance as c:Ias—durlng training to adapt to t.he properties (.)f the taSk.' In addition,

- . ; L . .~ Wwe present a novel way to visualize predictions gfooling-based
sic models involving .eXp“CIt Correspohdence, we investi- classi cation decisions. It allows in particular for analyzing incor-
gate here a new pooling layer gener_allzatlon for deep ne_u'rect classi cation decisions, which is an important addition to all
ral networks suitable for both ne-grained and more generic widely used orderless pooling strategies.
recognition tasks.

Fine-grained recognition developed from a niche re-
search eld into a popular topic with numerous applications, ni cantly differ in the overall shape, subtle differences in
ranging from automated monitoring of animal speciés [ the appearance of an object part can likely make the differ-
to ne-grained recognition of cloth typess] The de n- ence between two classes. For example, one of the most
ing property of ne-grained recognition is that all possi- popular ne-grained tasks is bird species recognition. All
ble object categories share a similar object structure andbirds have the basic body structure with beak, head, throat,
hence similar object parts. Since the objects do not sig-belly, wings as well as tail parts, and two species might dif-



fer only in the presence or absence of a yellow shade aroundrom the human way,e. CNNs base most of their decisions

the eyes. on one object part instead of using a broad set of object at-
Most approaches in the past ve years concentrated ontributes. In particular, we show that more complex CNN

exploiting this extra knowledge about the shared generalmodels like VGG16 focus much more on the bird's head

object structure. Usually, the objects are described by thecompared to less complex ones like VGG-M. We also show

appearance of different parts. This explicit modeling of the that a similar shift can be seen when moving from average

appearance of object parts is intuitive and natural. While pooled features to bilinear features encoding.

explicit part modeling greatly outperformed off-the-shelf After reviewing related work in the following section,

CNNs, the recently presented second-order or bilinear pool-Sect.3 will present our novel -pooling formulation, which

ing [19] gives a similar performance boost at the expense of generalizes average and bilinear pooling into a single frame-

an understandable model. work. Sect4 will then investigate the relationship between
Our paper presents a novel approach which bath generalized orderless pooling and pairwise matching and

state-of-the-art performance and allows for clear justi ca- Presentanapproach for visualizing a classi cation decision.

tion of the classi cation decision using visualization of in-  This is followed by the experiments and a discussion about

uential training image regions. Classi cation accuracy on the trade-offs between implicit and explicit pose normaliza-

this task is reaching human level performance and hence wdion for ne-grained recognition in Sech and®6.

additionally focus on making classi cation decisions more

understandable and explainable. We present an approack- Related work

which can show for each evaluated image why the decision ¢ work is related to several topics in the area of com-

was made by referring to the most in uential training image iy vision. This includes pooling techniques, match ker-

regions. Average pooling is mainly used in generic recog- pejg, pilinear encoding, and visualizations for CNNSs.

nmqn. while b|||.n_ear pooling has its largest bene ts in ne- Pooling techniques and match kernels The presented

grained reco_g_mtlon: our approaph allows for understanding -pooling is related to other pooling techniques, which ag-

and generalizing the relationship between the two —a Cru'gregate a set of local features into a single feature vec-

cial step forfurther .rese':arch. o tor. Besides the commonly used average pooling, fully-
Our rst contribution is a novel generalization and para- -gnnected layers, and maximum pooling, several new ap-

metric representation of the commonly used average andy oaches have been developed in the last years. Zsiler
bilinear pooling. This representation allows for a smooth 5 [37] randomly pick in each channel an element accord-

combination of these rst-order and second-order opera- jng 1o a multinomial distribution, which is de ned by the ac-

tors. The framework provides both a novel conceptual un- i ations themselves. Motivated by their success with hand-
derstanding of the relationship of the methods and offers a. afted features. Fisher vectar [ 19 and VLAD encod-

new operating point with consistent improvement in terms ing [11] applied on top of the last convolutional layer have

of accuracy. been evaluated as well. The idea of spatial pyramids was
Thesecond contributioms an analySiS of the learned Op' used by Heet al [ ] in Order to improve recognition per-

timal pooling strategy during training. Our parametrized formance. In contrast to these techniques, feature encoding

pooling scheme is differentiable and hence can be integratethased on -pooling shows a signi cantly higher accuracy
into an end-to-end-learnable pipeline. We show that theijn ne-grained applications. Liret al [19, 1¢] presents

learned pOOIing scheme is related to the classi cation task bilinear poo”ng, which is a Specia| case 0:fp00|ing_ It
it is trained on. In addition, a pooling scheme half-way has its largest bene ts in ne-grained tasks. As shown in
between average and bilinear pooling seems to achieve thghe experiments, learning the right mix of average and bi-
highest accuracy on several benchmark datasets. linear pooling improves results especially in tasks besides
Our third contributionis a novel way to visually justify ne-grained.
a classi cation decision of a speci c image to a user. Itis The relationship of average pooling and pairwise match-
complementary to our novel pooling scheme and hence alsdng of local features was presented by Bbal. [2] as an
applicable to the previous pooling schemes average and bief cient encoding for matching a set of local features. This
linear pooling. Both classi er parameters and local feature formulation was also brie y discussed in(] and used for
matches are considered to identify training image regions ofderiving an explicit feature transformation which approxi-
highest in uence. mates bilinear pooling. Bilinear encoding was rst men-
Finally, ourfourth contributionis an approach for quan- tioned by Tenenbaurat al. [28] and used, for example, by
tifying the in uence of semantic parts in a classi cation Carreiraet al. [5] and Linet al. [19] for image recognition
decision. In contrast to previous work, we consider both tasks. Furthermore, the recent work of Murmtyal. [21]
the classi er parameters and the saliency. We show thatalso analyzes orderless pooling approaches and proposes a
the CNN's way of classifying objects increasingly diverges technique to normalize the contribution of each local de-



scriptor to resulting kernel values. In contrast, we show ci c tasks. In addition, the results will allow us to investi-
how the individual contributions can be used either for vi- gate which mixture of pooling approaches is best suited for
sualizing the classi cation decisions and for understanding which application, and what makes ne-grained recognition
the differences between generic and ne-grained tasks. different from generic image classi cation.

Justifying classi er predictions for an image Espe- Generalized -pooling We propose a novel generaliza-
cially Sect.4 is related to visualization techniques for infor-  tion of the common average and bilinear pooling as used in
mation processing in CNNs. Most of the previous works fo- deep networks, which we call-pooling. Let(f;g; C) de-
cused on the primal view of the feature representation. Thisnote a classi cation modef : (1 ;i) 7! y; 2 RP denotes
means they analyze the feature representations by lookinga local feature descriptor mapping from input imagand
only at a single image. Zeilat al. [33] identify image pat-  locationi to a vector with lengtlD, which describes this

a convolutional layer. Yosinkst al. [31] try to generate ~ scheme which aggregatedocal features to a single global

input patterns which lead to a maximal activation of certain image description of length . In our caseM = D2 and

units. Bachet al. [1] visualize areas important to the classi- is compressed usingL{]. Finally, Cis a classier. In a

cation decision with layer-wise relevance propagation. In common CNN like VGG16f corresponds to the rst part

contrast to the majority of these works, we focus on the dual of a CNN up to the last convolutional laygyare two fully

(or kernel) view of image classi cation. While a visualiza- connected layers ar@dis the nal classi er.

tion for a single image looks interesting at the rst sight, it An -pooling-model is then de ned byf;gaP" C),

does not allow for understanding which parts of an image where !

are compared with which parts of the training images. In 1

other words, these visualizations look only at the image it- galpha(fyiginﬂ) =V n. alpha-prody;; ) @)

self and are omitting the relationship to the training data. 5nq =

For example, while the bird's head might be an attentive L T

region in the visualization techniques mentioned above, a alpha-prodyi; ) =(sgrlyi) jyii “yi: (2

system might still compare this head with some unrelated where \( ) is the vectorization function, and sgh ,

areas in other images. Our approach allows for a clearerj j, and denote the element-wise signum, product, ab-

understanding about which pairs of training and test imagesolute value and exponentiation function, ants a model

regions contribute to a classi cation decision. parameter. has a signi cant in uence on the pooling due
Zhanget al. [35] tackle a related idea for the case of toitsrole as an exponent. The optimal value is learned with

explicit part detectors. They use the prediction score of aback-propagation. For numerical stability, we add a small

SVM classi er for each part to identify the most important constant > 0tojy;j when calculating the power and when

patches for a selected part detector. We extend this idea tealculating the logarithm. In our experiments, learning

orderless-pooled features which do not originate from ex- was stable.

plicit part detections. Special cases Average pooling is a common nal feature
encoding step in most state-of-the-art CNN architectures
3. From generic to ne-grained classi cation; ke ResNet [5] or Inception P'7]. The combination {9]

of CNN feature maps and bilinear poolingd 5] is one
of the current state-of-the-art approaches in the ne-grained

Fine-grained applications like bird recognition and more area. Both approaches are a special casefdoling.
generic image classi cation tasks like ImageNet have tra- For =1 andy; 0 we obtain alpha-prq@i;1) =
ditionally been two related but clearly separate elds with | Y{ . Henceg?P"calculates a matrix in which each row is
their own specialized approaches. While the general CNNthe mean vector. This mean vector is identical to the one ob-
architecture is shared, its usage differs. In this work, we tained in common average pooling. The vectorizati¢n v
focus on two state-of-the-art feature encoding: global aver-turns the resulting matrix into a concatention of identical
age and bilinear pooling. While bilinear pooling shows the mean vectors.
largest bene ts in ne-grained applications, average pool- In case of = 2 the mean outer product of;
ing is the most commonly chosen nal pooling step in liter- is calculated, which is equivalent to bilinear pooling:
ally all state-of-the-art CNN architectures. In this section, alpha-prodyi;2) = yiy . Therefore, -pooling allows for
we show the connection between these two worlds. We estimating the type of pooling necessary for a particular task
present the novel generalizatiorpooling, which allows by learning directly from data.
for a continuous transition between average and bilinear -pooling can continuously shift between average and
pooling. The right mixture is learned with back-propagation bilinear pooling, which opens a great variety of opportuni-
from data in training, which allows for adapting to the spe- ties. It shows a connection between both that was to the best

generalized -pooling



of our knowledge previously unknown. Furthermore, and class is given up to a constant as:

even more important, all following contributions are also X! XX ) )
applicable to these two commonly used pooling techniques. ke, zi = k Wik vy ihyiy 135’“1 s
They allow for analyzing and understanding differences be- k=1 k=1 i

tween both special cases. . S (4)
where ¢ are the weights of each training image given by

4. Understanding decisions of -pooling the dual representation of the last layer &hds the number
of training sampleszy is the -pooled feature of th&-th

In this section, we give a “deep” insight into the class training image and calculated using the local featyrgs

of -pooled features, which includes average and bilinear A match between a regioj in the test example and

pooling as well as shown in the last section. We make useregioni of a training example is de ned by the triplet

of the formulation as pairwise matching of local features, (k;i;j). The in uence of the triplet on the nal score is

which allows for visualizing both the gist of the represen- given by the product

tation and resulting classi cation decisions. We use the _ o 1. .

techniques presented in this section to analyze the effects kil =k Moy Sy i )

of -pooled features as we move between generic and ne- Therefore, we can visualize the regions with the highest in-

grained classi cation tasks. To simplify the notation, we Uence on the classi cation decisions by showing the ones

will focus in this section on the case that all local features With the highest corresponding;;; . This calculation can

y are non-negative. This is the case for all features used inb€ done ef ciently also on large datasets with the main lim-

the experiments. All observations apply to the generic caseitation being the memory for storing the feature maps.
in an analogous manner. Figure2 depicts a classi cation visualization for test im-

Interpreting decisions using most in uential regions ages from four different datasets. In the bottom left of each

While an impressive classi cation accuracy can be achieved PI0Ck, the testimage is shown. The testimage is surrounded
with orderless pooling, one of its main drawbacks is the PY the ve most relevant training image regions. They are
dif culty of interpreting classi cation decisions. This ap- Picked by rstselecting the training images with the highest
plies especially to ne-grained tasks, since the difference IN uence de ned by the aggregateg;; over all locations
between two categories might not be clear even for a humari:j Of the test and training image. In each training image,
expert. Furthermore, there is a need to analyze false authe highest:; is shown using an arrow and a relative in-

tomatic predictions, to understand error cases and advanceé“ence. The relative in uence is de ned byy;; normal-
algorithms. ized by the aggregated.;; over the test and all positive

In this section, we use the formulation ofpooling as ~ training image regions,e. images supporting the classi -

pairwise matching to visualize classi cation decisions. Itis Cation decision. Please note, thay; >= 0 for positive
based on nding locations with high in uence on the deci- training samples as each elemenyirs greater or equal 0.
sion. We show how to nd the most relevant training im- Since multiple similar triplets occur, we use non-maximum

age regions and show that even implicit part modeling ap- suppression and group triplets with a small _norm_aliz_ed dis-
proaches are well suited for visualizing decisions. tance of less tha@:15. As can be seen, this visualization of

To show this. we calculate the linear kernel between the the classi cation decision is intuitive and reveals the high

1

vectorsz, andz, which induces a kernel betweafy = impact of a few small parts of the training images.
fyigh, andY- = fy;gl; as follows: Measuring the contribution of semantic parts We are
X X also interested whether human-de ned semantic parts con-
hey;zi/h v Y, yl v ¥y 1ij i tribute signi cantly to decisions. Figurd shows the con-
i=1 j=1 tribution of individual bird body parts for classi cation on
X TX CUB200-2011 29]. For each test image, we obtain the ten
=t Yi yl Y5 1Y“jT most related training image similar to before. We divide the
X i=1 =1 local feature into groups belonging to the bird's head, belly,
= hyyi hy, 1;yLJ_ 1. ©) and background and compute the sum of the squared inner

ij products between these regions. As can be seen, on aver-

where we ignored normalizing with respecttdor brevity. age, 25% of the VGG162}] prediction is caused by the
Please note, that this derivation also reveals that the dif-comparison of the bird's heads. In contrast for VGG-H
ference between bilinear and average pooling is only thethe background plays the most signi cant role with a contri-
quadratic transformation of the scalar product between twobution of 31%. This shows that the deeper network VGG16
feature vectory; andy; . focuses much more on the bird instead of the background.

If we use a single fully-connected layer after bilinear Relationship to salient regions We show that orderless
pooling and a suitable loss, the resulting score for a singlepooling cannot just be rephrased as a correspondence ker-
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Figure 3. Contribution of different bird parts to the classi ca-
tion decision on CUB200-2011 comparing VGG-M and VGG16
without ne-tuning. For each semantic part in a given test image
(rows), we compute the sum of inner products to another seman-
tic part in a training image (columns). This statistic is normalized
and averaged over all testimages. The plots show that for VGG-M,
42% of the classi cation decision can be attributed to the compar-
ison of background elements. In contrast, the comparison of the
bird's head is most important for VGG16.
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Figure 4. Visualization of the pairs of most similar local features
using L2-distance. The thicker and whiter the line, the more simi-
lar are the features. Blue thin lines denote low similarity. We only
show matchings larger than 50% of the maximum matching in this
case.
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ing the scalar )E)roducts as:

hyisyyi/ kyik? + ky;j k> kyi yjk* ; (6)
i
where the Euclidean distance between two features ap-
Figure 2. Visualization of the most in uential image regions for pears. The kernel outputis therefore high if the feature vec-

the classi cation decision as de ned in Ef. The large image in tors ar.e hl.g_hly similar (Small Euc_IId(.aa}n dlstgnce) esPeC'a”y
the bottom left corner is the test image and the surrounding imagesf©" Pairs(i;j ) characterized by individual high Euclidean

are crops of the training examples with highly relevant image re- Norms. In Figurgﬂf, we visualize the EuF:Iidean norms Of the
gions. Percentages show the relative impact on the nal decision. feature vectors igonvs _3 extracted with VGG16. The in-

The lower four images show incorrect classi cations. put size was increased #4218 448similar to [19, 10] and

the output ofconv5 _3 after activation and before pooling

was used. Hence the local features have a spatial resolution
nel [10] but also as implicitly performing salient matching. of 28 28. In the rst column, feature similarity was de-
Eq. 3 calculates the linear kernel between the pooled fea- ned by the lowest L2-distance between local features. The
tures showing that it induces a kernel between each pair ofsecond column shows the magnitude of all local features
local features. We can now show a further direct relation to normalized to the highest norm in both feature maps. The
a simple matching of local features in two images by rewrit- third and fourth column show the implicit matchings using




the inner product and the squared inner product as similar- _ [

. o . - . 06 Approach Top-1 accuracy

ity measure, as it is used in average and bilinear pooling. z os| (Single crop)

We only show matchings larger than 50% of the maximum 3 o4 VGG-M[7] 63.1%
matching in this case. As can be observed when compar-izz" Bilinear [14] 63.4%

ing the plot for the norm and the matching, areas with a * | f Vf;i::iﬂng ] our work:

high magnitude of the features also correspond to salientre- ool . ——c—r—] VEG-Mw/_-pool  64.2%

gions. This is indeed reasonable since the “matching cost” Epochs

in Eq. (3) should focus on the relevant object itself and not rqre 5. Accuracy on ILSVRC 2012 for VGG-M. The left plot
on background elements. shows validation accuracy over the rst twenty trained epochs.

Focusing pairwise similarities by increasing Similar VGG-M denotes the original architecture angpooling the novel

to [19], we apply pooling directly after the ReLU activa- generalized pooling technique.is learned from data.

tion following the last convolutional layer. Therefore, all

scalar products between these features are positive. Hencdable 1. Accuracy on several datasets witfpooling using the
summands with a high scalar product are emphasized dramulti-scale variant. No ground-truth part or bounding box annota-
matically for large values of and in particular also for bi- ~ tions were used. is learned from data.

: : f Dataset CUB200-2011 Aircraft 40 actions
I!near pooling. Increasing therefore Ieg_dg to ker_nel val_ues classes / images 200/ 12K 89/ 10k 40/ 9.5k
likely based on only a few relevant paifisj ). This fact is , -
. . . Previous 81.0%44] 725%[] 72.0% [36]
illustrated in the last two rows of Figurg where we only 820%[7] 780%[7 80.9%[]
showed the pairs with an inner product larg®% of the 845% B4  80.7%[13 81.7% 7]
highest one for both average and bilinear pooling. Special case: bilineat. ] 84.1% 84.1% -
Learned strategy (Ours) 85.3% 85.5% 86.0%

5. Experimental Analysis

In our experiments, we focus on analyzing the difference
between average and bilinear pooling forimage recognition.
We make use of our novel-pooling presented in Secd.
First, we show that it achieves state-of-the-art results in bot

generic and ne-grained image recognition. and hence

the pooling strategy is learned. Second, based on deep nedgyer before the c!assi er. Ppoling Is ‘?‘0”9 across two sc_:ales
ral nets learned on both kinds of datasets, we analyze dis\Vith the smaller side of the image being 224 and 560 pixels

tinguishing properties using the visualization techniques of long. Two-;tep ne-tu_nmg fl IS used, where theilast linear
Sect4. We discuss the relationship ofwith dataset granu- layer is trained rst W'thQ'Olt'_mes the usual We_'ght decay
larity, classi cation decisions, and implicit pose normaliza- 2nd the whole network is trained afterwards with the usual

tion. Hence we manually setin this second part. weight decay 0D:0005 The learning rate is xed a:001

Accuracy of -pooling We evaluate both training from with a batch size of eight. is learned frgm data.

scratch and ne-tuning using a network pre-trained on the _ 1he results for CUB200-2011 birds?q], FGVC-
ILSVRC 2012 dataset’[]. For training from scratch, we Alrcraft [20] and Stanford 40 actionsi{] can be seen in
use the VGG-M [] architecture and replace the last pool- Table1l. We achieve higher top-1 accuracy for all datasets

ing and the two fully-connected layers before the classi er cOMpared to previous work. ~For ne-grained datasets
with -pooling. Batch normalizationi] is used after con- like birds and aircraft, we slightly improve the results of

volutions as well as after the-pooling. In addition, we  [1% 10, whichis due to = 2 being close to the learned
use dropout with a probability gf = 0:5 to reduce over t- for this datase';. Our app_roach also sh_ows a high accuracy
ting and improve generalization. Compact bilinear encod- " datasets besides traditional ne-grained tasks as shown

ing [10] is used to reduce the dimensionality of the outer by the actions dataset, where we achieve 86.0% accuracy

product to 8192. The learning rate starts at 0.025 and fol- comMpared to 81.7% reported if.

lows an exponential decay after every epoch. The batch sizdRanking dataset granularity wrt. As mentioned be-

is 256. The results on ILSVRC 2012 (1000 classes, 1.2 mil- fore, the main purpose of the experiments is to analyze the

lion images) are shown in Figube We plot both the valida- ~ differences between average and bilinear pooling. In partic-

tion accuracy during the rst twenty epochs of the training ular, we are interested in why average pooling lacks accu-

as well as the nal top-1 single crop accuracy. The network racy in ne-grained while bilinear reaches state-of-the-art.

converges faster at only small additional computation cost The presented -pooling allows for a smooth transition

and reaches a higher nal accuracy compared to the originalbetween average and bilinear pooling. In this paragraph, we

VGG-M with batch normalization. analyze the relationship of the parameteand the granu-
For ne-tuning, we use VGG-M ] and VGG16 P6] larity of the dataset. The results using VGG16 can be seen

pre-trained on ILSVRC 2012. We replace the last pool-
ing and the two fully connected layers before the classi-
h €r with the novel -pooling encoding. We follow1[9, 10]
and add a signed square root as wellLasnormalization



Figure 6. In uence of using VGG16 without ne-tuning. =1
corresponds to average pooling and: 2 to bilinear pooling.
is manually set in this experiment.

in Figure6. has been manually set to valueq1rD; 4:0]

and the accuracy without ne-tuning is plotted. The input
resolution was increased #318 448as done in previous
work [19, 10]. The accuracy is hormalized to 1 for easier
comparison of different datasets. It seems each dataset re-
quires a different type of pooling. If the datasets are ordered
by the value of , which gives the highest validation accu- Figure 7. In uence of on the classi cation decisions. As in Fig-
racy, the order is as follows: MIT Scenes 67, 40 actions, ure2, we visualize the most relevant image regions for the classi-
and CUB200-2011 with = 1:3, 1:5, and 25, respec- cation decision. A larger increases the importance of the most
tively. This seems to suggest that the more we move from N uencial regipns in the trqining images. Hence the decision is
generic to ne-grained classi cation, the higher is the value PaSe€d on few important regions.is manually set.

of . In addition, larger values of alpha are still good for
ne-grained while accuracy drops quickly for generic tasks.
Hence focusing the classi cation on few correspondences

®=1:5
0.40
0.35
0.30
0.25

seems a good strategy for ne-grained while it lowers accu- ; % o0 - w | o=

racy on generic tasks. VGG-M shows a similar trend. : o1

il 3% 5% 9% 3% 4% 5% 0.10

Classi cation visualization versus Sect.4 presents a
&L & F & & &L o ¢

novel way to visualize classi cation decisions for feature
representations based orpooling. We are now interested
in the change of classi cation decision reasoning with re- a

for two sample test images from CUB200-2011 and MIT parts to the classi cation decision on CUB200-2011. The higher

scenes 67. For each test image, we show the visualizatior® Value of , the higher is the in uence of the actual bird body
parts to the classi cation decision.is manually set té 1; 1:5; 2g.

Train image location Train image location Train image location

»
’

for =1 and = 3. While =1 causes a fairly equal
contribution of multiple training image regions to the deci-
sion, = 3 pushes the importance of the rstimages. For

example, the contribution of the most relevant training im- First, we ana|yze the in uence of on the contribution of
age region grows from 11.2% to 23.2% in the bird image. A different body parts. Figuré shows the results for VGG16
statistical analysis is shown in the supplementary material. without ne-tuning when is manually set td 1; 1:5; 2g.
Relevance of semantic parts versus A secondwayto It seems that larger values offocus the classi cation de-
analyze the pairwise matching induced bypooling is to cision on actual body parts. The contribution of the bird's
quantify the matchings between semantic parts. We evalu-head to the classi cation decision shifts from 9% € 1)
ated on CUB200-2011 using ground-truth part annotations.to 42% (- = 2). This observation matches our previous in-
A ground-truth segmentation of the bird's head and belly terpretation that larger values forfocus the classi cation
was generated based on these annotations and used to adecision on fewer discriminative pairs of local features.
sign feature locations inonv5 _3 of VGG16 to bird head, Second, we are also interested in the effect of ne-tuning
body, and background. Afterwards, for each test image, theon classi cation decisions. Figuredepicts the results for
kernel between all features of the bird's head in the test andVGG16 and set to2. Fine-tuning shifts the focus towards
a training image is aggregated. This is done for all pairs of the bird's head, while especially the in uence of back-
regions and for the 10 most relevant training images. Theground decreases.-pooling is one of the few approaches
obtained statistics are averaged over all test images. which allow quantifying the in uence of semantic parts.



Figure 10. lllustration of different techniques to deal with multiple
Figure 9. In uence of ne-tuning on the contribution of different  scales and their resulting implicit matching. Directly pooling over
bird body parts to the classi cation decision on CUB200-2011. multiple scales allows for implicit matching across scales.
As can be seen, the bird's head gains in uence at the cost of back-
ground areas. is setto 2.0.

We used the kernel view in the previous sections to show
6. Discussion that a larger value of focuses the classi cation decision on

the most relevant pairs of local features. This understand-
Fine-grained tasks are about focusing on a few relevant  ing also allowed us to visualize classi cation decisions by
areas Our in-depth analysis revealed that a high accu- using matchings to the most relevant training images. How-
racy for ne-grained recognition can be achieved when only ever, there are even more possible ways to exploit this in
a few relevant areas are compared with each other by im-future work. For example, we can derive a feature matching
plicit salient matching. In terms of-pooling, this corre-  over multiple scales in a theoretically sound way. Previous
sponds to a higher value of the parametett also explains ~ work often handled multiple scales by extracting crops at
why bilinear pooling showed a large performance gain for different scales and averaging the decision values across all
ne-grained tasks [9): the corresponding = 2 increases  crops [L5, 27]. While this gives an improvement, a theo-
the in uence of highly related features. On the other hand, retical justi cation is missing. In contrast, if we perform
in generic image classi cation tasks like scene recognition, -pooling across all local features extracted from all scales
the general appearance seems more important and hence@f the input image, the kernel view reveals that this relates
lower value of is better suited. Our experiments showed to a matching of local features across all possible combina-
that = 1:5is a good trade-off for a wide range of classi- tions of locations and scales of two images, see Figlre
cation datasets and hence is a good starting point. If ne- To summarize, while kernel functions are rarely explicitly
tuning is used, is learned and adapts to the best value. used in state-of-the-art approaches, they can be useful for
Implicit matching vs.  explicit pose normalization ~ Poth understanding and designing new approaches.

Most approaches for ne-grained recognition assumes ob-

jects consists of a few partg4, 3, 25]. It is common belief

that part-based in contrast to global descriptors allow for 7. Conclusions
better representations of objects appearing in diverse poses.

In contrast, our analysis reveals that state-of-the-art [N this paper, we propose a novel generalization of av-
global representations perform an implicit matching of sev- €rage and bilinear pooling calledpooling. Our approach
eral different image regions. Compared to explicit part- hasboth stat_e-_of-the-art performance and a clear_ justi ca-
based models, they are not limited by a xed number of tion of predictions. It _a_lllows for a smooth transition be-
parts learned from the data or utilized during classi cation. tWeen average and bilinear pooling, and to higher-order
Our -pooling strategy can even learn how much a classi- Pooling, aIIovylng for understanding the connection between
cation decision should rely on a few rather than a large these operating points. We nd that in practice our method
number of matchings. As argued in the last paragraph, thelgarns that'an intermediate strategy between average and bi-
intuition that ne-grained recognition tasks are about “de- linear pooling offers the best performance on several ne-
tecting a small set of image regions that matter” is right. 9rained classi cation tasks. In addition, a novel way for
However, the consequence that explicit part-based models/isualizing classi cation decision is presented showing the
are the solution is questionable. Rather than designing yetMost in uential training image regions for a decision. Fur-

another part-based model, representations should be devefhermore, we quantify the contributions of semantic parts in
oped that lead to an even better implicit matching. a classi cation decision based on these in uential regions.

Kernel view of classi cation decisions We argue that  Acknowledgments Part of this research was supported
the kernel view of classi cation decisions is a valuable tool by grant RO 5093/1-1 of the German Research Foundation
for understanding and analyzing different feature encoding. (DFG). The authors thank Nvidia for GPU donations.
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