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A general motivation: efficient ML

Beyond the statistics vs optimization dichotomy:

Numerical resources budgeted to data quality (not just size)

[ Bottou, Bousquet ’08]
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Statistical learning

Find
w∗ = argmin

w∈Rp

E[(y − 〈w,Φ(x)〉)2]

given only i.i.d. samples (xi, yi)
n
i=1.

We assume throughout that:

I Φ a given high/infinite dimensional representation.

I If p =∞, 〈Φ(x),Φ(x′)〉 can be computed in O(1) (kernel methods/Gaussian processes).



Empirical risk minimization (ERM)

ŵλ = argmin
w∈Rp

1

n

n∑

i=1

(yi − 〈w,Φ(xi)〉)2 + λ‖w‖2

Theorem (Smale, Zhou ’05, Caponetto De Vito ’05)

If p =∞, ‖Φ(x)‖, |y| ≤ 1 a.s. and λ = 1/
√
n

E[(〈Φ(x), ŵλ〉 − 〈Φ(x), w∗〉)2] .
1√
n

Proof

∀λ > 0, E[(〈Φ(x), ŵλ〉 − 〈Φ(x), w∗〉)2] .
1

λn
+ λ

Remark: Optimal bound (can be improved under further assumptions)
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ERM computations

ŵλ = argmin
w∈Rp

1

n

n∑

i=1

(yi − 〈w,Φ(xi)〉)2 + λ‖w‖2

Nonparametrics n < p =∞
ĉλ = (Φ̂Φ̂> + λnI)−1ŷ

I Φ̂ is the n by p data/feature matrix

I ŵλ = Φ̂>ĉλ
I 〈ŵλ,Φ(x)〉 =

∑n
i=1 〈Φ(xi),Φ(x)〉 ĉiλ

O(n3)︸ ︷︷ ︸
time

+O(n2)︸ ︷︷ ︸
space



time O(n3) + space O(n2) for optimal O(1/
√
n) learning bound

The rate 1/
√
n is optimal, can we improve time/space requirements?
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Gradient descent (GD) learning

aka L2 boosting, Landweber iteration

GD for
1

n

n∑

i=1

(yi − 〈w,Φ(xi)〉)2 =
1

n
‖Φ̂w − ŷ‖2

Nonparametrics n ≤ p =∞
ĉt+1 = ĉt −

γ

n
(Φ̂Φ̂>ĉt − ŷ)

I ŵλ = Φ̂>ĉt
I 〈ŵt,Φ(x)〉 =

∑n
i=1 〈Φ(xi),Φ(x)〉 ĉit

O(n2t)︸ ︷︷ ︸
time

+O(n2)︸ ︷︷ ︸
space

Why should this work??
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An intuition
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Regularization and stability

ŵt =
γ

n

t−1∑

j=0

(I − γ

n
Φ̂>Φ̂)jΦ>ŷ

Large t

ŵt =
γ

n

t−1∑

j=0

(I − γ

n
Φ̂>Φ̂)jΦ>ŷ = ≈ γ

n

∞∑

j=0

(I − γ

n
Φ̂>Φ̂)jΦ>ŷ = (Φ̂>Φ̂)−1Φ̂>ŷ

Small t
ŵt = (I − (I − γ

n
Φ̂>Φ̂))t(Φ̂>Φ̂)−1Φ>ŷ ∝

t = 1
Φ>ŷ

compare to
ŵλ = (Φ̂>Φ̂ + λnI)−1Φ>ŷ ∝

λ large
Φ>ŷ



Statistics

Theorem (Bauer, Pereverzev, R. ’07)

If p =∞, ‖Φ(x)‖, |y| ≤ 1 a.s. and t =
√
n

E[(〈Φ(x), ŵt〉 − 〈Φ(x), w∗〉)2] .
1√
n

Proof

∀t > 1, E[(〈Φ(x), ŵt〉 − 〈Φ(x), w∗〉)2] .
t

n
+

1

t

Remarks:

I Same bound as Tikhonov regularization.

I Known as iterative regularization (1955), early stopping (1985), implicit regularization
(2018).
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Computational regularization

time O(n2
√
n) + space O(n2) for optimal O(1/

√
n) learning bound

Regularization by stochastic optimization

control statistics and time at once

What about other optimization methods?



Beyond gradient descent

What about other optimization methods?

I Accelerated methods (Conjugate Gradient, Nesterov, Heavyball).

I Stochastic methods (SGD).



SGD with minibatches

ŵt+1 = ŵt − γt
1

b

bt∑

i=b(t−1)+1

(
〈ŵt,Φ(xji)〉 − yji

)
Φ(xji)

I b minibatch size (b = 1 SGD, b = n GD)

I t = dnb e one pass



Statistics+Optimization

Theorem (Lin R. ’16)

If p =∞, ‖Φ(x)‖, |y| ≤ 1 a.s. if

1. b = 1, γt ' 1√
n
, and t = n iterations (1 pass over the data);

2. b =
√
n, γt ' 1, and t =

√
n iterations (1 pass over the data);

3. b = n, γt ' 1, and t =
√
n iterations (

√
n passes over the data);

then,

E[(〈Φ(x), ŵt〉 − 〈Φ(x), w∗〉)2] .
1√
n
.

Proof

∀γ > 0, t > 1, E[(〈Φ(x), ŵt〉 − 〈Φ(x), w∗〉)2] . .
1

γt
+

1√
n

(
γt√
n

)2

+
γ

b

(
1 +

γt√
n

)



Statistics+Optimization

Theorem (Lin R. ’16)

If p =∞, ‖Φ(x)‖, |y| ≤ 1 a.s. if

1. b = 1, γt ' 1√
n
, and t = n iterations (1 pass over the data);

2. b =
√
n, γt ' 1, and t =

√
n iterations (1 pass over the data);

3. b = n, γt ' 1, and t =
√
n iterations (

√
n passes over the data);

then,
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Other Flavors of SGD

I Cyclic, reshuffle SGD (R. Villa, ’15)

I SGD with averaging (Bach et al. 14-. . . , Pillaud, Rudi, Bach ’18)- larger step-size.

I Averaging as regularization (Neu, R. ’18)



Computational regularization

time O(n2) + space O(n2) for optimal O(1/
√
n) learning bound

Regularization by stochastic optimization

improved time while keeping optimal statistical error

What about memory costs?



Outline

Classical regularization

Regularization by optimization

Regularization & Projections

Preconditioning



Tackling memory with random projections

I Sketching & random features

I Nyström methods & subsampling



Subsampling aka Nyström methods

Consider
x1, . . . , xM ⊂ x1, . . . , xn

and

wM =

M∑

j=1

Φ(xj)cj ,

a random projection on a subsapace.

Connections to

I Nyström methds

I Galerkin methods

I Column subsampling



Linear algebra perspective

RandNLA=randomized numerical linear algebra (Halko et al. ’11)

Back to ridge regression.

〈ŵλ,Φ(x)〉 =

n∑

i=1

〈Φ(xi),Φ(x)〉 ci

c = (Φ̂Φ̂>︸ ︷︷ ︸
Ĝ

+λnI)−1ŷ

Linear System

byc =bG



Nÿstrom/Column subsampling

Take x1 . . . , xM ⊂ x1, . . . , xn, M < n.

〈ŵλ,M ,Φ(x)〉 =

M∑

i=1

〈Φ(xi),Φ(x)〉 ci

(Ĝ>nM ĜnM +λnĜMM )c = Ĝ>nM ŷ

Linear System

by

c

=bGnM



Statistical guarantees

Theorem (Rudi, Camoriano, R. ’16)

If p =∞, ‖Φ(x)‖, |y| ≤ 1 a.s. if

λ = 1/
√
n, M =

√
n

then,

E[(〈Φ(x), ŵλ,M 〉 − 〈Φ(x), w∗〉)2] .
1√
n

Remarks:

I Same bound again. . .

I Improve previous bounds (Bach et al. ’12, Alaoui, Mahoney ’14)

I Regularization by projection!



Computational regularization

time O(n2) + space O(n
√
n) for optimal O(1/

√
n) learning bound

Regularization by projection

control statistics, time and memory costs at once

Can we improve computational costs?
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Preconditioning

Idea: define equivalent linear system with better condition number

Preconditioning

(Ĝ+ λnI)c = ŷ 7→ B>(Ĝ+ λnI)Bβ = B>ŷ, c = Bβ.

Ideally BB> = (Ĝ+ λnI)−1, so that

t = O(1/λ) 7→ t = O(1)!

(Fasshauer et al ’12, Avron et al ’16, Cutajat ’16, Ma, Belkin ’17)
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Baby FALKON

Recall Nyström (Ĝ>nM ĜnM + λnĜMM )c = Ĝ>nM ŷ

Preconditioning

BB> =
( n
M
Ĝ2
MM + λnĜMM

)−1
,

Baby FALKON

〈ŵλ,M,t,Φ(x)〉 =

M∑

i=1

〈Φ(x̃i),Φ(x)〉 ci ct = Bβt

βt = βt−1 −
τ

n
B>

[
Ĝ>nM (ĜnMBβt−1 − yn) + λnĜMMBβt−1

]



FALKON

I Gradient descent 7→ conjugate gradient

I Computing B

B =
1√
n
T−1A−1, T = chol(GMM ), A = chol

(
1

M
TT> + λI

)
,

where chol(·) is the Cholesky decomposition.



Some Theory

Theorem (Rudi, Carratino, R. ’17)

If p =∞, ‖Φ(x)‖, |y| ≤ 1 a.s. if

λ = 1/
√
n, M =

√
n, t = log n

then

E[(〈Φ(x), ŵλ,M,t〉 − 〈Φ(x), w∗〉)2] .
1√
n

Remarks:

I Same bound again. . . improved time cost!

I Improved results by considering adaptive sampling.



Computational regularization

time O(n
√
n) + space O(n

√
n) for optimal O(1/

√
n) learning bound

Maybe optimal?



Some experiments

MillionSongs YELP TIMIT

MSE Relative error Time(s) RMSE Time(m) c-err Time(h)

FALKON 80.30 4.51× 10−3 55 0.833 20 32.3% 1.5
Prec. KRR - 4.58× 10−3 289† - - - -
Hierarchical - 4.56× 10−3 293? - - - -
D&C 80.35 - 737∗ - - - -
Rand. Feat. 80.93 - 772∗ - - - -
Nyström 80.38 - 876∗ - - - -
ADMM R. F. - 5.01× 10−3 958† - - - -
BCD R. F. - - - 0.949 42‡ 34.0% 1.7‡

BCD Nyström - - - 0.861 60‡ 33.7% 1.7‡

KRR - 4.55× 10−3 - 0.854 500‡ 33.5% 8.3‡

EigenPro - - - - - 32.6% 3.9o

Deep NN - - - - - 32.4% -
Sparse Kernels - - - - - 30.9% -
Ensemble - - - - - 33.5% -

Table: MillionSongs, YELP and TIMIT Datasets. Times obtained on: ‡ = cluster of 128 EC2
r3.2xlarge machines, † = cluster of 8 EC2 r3.8xlarge machines, o = single machine with two Intel Xeon
E5-2620, one Nvidia GTX Titan X GPU and 128GB of RAM, ? = cluster with 512 GB of RAM and
IBM POWER8 12-core processor, ∗ = unknown platform.



Some more experiments

SUSY HIGGS

c-err AUC Time(m) AUC Time(h)

FALKON 19.6% 0.877 4 0.825 3
EigenPro 19.8% - 6o - -
SVM 26.4% - 9∗ - -
Hierarchical 20.1% - 40† - -
Boosted Decision Tree - 0.863 - 0.810 -
Neural Network - 0.875 - 0.816 -
Deep Neural Network - 0.879 4680‡ 0.885 78†

Table: SUSY and HIGGS Datasets. Time obtained working on : † = cluster with 512 GB of RAM and
IBM POWER8 12-core processor, o = single machine with two Intel Xeon E5-2620, one Nvidia GTX
Titan X GPU and 128GB of RAM, ‡ = single machine, ∗ = 14 workers.



Image classification

f(x) = 〈w,Φ(x)〉 , x 7→ ΦL︸︷︷︸
Kernel representation

◦ΦL−1 · · · ◦ Φ1(x)︸ ︷︷ ︸
Convolutional

Imagenet

Top-1 class error

FALKON + I-v3 feat. 22.1%
Inception-v3 21.2%
Inception-v2 23.4%
BN-Inception 25.2%
BN-GoogLeNet 26.8%
GoogLeNet 29.0%

Table: Single crop experimental results on the validation set of ILSVRC 2012.



Method Train
Time mAP [%] soda

bottle mug pencil
case

ring
binder wallet flower book body

lotion
hair
clip sprayer

Faster R-CNN Fine-tuning ⇠40 min 49,7 63,2 68,4 23,3 29,6 49,9 66,1 35,3 56,2 60,2 45,8
FALKON + Random BKG (0⇥6000) ⇠25 sec 40,5 57,7 67,9 17,5 23,1 23,8 59,5 26,8 39,6 48,5 40,5
FALKON + Mini Bootstrap (4⇥2500) ⇠40 sec 48,1 63,1 67,2 18,4 25,7 47,4 70,3 36,1 52,3 58,8 41,5
FALKON + Mini Bootstrap (10⇥1500) ⇠50 sec 51,3 64,7 71,2 27,2 31,7 56,9 69,4 39,6 54,0 60,7 37,1

TABLE II: Performance comparison on a 10-object identification task on ICWT (TARGET-TASK in Sec. IV-B). See the
text for details about the task and Sec. III-D for details about the methods compared.

Fig. 3: Example images representing the 10 object instances involved in the first object identification task (PREV-TASK),
i.e., the task on which we learn the RPN and the CNN feature extractor.

Fig. 4: Example images representing the 10 object instances involved in the second object identification task (TARGET-
TASK), i.e., the actual task at hand which we address.

and bbox-reg). For this step we set the number of iterations
to 20K.

Results. In Table II we compare the performance provided by
the Faster R-CNN baseline with the two methods FALKON
+ RANDOM BKG and FALKON + MINI BOOTSTRAP
(Sec. III-D).

Based on the empirical observations from Sec. IV-A, in
these experiments we set the number of Nÿstrom centers to a
relatively high value (around half the size of the training set).
Indeed, as we showed in Table I, FALKON already provides
quite fast training times when using all training points as
centers. Still, as we showed in Fig. 2, it would be possible
to further reduce M and achieve even smaller training times,
by maintaining mAP performance.

As in PASCAL VOC, for FALKON + RANDOM BKG
we set the number of randomly sampled background regions
to 6000, since we observed that increasing this parameter
above this value did not improve performance.

Regarding FALKON + MINI BOOTSTRAP, in this set-
ting we observed that just performing a few bootstrapping
iterations could allow to achieve comparable performance
to the Faster R-CNN baseline. As an example, in Table II
we report two different configurations of FALKON + MINI
BOOTSTRAP: (i) Iters = 4 and B = 2500 (FALKON +
MINI BOOTSTRAP (4 ⇥ 2500)) and (ii) Iters = 10 and
B = 1500 (FALKON + MINI BOOTSTRAP (10 ⇥ 1500)).

It can be clearly noticed that, while FALKON + RAN-
DOM BKG has the fastest training time, it presents the

lowest mAP. On the contrary, the proposed solution based
on FALKON + MINI BOOTSTRAP (4 ⇥ 2500) provides
comparable performance than fine-tuning the last layers of
Faster R-CNN, in just 40 seconds of learning (rather than
40 minutes). Moreover, FALKON + MINI BOOTSTRAP
(10 ⇥ 1500) outperforms fine-tuning with a train time of
⇠ 50 seconds.

V. CONCLUSIONS

In this work we addressed the problem of training visual
object detection systems in online robotic applications. State-
of-the art deep learning-based solutions provide remarkable
performance but typically long training times (of the order of
minutes/hours). Indeed, the huge number of candidate image
regions to be processed, together with the intrinsic unbalance
between positive and negative examples, make the learning
problem associated to detection tasks very challenging.

The pipeline we propose addresses this issue by combining
parts of one well-known deep architecture for object detec-
tion (namely, Faster R-CNN [22]), with FALKON [23], a
recently proposed kernel-based method targeted at processing
large-scale datasets. In particular, we showed how, training
Faster R-CNN end-to-end on a detection task, provides us
with a Region Proposal Network (RPN) and a deep feature
extractor, which can be re-used on a novel task to get
a set of candidate regions, and encode them into deep
representations. In this way, it is possible to address the novel
task by quickly training a set of FALKON classifiers on the
encoded regions. The computational efficiency of FALKON,

Fig. 1: Overview of the proposed on-line object detection pipeline. For a detailed description see Sec. III.

hours even for mid scale datasets.
In this work we propose a novel approach to (i) select

hard negatives, by implementing an approximated and faster
bootstrapping procedure, and (ii) account for the imbalance
between positive and negative regions by relying on a
Nÿstrom based kernel method (namely FALKON [23]).

III. METHODS
For the definition of our pipeline, we considered the

realistic scenario where a humanoid robot is taught to learn
to detect a set of novel object instances (TARGET-TASK
in the following). We suppose that, reasonably, the robot is
provided with a past knowledge of the surrounding world,
represented by convolutional weights previously learned on
a different set of objects (PREV-TASK in the following).

To this end, in this work we propose an object detection
method that can be trained on-the-fly on the TARGET-
TASK, by relying on model components previously trained
on PREV-TASK. Referring to a typical detection pipeline,
composed of (i) a region proposal stage, (ii) a feature
extraction stage and (iii) a final classification stage, we
propose an approach which learns (i) the region proposals
and (ii) the feature extractor, on PREV-TASK, such that,
when the robot is required to learn the TARGET-TASK,
only the final classification stage must be trained online.
Our major contribution consists in an efficient approach
to perform this latter step, where the features extracted
from candidate regions are selected and labeled as either
positive or negative samples, considering the ground truth,
and are used to train on-the-fly a set of FALKON classifiers
(together with Regularized Least Squares (RLS) regressors
for bounding boxes refinement).

In this Section, we describe the main steps of the proposed
pipeline. We first motivate the choices of the region proposal
and feature extraction method (Sec. III-A). Then, we focus
on the classifier algorithm (Sec. III-C), by explaining our
adaptation of FALKON, aimed to address the problem of the
large imbalance between positive and negative examples and

the related background samples selection procedure which
must be performed (Sec. III-D).

A. Pipeline Overview

We refer to Fig. 1 for a pictorial representation of each
stage of the pipeline. For the first stages, we adopt the
architecture of Faster R-CNN [22]. Specifically we exploit
the class-agnostic Region Proposal Network (RPN) to predict
a set of candidate RoIs. Each of them is then associated to
a deep feature map by means of a so-called RoI pooling
layer [7]. This allows to efficiently encode into a deep
representation each region proposed by the RPN, with only
one forward pass of the convolutional feature extraction
layers. Specifically, we adopt the CNN model proposed
in [33] as convolutional backbone of the algorithm (whose
integration in Faster R-CNN is publicly available1).

Finally, in Faster R-CNN, the pooled features from the
region proposals are processed by a so-called detector net-
work, composed of two fully-connected layers and the final
two output layers for class prediction and bounding box
refinement. In our pipeline, we keep the two fully connected
layers, but replace the two output layers respectively with
the proposed FALKON classifiers and Regularized Least
Squares (RLS) regressors for the refinement of the predicted
bounding boxes.

B. Pipeline Learning

In the considered scenario, we train Faster R-CNN on the
PREV-TASK in order to learn the RPN and the convolu-
tional (and fully connected) layers. Afterwards, we use the
learned components in the TARGET-TASK, to extract and
encode region proposals into deep features, and train on-the-
fly only FALKON classifiers and RLS regressors.

More specifically, to learn the RPN and the CNN fea-
ture extractor, we adopted the 4-Steps Alternating Training

1https://github.com/rbgirshick/py-faster-rcnn/
tree/master/models/pascal_voc/ZF

adopted by [8]. In fact, this can be seen as performing
our approximated procedure when considering all negative
regions in the training set, and setting each mini-batch to
contain the negatives from an image (i.e., Iters = n).
FALKON + RANDOM BKG: In this case we do not
perform any type of hard negatives selection, but we
randomly sample a subset from all the negative regions
proposed by the RPN. This can be seen as performing our
approximated procedure with Iters = 0.

Rebalancing Nÿstrom centers. The second component of
our approach consists in the exploitation of the stochastic
sampling of the Nÿstrom centers performed by FALKON,
in order to account for the positive-negative imbalance.
Specifically, we propose to condition the stochastic sampling
of the M centers in the algorithm, such that we take all
P positives, while we randomly choose the remaining
(M � P ) centers among the N negatives obtained by
the previous bootstrapping iteration. This practice is
fundamental because, when P ⌧ N , randomly sampling
the M centers among the union of the two sets might lead
to further reducing the number of positives with respect to
the number of negatives and, in the worst case, discarding
all positives from the sampled Nÿstrom centers.

To conclude, we point out that the fundamental parameters
of the proposed approach are (i) the number of selected
Nÿstrom centers (M ), (ii) the number of bootstrapping iter-
ations (Iters), (iii) the size of the mini-batches of negatives
(B), (iv) and FALKON’s Gaussian kernel parameters � and
�. We cross-validated these latter two using a one-fold cross-
validation strategy, considering as validation set a subset
of 20% of the training set. Furthermore in Sec. IV, we
provide experimental evaluation of the impact of the other
parameters.

IV. EXPERIMENTS

In this section we provide experimental results to evaluate
the proposed online object detection pipeline. We compare
the three different versions of our approach described in
Sec. III-D with the Faster R-CNN baseline.

In Sec. IV-A we consider a subset of the PASCAL
VOC 2007 dataset [5] to validate the method in a standard
computer vision setting. We report performance in terms of
(i) mAP (mean Average Precision), as defined for PASCAL
VOC 2007, and (ii) training time. We also provide insights
about the impact on performance of the number of Nÿstrom
centers sampled for training.

In Sec. IV-B we test the pipeline in a robotic setting
using the ICUBWORLD TRANSFORMATIONS dataset [18],
considering the scenario described in Sec. III.

All experiments reported in this paper have run on a
machine equipped with Intel(R) Xeon(R) E5-2690 v4 CPUs
@2.60GHz, and a single NVIDIA(R) Tesla P100 GPU. We
set FALKON to not use more than 10GB of RAM.

Method mAP [%] Train Time
Faster R-CNN 51,9 ⇠25 min
FALKON + Full Bootstrap (⇠ 1K⇥1000) 51,5 ⇠8 min
FALKON + Random BKG (0 ⇥ 7000) 47,7 ⇠25 sec

TABLE I: Performance comparison on a subset of 7 classes
of the PASCAL VOC 2007. See the text (Sec. IV-A) for
details about the task and Sec. III-D for details about the
methods compared.

A. Experimental Validation on PASCAL VOC 2007

To assess the effectiveness of our approach we firstly
evaluated it on a subset of the PASCAL VOC 2007
dataset [5]. Specifically, we considered 7 classes among
the 20 that are available (aeroplane, bicycle, bird, boat,
bottle, bus, car). As train and test set for our experiments
we selected, from the VOC 2007 trainval and test sets,
respectively, all the images depicting at least one instance
belonging to one of the 7 classes, collecting a training set
of ⇠1K images and a test set of ⇠2K.

Approximated Hard Negatives Mining. As a first valida-
tion, we explored different configurations of the FALKON +
MINI BOOTSTRAP approach proposed in Sec. III-D, by vary-
ing the number of bootstrapping iterations (Iters) between
0 (i.e., no bootstrapping) and 1K (i.e., full bootstrapping,
by visiting all training images one by one), with varying
size of background batches (B). Coherently, we observed an
improvement in mAP (and training time) when progressively
performing a more extensive bootstrap.

To this end, we report, in Table I, the results provided by
the two “most extreme” versions of this approach, comparing
them with the baseline represented by fine-tuning Faster R-
CNN’s last layers (this being a sort of “upper bound” of
the expected mAP). We consider therefore (i) FALKON +
RANDOM BKG, for which we do not perform bootstrapping
and set the number of randomly sampled background regions
to 7000 (higher values did not improve performance), and
(ii) FALKON + FULL BOOTSTRAP. In this latter case, as
explained in Sec. III-D, we perform as many bootstrapping
iterations as the number of training images (1K), processing
a batch of ⇠1000 background regions for each visited image.
In both experiments, in this case we set the number of
Nÿstrom centers equal to the number of training points, since
we specifically varied this parameter in the next paragraph.

When fine-tuning Faster R-CNN, we kept frozen all layers
(RPN and CNN’s layers up to fc7), while learning from
scratch only the last fully connected layers for classification
and bounding box regression (namely, cls and bbox-reg).
For this step we set the number of iterations to 15K.

As it can be observed from Table I, we can train
a detection model in ⇠25 seconds, with a 4% gap in
performance with respect to the mAP provided by fine-
tuning Faster R-CNN’s last layers (which however requires
⇠25 minutes). Moreover, we are able to reproduce state of
the art performance (up to 0.4%) in 8 minutes. In Sec. IV-B,

Method Train
Time mAP [%] soda

bottle mug pencil
case

ring
binder wallet flower book body

lotion
hair
clip sprayer

Faster R-CNN Fine-tuning ⇠40 min 49,7 63,2 68,4 23,3 29,6 49,9 66,1 35,3 56,2 60,2 45,8
FALKON + Random BKG (0⇥6000) ⇠25 sec 40,5 57,7 67,9 17,5 23,1 23,8 59,5 26,8 39,6 48,5 40,5
FALKON + Mini Bootstrap (4⇥2500) ⇠40 sec 48,1 63,1 67,2 18,4 25,7 47,4 70,3 36,1 52,3 58,8 41,5
FALKON + Mini Bootstrap (10⇥1500) ⇠50 sec 51,3 64,7 71,2 27,2 31,7 56,9 69,4 39,6 54,0 60,7 37,1

TABLE II: Performance comparison on a 10-object identification task on ICWT (TARGET-TASK in Sec. IV-B). See the
text for details about the task and Sec. III-D for details about the methods compared.

Fig. 3: Example images representing the 10 object instances involved in the first object identification task (PREV-TASK),
i.e., the task on which we learn the RPN and the CNN feature extractor.

Fig. 4: Example images representing the 10 object instances involved in the second object identification task (TARGET-
TASK), i.e., the actual task at hand which we address.

and bbox-reg). For this step we set the number of iterations
to 20K.

Results. In Table II we compare the performance provided by
the Faster R-CNN baseline with the two methods FALKON
+ RANDOM BKG and FALKON + MINI BOOTSTRAP
(Sec. III-D).

Based on the empirical observations from Sec. IV-A, in
these experiments we set the number of Nÿstrom centers to a
relatively high value (around half the size of the training set).
Indeed, as we showed in Table I, FALKON already provides
quite fast training times when using all training points as
centers. Still, as we showed in Fig. 2, it would be possible
to further reduce M and achieve even smaller training times,
by maintaining mAP performance.

As in PASCAL VOC, for FALKON + RANDOM BKG
we set the number of randomly sampled background regions
to 6000, since we observed that increasing this parameter
above this value did not improve performance.

Regarding FALKON + MINI BOOTSTRAP, in this set-
ting we observed that just performing a few bootstrapping
iterations could allow to achieve comparable performance
to the Faster R-CNN baseline. As an example, in Table II
we report two different configurations of FALKON + MINI
BOOTSTRAP: (i) Iters = 4 and B = 2500 (FALKON +
MINI BOOTSTRAP (4 ⇥ 2500)) and (ii) Iters = 10 and
B = 1500 (FALKON + MINI BOOTSTRAP (10 ⇥ 1500)).

It can be clearly noticed that, while FALKON + RAN-
DOM BKG has the fastest training time, it presents the

lowest mAP. On the contrary, the proposed solution based
on FALKON + MINI BOOTSTRAP (4 ⇥ 2500) provides
comparable performance than fine-tuning the last layers of
Faster R-CNN, in just 40 seconds of learning (rather than
40 minutes). Moreover, FALKON + MINI BOOTSTRAP
(10 ⇥ 1500) outperforms fine-tuning with a train time of
⇠ 50 seconds.

V. CONCLUSIONS

In this work we addressed the problem of training visual
object detection systems in online robotic applications. State-
of-the art deep learning-based solutions provide remarkable
performance but typically long training times (of the order of
minutes/hours). Indeed, the huge number of candidate image
regions to be processed, together with the intrinsic unbalance
between positive and negative examples, make the learning
problem associated to detection tasks very challenging.

The pipeline we propose addresses this issue by combining
parts of one well-known deep architecture for object detec-
tion (namely, Faster R-CNN [22]), with FALKON [23], a
recently proposed kernel-based method targeted at processing
large-scale datasets. In particular, we showed how, training
Faster R-CNN end-to-end on a detection task, provides us
with a Region Proposal Network (RPN) and a deep feature
extractor, which can be re-used on a novel task to get
a set of candidate regions, and encode them into deep
representations. In this way, it is possible to address the novel
task by quickly training a set of FALKON classifiers on the
encoded regions. The computational efficiency of FALKON,

Object detection

Method Train
Time mAP [%] soda

bottle mug pencil
case

ring
binder wallet flower book body

lotion
hair
clip sprayer

Faster R-CNN Fine-tuning �40 min 49,7 63,2 68,4 23,3 29,6 49,9 66,1 35,3 56,2 60,2 45,8
FALKON + Random BKG (0�6000) �25 sec 40,5 57,7 67,9 17,5 23,1 23,8 59,5 26,8 39,6 48,5 40,5
FALKON + Mini Bootstrap (4�2500) �40 sec 48,1 63,1 67,2 18,4 25,7 47,4 70,3 36,1 52,3 58,8 41,5
FALKON + Mini Bootstrap (10�1500) �50 sec 51,3 64,7 71,2 27,2 31,7 56,9 69,4 39,6 54,0 60,7 37,1

TABLE II: Performance comparison on a 10-object identification task on ICWT (TARGET-TASK in Sec. IV-B). See the
text for details about the task and Sec. III-D for details about the methods compared.

Fig. 3: Example images representing the 10 object instances involved in the first object identification task (PREV-TASK),
i.e., the task on which we learn the RPN and the CNN feature extractor.

Fig. 4: Example images representing the 10 object instances involved in the second object identification task (TARGET-
TASK), i.e., the actual task at hand which we address.

and bbox-reg). For this step we set the number of iterations
to 20K.

Results. In Table II we compare the performance provided by
the Faster R-CNN baseline with the two methods FALKON
+ RANDOM BKG and FALKON + MINI BOOTSTRAP
(Sec. III-D).

Based on the empirical observations from Sec. IV-A, in
these experiments we set the number of Nÿstrom centers to a
relatively high value (around half the size of the training set).
Indeed, as we showed in Table I, FALKON already provides
quite fast training times when using all training points as
centers. Still, as we showed in Fig. 2, it would be possible
to further reduce M and achieve even smaller training times,
by maintaining mAP performance.

As in PASCAL VOC, for FALKON + RANDOM BKG
we set the number of randomly sampled background regions
to 6000, since we observed that increasing this parameter
above this value did not improve performance.

Regarding FALKON + MINI BOOTSTRAP, in this set-
ting we observed that just performing a few bootstrapping
iterations could allow to achieve comparable performance
to the Faster R-CNN baseline. As an example, in Table II
we report two different configurations of FALKON + MINI
BOOTSTRAP: (i) Iters = 4 and B = 2500 (FALKON +
MINI BOOTSTRAP (4 ⇥ 2500)) and (ii) Iters = 10 and
B = 1500 (FALKON + MINI BOOTSTRAP (10 ⇥ 1500)).

It can be clearly noticed that, while FALKON + RAN-
DOM BKG has the fastest training time, it presents the

lowest mAP. On the contrary, the proposed solution based
on FALKON + MINI BOOTSTRAP (4 ⇥ 2500) provides
comparable performance than fine-tuning the last layers of
Faster R-CNN, in just 40 seconds of learning (rather than
40 minutes). Moreover, FALKON + MINI BOOTSTRAP
(10 ⇥ 1500) outperforms fine-tuning with a train time of
⇠ 50 seconds.

V. CONCLUSIONS

In this work we addressed the problem of training visual
object detection systems in online robotic applications. State-
of-the art deep learning-based solutions provide remarkable
performance but typically long training times (of the order of
minutes/hours). Indeed, the huge number of candidate image
regions to be processed, together with the intrinsic unbalance
between positive and negative examples, make the learning
problem associated to detection tasks very challenging.

The pipeline we propose addresses this issue by combining
parts of one well-known deep architecture for object detec-
tion (namely, Faster R-CNN [22]), with FALKON [23], a
recently proposed kernel-based method targeted at processing
large-scale datasets. In particular, we showed how, training
Faster R-CNN end-to-end on a detection task, provides us
with a Region Proposal Network (RPN) and a deep feature
extractor, which can be re-used on a novel task to get
a set of candidate regions, and encode them into deep
representations. In this way, it is possible to address the novel
task by quickly training a set of FALKON classifiers on the
encoded regions. The computational efficiency of FALKON,

Fig. 1: Overview of the proposed on-line object detection pipeline. For a detailed description see Sec. III.

hours even for mid scale datasets.
In this work we propose a novel approach to (i) select

hard negatives, by implementing an approximated and faster
bootstrapping procedure, and (ii) account for the imbalance
between positive and negative regions by relying on a
Nÿstrom based kernel method (namely FALKON [23]).

III. METHODS
For the definition of our pipeline, we considered the

realistic scenario where a humanoid robot is taught to learn
to detect a set of novel object instances (TARGET-TASK
in the following). We suppose that, reasonably, the robot is
provided with a past knowledge of the surrounding world,
represented by convolutional weights previously learned on
a different set of objects (PREV-TASK in the following).

To this end, in this work we propose an object detection
method that can be trained on-the-fly on the TARGET-
TASK, by relying on model components previously trained
on PREV-TASK. Referring to a typical detection pipeline,
composed of (i) a region proposal stage, (ii) a feature
extraction stage and (iii) a final classification stage, we
propose an approach which learns (i) the region proposals
and (ii) the feature extractor, on PREV-TASK, such that,
when the robot is required to learn the TARGET-TASK,
only the final classification stage must be trained online.
Our major contribution consists in an efficient approach
to perform this latter step, where the features extracted
from candidate regions are selected and labeled as either
positive or negative samples, considering the ground truth,
and are used to train on-the-fly a set of FALKON classifiers
(together with Regularized Least Squares (RLS) regressors
for bounding boxes refinement).

In this Section, we describe the main steps of the proposed
pipeline. We first motivate the choices of the region proposal
and feature extraction method (Sec. III-A). Then, we focus
on the classifier algorithm (Sec. III-C), by explaining our
adaptation of FALKON, aimed to address the problem of the
large imbalance between positive and negative examples and

the related background samples selection procedure which
must be performed (Sec. III-D).

A. Pipeline Overview

We refer to Fig. 1 for a pictorial representation of each
stage of the pipeline. For the first stages, we adopt the
architecture of Faster R-CNN [22]. Specifically we exploit
the class-agnostic Region Proposal Network (RPN) to predict
a set of candidate RoIs. Each of them is then associated to
a deep feature map by means of a so-called RoI pooling
layer [7]. This allows to efficiently encode into a deep
representation each region proposed by the RPN, with only
one forward pass of the convolutional feature extraction
layers. Specifically, we adopt the CNN model proposed
in [33] as convolutional backbone of the algorithm (whose
integration in Faster R-CNN is publicly available1).

Finally, in Faster R-CNN, the pooled features from the
region proposals are processed by a so-called detector net-
work, composed of two fully-connected layers and the final
two output layers for class prediction and bounding box
refinement. In our pipeline, we keep the two fully connected
layers, but replace the two output layers respectively with
the proposed FALKON classifiers and Regularized Least
Squares (RLS) regressors for the refinement of the predicted
bounding boxes.

B. Pipeline Learning

In the considered scenario, we train Faster R-CNN on the
PREV-TASK in order to learn the RPN and the convolu-
tional (and fully connected) layers. Afterwards, we use the
learned components in the TARGET-TASK, to extract and
encode region proposals into deep features, and train on-the-
fly only FALKON classifiers and RLS regressors.

More specifically, to learn the RPN and the CNN fea-
ture extractor, we adopted the 4-Steps Alternating Training

1https://github.com/rbgirshick/py-faster-rcnn/
tree/master/models/pascal_voc/ZF

adopted by [8]. In fact, this can be seen as performing
our approximated procedure when considering all negative
regions in the training set, and setting each mini-batch to
contain the negatives from an image (i.e., Iters = n).
FALKON + RANDOM BKG: In this case we do not
perform any type of hard negatives selection, but we
randomly sample a subset from all the negative regions
proposed by the RPN. This can be seen as performing our
approximated procedure with Iters = 0.

Rebalancing Nÿstrom centers. The second component of
our approach consists in the exploitation of the stochastic
sampling of the Nÿstrom centers performed by FALKON,
in order to account for the positive-negative imbalance.
Specifically, we propose to condition the stochastic sampling
of the M centers in the algorithm, such that we take all
P positives, while we randomly choose the remaining
(M � P ) centers among the N negatives obtained by
the previous bootstrapping iteration. This practice is
fundamental because, when P � N , randomly sampling
the M centers among the union of the two sets might lead
to further reducing the number of positives with respect to
the number of negatives and, in the worst case, discarding
all positives from the sampled Nÿstrom centers.

To conclude, we point out that the fundamental parameters
of the proposed approach are (i) the number of selected
Nÿstrom centers (M ), (ii) the number of bootstrapping iter-
ations (Iters), (iii) the size of the mini-batches of negatives
(B), (iv) and FALKON’s Gaussian kernel parameters � and
�. We cross-validated these latter two using a one-fold cross-
validation strategy, considering as validation set a subset
of 20% of the training set. Furthermore in Sec. IV, we
provide experimental evaluation of the impact of the other
parameters.

IV. EXPERIMENTS

In this section we provide experimental results to evaluate
the proposed online object detection pipeline. We compare
the three different versions of our approach described in
Sec. III-D with the Faster R-CNN baseline.

In Sec. IV-A we consider a subset of the PASCAL
VOC 2007 dataset [5] to validate the method in a standard
computer vision setting. We report performance in terms of
(i) mAP (mean Average Precision), as defined for PASCAL
VOC 2007, and (ii) training time. We also provide insights
about the impact on performance of the number of Nÿstrom
centers sampled for training.

In Sec. IV-B we test the pipeline in a robotic setting
using the ICUBWORLD TRANSFORMATIONS dataset [18],
considering the scenario described in Sec. III.

All experiments reported in this paper have run on a
machine equipped with Intel(R) Xeon(R) E5-2690 v4 CPUs
@2.60GHz, and a single NVIDIA(R) Tesla P100 GPU. We
set FALKON to not use more than 10GB of RAM.

Method mAP [%] Train Time
Faster R-CNN 51,9 �25 min
FALKON + Full Bootstrap (� 1K�1000) 51,5 �8 min
FALKON + Random BKG (0 � 7000) 47,7 �25 sec

TABLE I: Performance comparison on a subset of 7 classes
of the PASCAL VOC 2007. See the text (Sec. IV-A) for
details about the task and Sec. III-D for details about the
methods compared.

A. Experimental Validation on PASCAL VOC 2007

To assess the effectiveness of our approach we firstly
evaluated it on a subset of the PASCAL VOC 2007
dataset [5]. Specifically, we considered 7 classes among
the 20 that are available (aeroplane, bicycle, bird, boat,
bottle, bus, car). As train and test set for our experiments
we selected, from the VOC 2007 trainval and test sets,
respectively, all the images depicting at least one instance
belonging to one of the 7 classes, collecting a training set
of ⇠1K images and a test set of ⇠2K.

Approximated Hard Negatives Mining. As a first valida-
tion, we explored different configurations of the FALKON +
MINI BOOTSTRAP approach proposed in Sec. III-D, by vary-
ing the number of bootstrapping iterations (Iters) between
0 (i.e., no bootstrapping) and 1K (i.e., full bootstrapping,
by visiting all training images one by one), with varying
size of background batches (B). Coherently, we observed an
improvement in mAP (and training time) when progressively
performing a more extensive bootstrap.

To this end, we report, in Table I, the results provided by
the two “most extreme” versions of this approach, comparing
them with the baseline represented by fine-tuning Faster R-
CNN’s last layers (this being a sort of “upper bound” of
the expected mAP). We consider therefore (i) FALKON +
RANDOM BKG, for which we do not perform bootstrapping
and set the number of randomly sampled background regions
to 7000 (higher values did not improve performance), and
(ii) FALKON + FULL BOOTSTRAP. In this latter case, as
explained in Sec. III-D, we perform as many bootstrapping
iterations as the number of training images (1K), processing
a batch of ⇠1000 background regions for each visited image.
In both experiments, in this case we set the number of
Nÿstrom centers equal to the number of training points, since
we specifically varied this parameter in the next paragraph.

When fine-tuning Faster R-CNN, we kept frozen all layers
(RPN and CNN’s layers up to fc7), while learning from
scratch only the last fully connected layers for classification
and bounding box regression (namely, cls and bbox-reg).
For this step we set the number of iterations to 15K.

As it can be observed from Table I, we can train
a detection model in ⇠25 seconds, with a 4% gap in
performance with respect to the mAP provided by fine-
tuning Faster R-CNN’s last layers (which however requires
⇠25 minutes). Moreover, we are able to reproduce state of
the art performance (up to 0.4%) in 8 minutes. In Sec. IV-B,

Method Train
Time mAP [%] soda

bottle mug pencil
case

ring
binder wallet flower book body

lotion
hair
clip sprayer

Faster R-CNN Fine-tuning �40 min 49,7 63,2 68,4 23,3 29,6 49,9 66,1 35,3 56,2 60,2 45,8
FALKON + Random BKG (0�6000) �25 sec 40,5 57,7 67,9 17,5 23,1 23,8 59,5 26,8 39,6 48,5 40,5
FALKON + Mini Bootstrap (4�2500) �40 sec 48,1 63,1 67,2 18,4 25,7 47,4 70,3 36,1 52,3 58,8 41,5
FALKON + Mini Bootstrap (10�1500) �50 sec 51,3 64,7 71,2 27,2 31,7 56,9 69,4 39,6 54,0 60,7 37,1

TABLE II: Performance comparison on a 10-object identification task on ICWT (TARGET-TASK in Sec. IV-B). See the
text for details about the task and Sec. III-D for details about the methods compared.

Fig. 3: Example images representing the 10 object instances involved in the first object identification task (PREV-TASK),
i.e., the task on which we learn the RPN and the CNN feature extractor.

Fig. 4: Example images representing the 10 object instances involved in the second object identification task (TARGET-
TASK), i.e., the actual task at hand which we address.

and bbox-reg). For this step we set the number of iterations
to 20K.

Results. In Table II we compare the performance provided by
the Faster R-CNN baseline with the two methods FALKON
+ RANDOM BKG and FALKON + MINI BOOTSTRAP
(Sec. III-D).

Based on the empirical observations from Sec. IV-A, in
these experiments we set the number of Nÿstrom centers to a
relatively high value (around half the size of the training set).
Indeed, as we showed in Table I, FALKON already provides
quite fast training times when using all training points as
centers. Still, as we showed in Fig. 2, it would be possible
to further reduce M and achieve even smaller training times,
by maintaining mAP performance.

As in PASCAL VOC, for FALKON + RANDOM BKG
we set the number of randomly sampled background regions
to 6000, since we observed that increasing this parameter
above this value did not improve performance.

Regarding FALKON + MINI BOOTSTRAP, in this set-
ting we observed that just performing a few bootstrapping
iterations could allow to achieve comparable performance
to the Faster R-CNN baseline. As an example, in Table II
we report two different configurations of FALKON + MINI
BOOTSTRAP: (i) Iters = 4 and B = 2500 (FALKON +
MINI BOOTSTRAP (4 ⇥ 2500)) and (ii) Iters = 10 and
B = 1500 (FALKON + MINI BOOTSTRAP (10 ⇥ 1500)).

It can be clearly noticed that, while FALKON + RAN-
DOM BKG has the fastest training time, it presents the

lowest mAP. On the contrary, the proposed solution based
on FALKON + MINI BOOTSTRAP (4 ⇥ 2500) provides
comparable performance than fine-tuning the last layers of
Faster R-CNN, in just 40 seconds of learning (rather than
40 minutes). Moreover, FALKON + MINI BOOTSTRAP
(10 ⇥ 1500) outperforms fine-tuning with a train time of
⇠ 50 seconds.

V. CONCLUSIONS

In this work we addressed the problem of training visual
object detection systems in online robotic applications. State-
of-the art deep learning-based solutions provide remarkable
performance but typically long training times (of the order of
minutes/hours). Indeed, the huge number of candidate image
regions to be processed, together with the intrinsic unbalance
between positive and negative examples, make the learning
problem associated to detection tasks very challenging.

The pipeline we propose addresses this issue by combining
parts of one well-known deep architecture for object detec-
tion (namely, Faster R-CNN [22]), with FALKON [23], a
recently proposed kernel-based method targeted at processing
large-scale datasets. In particular, we showed how, training
Faster R-CNN end-to-end on a detection task, provides us
with a Region Proposal Network (RPN) and a deep feature
extractor, which can be re-used on a novel task to get
a set of candidate regions, and encode them into deep
representations. In this way, it is possible to address the novel
task by quickly training a set of FALKON classifiers on the
encoded regions. The computational efficiency of FALKON,



Summing up

I Computational regularization for efficient learning.

I Faster GP/Kernel solver ever.

Looking ahead

I Other loss functions, norms, learning problems . . . .

I Parallelization.

I Non convex problems.

I Optimal complexity.

check papers on arxiv.org


	Classical regularization
	Regularization by optimization
	Regularization & Projections
	Preconditioning

