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ATLAS currently stores almost 500 PB of data on disk and tape 
(Other experiments store similar volumes) 

How big is that?
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~2 million bytes (2MB) 
Average size of an e-book



How Big is Big? 5

~1 trillion bytes (1TB) 
Typical storage on a desktop 

computer
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~1 trillion bytes (1TB) 
Typical storage on a desktop 

computer

x 1000 ≈ 1PB
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186 quintillion bytes (186 000 PB) 
Estimated global monthly internet traffic in 2019
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40 MILLION 

COLLISIONS PER 
SECOND

= 60 TB/second
= 24 million 30 Mbps 

broadband 
connections

High level trigger
Decision time: 
0.5 seconds
per collision

100 000 
COLLISIONS PER 

SECOND
= 160 GB/second

= 43 000 broadband 
connections

Hardware trigger
Decision time: 

<1/1000th second
per collision

Tape
1 000 COLLISIONS PER 

SECOND
= 1.5 GB/second
= 400 broadband 

connections



Data Centres and Computing Grids 9



Data Centres and Computing Grids 10

Computing 
Elements

Storage elements

Disk

Tape

Databases

External 
data links

Power and cooling



Data Centres and Computing Grids 11



Data Centres and Computing Grids 12

CERN

Satellite data centre:
smaller data centres that 
take some of the workload from
the nucleus

Nucleus data centre: 
big data centres that manage
requests for services (“tasks”) High bandwidth nucleus-nucleus link

High bandwidth nucleus-satellite link
Satellite-satellite link

Elsewhere Nordic countries

Total computing time delivered to  
ATLAS in the past year:  
~6 billion HS06 hours  

(about half a billion human hours) 
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Results
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Artificial Intelligence

Machine learning

uses statistical inference to extract generalities from “training” data 
→ “learns” from the training data 
→ when exposed to new data, demonstrates behaviours that have not been explicitly 
programmed
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Figure 5. Example alignments predicted by our model. For every test image above, we retrieve the most compatible test sentence and
visualize the highest-scoring region for each word (before MRF smoothing described in Section 3.1.4) and the associated scores (vTi st).
We hide the alignments of low-scoring words to reduce clutter. We assign each region an arbitrary color.

the BRNN, we observe additional performance improve-
ments. Since the dependency relations were shown to work
better than single words and bigrams [18], this suggests that
the BRNN is taking advantage of contexts longer than two
words. Furthermore, our method does not rely on extracting
a Dependency Tree and instead uses the raw words directly.

MSCOCO results for future comparisons. The
MSCOCO dataset has only recently been released, and we
are not aware of other published ranking results. Therefore,
we report results on a subset of 1,000 images and the full
set of 5,000 test images for future comparisons.

Qualitative. As can be seen from example groundings in
Figure 5, the model discovers interpretable visual-semantic
correspondences, even for small or relatively rare objects
such as “seagulls” and “accordion”. These details would
be missed by models that only reason about full images.

4.2. Evaluation of Generated Descriptions

We have demonstrated that our alignment model produces
state of the art ranking results and qualitative experiments
suggest that the model effectively infers the alignment be-
tween words and image regions. Our task is now to synthe-
size these sentence snippets given new image regions. We
evaluate these predictions with the BLEU [37] score, which
despite multiple problems [15, 23] is still considered to be
the standard metric of evaluation in this setting. The BLEU
score evaluates a candidate sentence by measuring the frac-
tion of n-grams that appear in a set of references.

Our multimodal RNN outperforms retrieval baseline.

We first verify that our multimodal RNN is rich enough to
support sentence generation for full images. In this exper-
iment, we trained the RNN to generate sentences on full
images from Flickr8K, Flickr30K, and MSCOCO datasets.
Then at test time, we use the first four out of five sentences
as references and the fifth one to evaluate human agree-
ment. We also compare to a ranking baseline which uses
the best model from the previous section (Section 4.1) to
annotate each test image with the highest-scoring sentence
from the training set. The quantitative results of this exper-
iment are in Table 2. Note that the RNN model confidently
outperforms the retrieval method. This result is especially
interesting in MSCOCO dataset, since its training set con-
sists of more than 600,000 sentences that cover a large vari-
ety of descriptions. Additionally, compared to the retrieval
baseline which compares each image to all sentences in the
training set, the RNN takes a fraction of a second to evalu-
ate.

Comparison to previous work. Recently, Mao et al. [31]
introduced a multimodal Recurrent Neural Network simi-
lar to ours, but embedded in a more complex and deeper
architecture. We report the results of our simpler model
next to theirs in Table 2. It is important to note that it is
hard to understand the differences between these models
since many details and choices (e.g. exact details of pre-
processing, size of word dictionaries, whether word vectors
are learned, numbers of parameters in each model) influ-
ence both scores, and many of these choices are not care-
fully controlled.

IMAGENET: Large Scale Visual 
Recognition Challenge	

4 

Convolutional  
Deep Neural Networks 

h#p://devblogs.nvidia.com/parallelforall/wp-content/uploads/sites/3/2015/08/image1-624x293.png	
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Fig. 2. A 2-stage ConvNet architecture. The input is processed in a feed-
forward manner through two stage of convolutions and subsampling, and
finally classified with a linear classifier. The output of the 1st stage is also
fed directly to the classifier as higher-resolution features.

form-factor parallel hardware based on FPGAs or GPUs. Em-
bedded systems based on FPGAs can run large ConvNets in
real time [11], opening the possibility of performing multiple
vision tasks simultaneously with a common infrastructure.

The ConvNet was trained with full supervision on the color
images of the GTSRB dataset and reached 98.97% accuracy
on the phase 1 test set. After the end of phase 1, additional
experiments with grayscale images established a new record
accuracy of 99.17%.

II. ARCHITECTURE

The architecture used in the present work departs from
traditional ConvNets by the type of non-linearities used,
by the use of connections that skip layers, and by the use
of pooling layers with different subsampling ratios for the
connections that skip layers and for those that do not.

A. Multi-Scale Features

Usual ConvNets are organized in strict feed-forward lay-
ered architectures in which the output of one layer is fed
only to the layer above. Instead, the output of the first stage
is branched out and fed to the classifier, in addition to the
output of the second stage (Fig. 2). Contrary to [12], we use
the output of the first stage after pooling/subsampling rather
than before. Additionally, applying a second subsampling
stage on the branched output yielded higher accuracies than
with just one. Therefore the branched 1st-stage outputs are
more subsampled than in traditional ConvNets but overall
undergoes the same amount of subsampling (4x4 here)
than the 2nd-stage outputs. The motivation for combining
representation from multiple stages in the classifier is to
provide different scales of receptive fields to the classifier.
In the case of 2 stages of features, the second stage extracts
“global” and invariant shapes and structures, while the first
stage extracts “local” motifs with more precise details. We
demonstrate the accuracy gain of using such layer-skipping
connections in section III-B.

B. Non-Linearities

In traditional ConvNets, the non-linear layer simply con-
sists in a pointwise sigmoid function, such as tanh(). How-
ever more sophisticated non-linear modules have recently
been shown to yield higher accuracy, particularly in the small
training set size regime [9]. These new non-linear modules
include a pointwise function of the type | tanh()| (rectified
sigmoid), followed by a subtractive local normalization,
and a divisive local normalization. The local normalization
operations are inspired by visual neuroscience models [13],

[14]. The subtractive normalization operation for a given site
xijk computes: vijk = xijk !

!
ipq wpq .xi,j+p,k+q , where

wpq is a Gaussian weighting window normalized so that!
ipq wpq = 1. The divisive normalization computes yijk =

vijk/max(c,!jk) where !jk = (
!

ipq wpq.v2i,j+p,k+q)
1/2.

For each sample, the constant c is set to the mean(!jk) in
the experiments. The denominator is the weighted standard
deviation of all features over a spatial neighborhood.

Finding the optimal architecture of a ConvNet for a given
task remains mainly empirical. In the next section, we
investigate multiple architecture choices.

III. EXPERIMENTS

A. Data Preparation

1) Validation: Traffic sign examples in the GTSRB
dataset were extracted from 1-second video sequences, i.e.
each real-world instance yields 30 samples with usually
increasing resolution as the camera is approaching the sign.
One has to be careful to separate each track to build a
meaningful validation set. Mixing all images at random
and subsequently separating into training and validation will
result in very similar sets, and will not accurately predict
performance on the unseen test set. We extract 1 track at
random per class for validation, yielding 1,290 samples for
validation and 25,350 for training. Some experiments will
further be reported using this validation set. While reporting
cross-validated results would be ideal, training time currently
prohibits running many experiments. We will however report
cross-validated results in the future.

2) Pre-processing: All images are down-sampled or up-
sampled to 32x32 (dataset samples sizes vary from 15x15
to 250x250) and converted to YUV space. The Y channel
is then preprocessed with global and local contrast normal-
ization while U and V channels are left unchanged. Global
normalization first centers each image around its mean value,
whereas local normalization (see II-B) emphasizes edges.

Size Validation Error
Original dataset 25,350 1.31783%
Jittered dataset 126,750 1.08527%

TABLE I

PERFORMANCE DIFFERENCE BETWEEN TRAINING ON REGULAR

TRAINING SET AND JITTERED TRAINING SET.

Additionally, we build a jittered dataset by adding 5
transformed versions of the original training set, yielding
126,750 samples in total. Samples are randomly perturbed in
position ([-2,2] pixels), in scale ([.9,1.1] ratio) and rotation
([-15,+15] degrees). ConvNets architectures have built-in
invariance to small translations, scaling and rotations. When
a dataset does not naturally contain those deformations,
adding them synthetically will yield more robust learning
to potential deformations in the test set. We demonstrate the
error rate gain on the validation set in table I. Other realistic
perturbations would probably also increase robustness such
as other affine transformations, brightness, contrast and blur.
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Figure 8: Observation of the single top quark production at the Tevatron. The D0
discriminant distribution is represented in (a), where the single top quark signal
is shown in blue and shaded areas indicate the background uncertainty. The CDF
discriminant distribution is presented in (b), indicating an excess of events at
the large discriminant values in comparison with background predictions (non-red
colors). Red indicates the single top quark contribution.

the 6.3� observation of s-channel process [87]. Figure 9 summarizes single top
quark production data at the Tevatron using full data set. The s- and t-channel
cross sections are in agreement with the SM predictions.

The single top quark production cross section in the SM is approximately
proportional to the square of the CKM matrix [11, 12] element Vtb. By extracting
Vtb from the measured single top quark cross sections and including uncertainties
on the predictions, this parameter is measured directly without assumptions on
the number of quark generations or on the unitarity of the CKM matrix. The
Tevatron measurement, Vtb = 1.02+0.06

�0.05, shown in Fig. 10 is in agreement with the
Vtb value obtained with the assumptions of CKM matrix unitarity and three quark
generations [88].

The single top t-channel cross section at the LHC of 90 pb at
p
s = 8 TeV [89]

is substantially larger than at the Tevatron and thus provides large samples of the
single top quark events. An interesting feature of the LHC is that about twice as
many top as anti-top quarks are produced due to the proton proton initial state
(for the Tevatron these numbers are the same). All measured single top quark
cross sections and ratios of the top to anti-top cross sections at 7 TeV and 8 TeV
LHC energies are in agreement with the SM predictions. The s-channel cross
section at the LHC (3.2 pb at

p
s = 7 TeV [90]) has a relatively small increase

over the Tevatron as this process requires quark-anti-quark annihilation (Fig. 7)
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Into the (distant) future 19Deep Networks
Results
Lo+hi = lo.

Conclude:
DN can find
    hi-level vars.

Hi-level vars
  do not have all info
  are unnecessary

14

A.I. learning physics by itself?

Data archival with DNA?


