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3505 of what consumers purchase are a direct result from
personalized recommendations
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Big Data -

Need to support frequent updates
Demand for real-time data processing and recommendation

Many different domain-specific data features

« All potentially useful data sources!
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' Research Gap

Simultaneously deal with:

e Multiple domain-specific requirements
 Heterogenous information sources

* Frequent and diverse data updates

* Need for real-time processing

Lacic, E. (2016). Real-Time Recommendations in a Multi-Domain Environment.In Extended
Proceedings at Doctoral Consortium of the 27th ACM Conference on Hypertext and Social Media (HT'16)

> Motivation >> RQ1 >> RQ2 >> RQ3 >> RQ4 >> Summary >
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How does combining different data sources and recommender approaches
impact the robustness of recommendations?

How can we address customization, scalability and real-time performance
across multiple recommender systems domains?

How can we balance the trade-off between accuracy and runtime in
real-time recommender systems?

How can we improve real-time recommendations
beyond accuracy?
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How does combining different
data sources and recommender approaches
Impact the robustness of recommendations?

Lacic, E., Kowald, D., Eberhard, L., Trattner, C., Parra, D., and Marinho, L. B. (2015). Utilizing online
MP1 social network and location-based data to recommend products and categories in online
marketplaces. In Mining, Modeling, and Recommending’Things’in Social Media (pp. 96-115). Springer.
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Products low-level categories top-level Categories
Sets nDCGEQ10  PQ@lo R@10 | nDCG@10 PQ10 R@10 | nDCGQ10 PQ10 R@10 | D@10 uc
Most Popular .0082 .0021 0122 0185 0207 0157 .2380 2730 .2221 5945  100.00%
Market | Content .0158 .0107 0145 1109 .0933 1085 5292 4651 5251 6389 99.79%
Content .0029 .0018 0024 0527 .0433 0572 4216 .3264 4495 5589 81.65%
E Social Network 1422 1188 1460 1643 1425 1755 .3940 3375 4044 4589 71.53%
- Combined 1427 1174 .1465 1821 1531 .1968 .5223 4125 .54350 6241 92.70%
E Content .0035 .0020 0028 0531 0425 0594 5139 .3843 5583 .6963  100.00%
£ | Location Network .0015 .0007 .0010 0330 .0283 0377 .3535 2670 .3766 4864 70.59%
= Combined .0031 0021 .0030 0537 .0439 .0601 5152 3883 .5563 6932 100.00%
Combined 1477 .1206 1515 .2086% 1740 .2197* .5868% 4734 5994 | 6630 100.00%
Combined Top 3 .1498%* .1246* .1540% 2078 .1829%* 2174 .5696 4878* .5809 .6521  100.00%

Utilizing additional information sources can lead to more robust recommenders with respect to
accuracy, diversity, and user coverage

The use of additional data helps mitigate the cold-start problem, i.e., when a new user comes to the system.
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How can we address
customization, scalability and real-time
performance across multiple recommender systems domains?

Lacic, E., Kowald, D. and Lex, E. (2017). Tailoring Recommendations for a Multi-Domain
MP2 Environment. In Workshop on Intelligent Recommender Systems by Knowledge Transfer and Learning
. ) (RecSysKTL’17) co-located with the 11th ACM Conference on Recommender Systems (RecSys’17)
Lacic, E. (2016). Real-Time Recommendations in a Multi-Domain Environment.In Extended
MP4 Proceedings at Doctoral Consortium of the 27th ACM Conference on Hypertext and Social Media
(HT’16)

TP - I I YD
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SocRecM -» Scalable Recommendations-as-a-Service (ScaR)

« Suited for providing recommendations in an environment where

multiple domains need to be simultaneously supported in real-time

« Design principles and architecture that is easily adapted for
different recommendation scenarios
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How can we balance the trade-off
between accuracy and runtime In
real-time recommender systems?

Lacic, E., Kowald, D., Parra, D., Kahr, M., and Trattner, C. (2014). Towards a scalable social
MP3 recommender engine for online marketplaces: The case of apache solr. In Proceedings of the 23rd
. ACM International Conference on World Wide Web (WWW’14), pp. 817-822

Lacic, E. (2016). Real-Time Recommendations in a Multi-Domain Environment.In Extended
MP4 Proceedings at Doctoral Consortium of the 27th ACM Conference on Hypertext and Social Media
(HT'16)
)

Lacic, E., Reiter-Haas, M., Duricic, T., Slawicek, V. and Lex, E. (2019). Should we Embed? A Study
MP5 on the Online Performance of Utilizing Embeddings for Real-Time Job Recommendations. In
Proceedings of the 13th ACM Conference on Recommender Systems (RecSys’2019). ACM

Motivation Problem & RQ1 RQ2 RQ4 Summary ISDS @"aw
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Real-time Recommender Systems in Multi-Domain Settings

« Efficient data handling and horizontal scaling to support the desired number of recommendation requests

* l.e., minimize the impact on the runtime performance of individual algorithms
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« Improvements can be done on an algorithmic level

* e.g., auser pre-filtering step to build a smaller set of candidate neighbors in a greedy
manner for Collaborative Filtering

Approach | T (ms) ‘ o (ms) ‘ P@10 R@10 ‘ nDCG@10 ‘ ucC
Most Popular 78.59 20.00 .0285 .0285 .0232 100 %
CFryi 2,053.45 9,600.63 0611 (.0918) .0527 (.0792) .0316 (.0475) 66.56%
CFov=20 59.56 60.08 .0586 (.0890) .0541 (.0821) .0318 (.0483) 65.87%
o CFov =40 65.47 69.61 .0689 (.1042) .0645 (.0974) .0378 (.0571) 66.21%
© CFov=60 74.62 85.83 0724 (.1095) 0678 (.1026) 0396 (.0599) 66.10%
CFov=s0 82.40 102.75 .0707 (.1077) .0661 (.1007) .0386 (.0588) 65.62%
CFov=100 87.38 115.17 .0693 (.1055) .0646 (.0983) .0373 (.0568) 65.70%
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How can we improve real-time recommendations
beyond accuracy?

Lacic, E., Reiter-Haas, M., Duricic, T., Slawicek, V. and Lex, E. (2019). Should we Embed? A Study
MP5 on the Online Performance of Utilizing Embeddings for Real-Time Job Recommendations. In
Proceedings of the 13th ACM Conference on Recommender Systems (RecSys’2019). ACM

’ )\ Lacic, E., Reiter-Haas, M., Kowald, D., Dareddy, M. R., Cho, J. and Lex, E. (2020). Using
MP6 Autoencoders for Session-based Job Recommendations. In the Journal of User Modeling and
User-Adapted Interaction (UMUAI). Springer

—
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.
Goals:
Investigate the trade-off between accuracy ) .
« Offline setting | )

* Online setting

ONLINE SETTING

Optimize on beyond-accuracy for
anonymous user sessions:

* Frequent scenario for real-time recommender ANONYMOUS SESSIONS
systems in the real world

T I I D) ~ XD
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flexible permanent part time job
W Wisg Wis2 Wiss Wisa
—
Coko o Ermes Train [ Integrating frequency and recency on item
- Doc2Vec . .
. > D embeddings provides a good trade-off
Job Posting between Novelty, Diversity and Accuracy
J
Novelty Diversity ‘ nDCG ‘
e | d=100 7469 4845 0170
Utilizing the most recent Integrating interaction Q d=200 7389 5091
job interaction frequency and recency ~ 12300 e [
J1,1 | 91,2 J1,d J1,1 | 91,2 Jid |%BLLg Q d=100 7595
> | o
g + S| Z | d=200 7870
321|322 32,d 5 321 | 32,2 .« |J2d [%BLL2 R d=300 8085
° E ° | d=100 7300
° 4 + = | d=200 7516
° ° d=300 7609 6388 0144

In1 [ In,2 In,d < 7 In1 [ In2 Jnd | ¥BLLp

Ju,1 | du,2 Ju,d Ju,1 | Ju,2 Ju,d

LAST BLL
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BEYOND ACCURACY:

ONLINE SETTING

D woiaion > > PEENESS kS e >y >m> summary >
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Master-/Diplomarbeit AVL TU Graz

Automated Testing of a Dynamic AVL
GUI - Tool Evaluation

A well designed, performant, and intuitive user interface

is often one of the most important aspects of modern... H O M E PA G E

Master-/Diplomarbeit AVL TU Graz

Testumgebung fir

Systemsimulation einer
Hochtemperatur-Brennstoffzelle

AVL ist das weltweit grofte, unabhéngige Unternehmen
fur die Entwicklung, Simulation und Priftechnik von...

Master-/Diplomarbeit AVL TU Graz

Regelung des Betriebs einer
Hochtemperatur-Brennstoffzelle

Motivation Problem & RQ1 RQ2 RQ3 Summary ISDS @"ﬂw
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Location Context: Homepage

- 350
= 020 - # Days: 25
U .  # Distinct Users: 9,620
fﬁm zm‘g' # Recommendation Requests: 26, 334
E{].lﬂ : E
EEE “ Approach | CTR S Runtime (ms) N
5 005
A : . BLL 0.0671 ] 114" ]
I e S | E CT 0.0580 15.69% 32 13.64%
0o 3 & 9 12 15 18 21 M dﬁ,

J\f
"\.l
Day 3

By combining embeddings with BLL we can improve both the user acceptance and
runtime performance.

D voiaion > > FEEESS ko S R >y >m> summary >
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Master- / Diplomarbeit
Arbeitsbeginn: Ab sofort

Standort: Hans-List-Platz 1, 8020
Graz

Gehalt: €2.500

AVL List GmbH
MSc. Mehdi... | Kontakt anzeige
- zum Unternehr profi

Studienpraktikant im Bereich %
Functional Cost Engineering K8

w/m Ahnliche Jobs

Model based NVH analysis of
manufacturing tolerances in electric motor

Mit Gber 8.600 Mitarbeitern ist AVL das weltweit groBte
unabhéngige Unternehmen fir die Entwicklung von
Antriebssystemen (Verbrennungsmotoren, Hybrid Systeme,
elektrische Antriebe) sowie Simulation und Priftechnik fiir
PKW, LKW und Schiffsmotoren. Electro-magnetic field simulation of
parasitic currents in shielded single ...

Deine Aufgaben:

Full vehicle durability of vehicle suspension
components due to random vibration

« Unterstitzung beim Aufbau von analytisch funktionalen
Kostenapplikationen zur Unterstiitzung der Fahrzeug-
und Antriebstrangentwicklung

« Unterstitzung bei der Adaption und Weiterentwicklung

der IT Infrastruktur fir den Einsatz von funktionalen

Problem &

Motivation ROs

RQ1 RQ2 RQ3

Summary I s DS E(:Mow
. ::’g:?"AUC‘YEI\?E;5VSTEMS Cen ter
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Location Context: Details Page

E2 0,04 200 # DHYSI 15
o 5 #Distinct Users: 4,715
A "% #Recommendation Requests: 18, 464
E 0,021 1““;5
D Approach CIR 4 Runtime (ms) Ny
0 0014 50 v s
LAST 0.0249 75.35% 67 28.72%
S e e BLL 0.0142 94
Dray \F’J Q}’

The much simpler and runtime efficient LAST strategy exhibits a better user acceptance
when recommending similar jobs.

T I I D) ~ XD




Real-time Recommender Systems in Multi-Domain Settings TU

Location Context: Details Page

5 o0t T 200 # Days: 15
o wz #Distinct Users: 3,375
r} :  # Recommendation Requests: 11,992
2 0021 100 g
£ 2
; o . Approach CTR e Runtime (ms) Ny
5 g0l
. BLL;—06 | 0.0174% 97
. . . . : — 35.94% 2.06%
S S R e BLL, o4 | 0.0128 95
Day 433"'}"46}'%

Location context matters with respect to what kind of recommendations the user expects!
Users expect recommendations that are related to the recent history (i.e., less exploration).

T I I D) ~ XD
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BEYOND ACCURACY:

ANONYMOUS
USER SESSIONS
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Session Interactions

g — Jy —— U3

‘ A novel method that uses neural autoencoders
T | to Infer session embeddings which are
; ) ; utilized in a KNN manner

Motivation Problem & RQ1 RQ2 RQ3 Summary ISDS @NOW
RQs (] e Center




TU

Real-time Recommender Systems in Multi-Domain Settings Grazm
N T —— 1. SESSIONFILTERING
. . L ~ J 3. CALCULATE SESSION SIMILARITY
Session Interactions 2. INFER SESSION EMBEDDING

g — Jy —— U3

x s
O : ~
9 “1%/0 0 0 0|+ %] S ‘-Ji g
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Either by:
1) Only considering user interactions

Session Interactions

b — dyg —— I3

Jp Jz J3 dg OOQ
| | t-SNE on session embeddings

ENCODER [ ~—~—~—~———-=——=--=--- | -
FC T " L 1 I ‘
1 | 1 1 )
| | | 4 5
I Code /| I 5
I : 1 5 : <«——— Session Representation 0 ‘e
I @ 1 e
1> 1 1 |'>u. | 3
] 1 -l | N

- I - -s0
(- ! h I s |
1 = 1 1 o 1

Q. | 2
I = 1 > -100
- ! I o !
[ 1 1 |
| 1 1 1 50
! ! 000
I ! ) I
[ ! 1 I
1 === — - 4
e e e + DECODER AE|nt

Motivation Problem & RQ1 RQ2 RQ3 Summary ISDS @"OW
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Either by:
1) Only considering user interactions
2) Adding 1-hot encoded content features for every job interaction

Session Interactions

g — Jy —— U3

1 0 0 0 1 1 1 0 1 OO0 o 0 0
Jr (=43) Jr1(=4dq) dra (=41) OO0 Jrm
| ST t-SNE on session embeddings
ENCODER | ;
P T T--7777 1 | ' "
I l I !
' : !
: | Code : - : «——— Session Representation ‘§
1 QLJ 1 1 g_ | é
1> ! 1 o | I
1 8 1 1 =
—
| " h I 5
1 2 1 1 o |
o " =
I e | 5 |
| - 1 1 o |
1 1 1 1
1 1 1 |
1 |
1 1 I I
1 1 1 |
! == === ==—- . AE
| o e e e 1 DECODER Comb
n
SKNN(s¢, j;) = E sim(s¢, ;) X 15,(j;)
i=1
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Beyond Accuracy Optimization

System-based novelty
* Introduce job postings that have not been
(frequently) experienced before in the system

Session-based novelty
» Represents how surprising or unexpected the
recommendations are for a specific session

Coverage
« How many jobs a recommender approach can cover
with its predictions

Input Recommended Expected Input Recommended Expected
Jy, —— R | R Rag =—— J2 | Ja s Jj ——> Ry | R Rao 3
Jy J — Ry Ry Ry «—— g Jg J3 Jdy ———> Ry R, Ryg «—— Jg
Jy 3 Jy ——» Ry R, Rypg «— Jy 3 Jp b3 —— Ry R, | Rao }47 Jg
Testing for the Remaining Jobs in a Session Testing for the Next Job in a Session

T I I D) ~ XD
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B eyo n d A C C U racy O p t I m I Z a.t I 0 n “++” indicates best, “+” good, “0” average, “-” low and “- -” the worst ranking with respect to (1) accu-
racy (i.e., nDCG and MRR), (2) beyond-accuracy (i.e., EPC and EPD) and (3) coverage
System-b ased novelty Accuracy Beyond Accuracy Coverage
. I1r:1troduci,-I job postllngs tcri]abt r]c]ave.nct):] beent VAE, — - ++
(frequently) experienced before in the system VAEg, . - .
: sKNN + 0 +
Session-based novelty
.. V-sKNN ++ + ++
* Represents how surprising or unexpected the SCKNN
recommendations are for a specific session s i - *
GRU4Rec ++ + +
Coverage PRNN - -
- How many jobs a recommender approach can cover Bayes o o ©
with its predictions 1IKNN 0 ; +
BPR-MF - - - ++
POP - -

Notable improvement on beyond accuracy measures while achieving
comparable accuracy results wrt. state-of-the-art session-based
recommendation approaches.

T I I D) ~ XD
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Contributions:

RQ1

Utilizing additional information sources leads to more robust recommenders
Especially helpful in mitigating the cold-start problem

Four different design principles for a multi-domain recommender system
A scalable and customizable architecture adapted to multiple domains (ScaR framework)

Runtime performance can be improved by adapting the underlying algorithms
Scaling helps in achieving the trade-off between accuracy and real-time performance

Important to improve beyond accuracy when assessing the true utility of real-time recommenders
Novel method based on neural autoencoders that improves the beyond-accuracy performance
of anonymous user sessions

> Motivation >
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Future Work

« Extending the beyond accuracy evaluation with different methods on identifying and
removing biases from the utilized information sources

* Investigate in more detall the topic of privacy in a multi-domain setting

« E.g., different domains may have different requirements wrt. sharing and controlling their data

 Modelling interest shifts in real-time as there is a huge potential for more sophisticated
approaches which combine both, the short-term and long-term preferences of a user

» Tackle the problem of approximating the online performance (e.g., CTR) of a recommender
algorithm before it is put in production

D v 5 PR DD wa >y e py e ) e > SRy
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6 Main Publications

Lacic, E., Kowald, D., Eberhard, L., Trattner, C., Parra, D., and Marinho, L. B. (2015). Utilizing online social network
RQ1 MP1 and location-based data to recommend products and categories in online marketplaces. In Mining, Modeling, and
Recommending’Things’in Social Media (pp. 96-115). Springer.

Lacic, E., Kowald, D. and Lex, E. (2017). Tailoring Recommendations for a Multi-Domain Environment. In
M P2 Workshop on Intelligent Recommender Systems by Knowledge Transfer and Learning (RecSysKTL’17) co-located with
the 11th ACM Conference on Recommender Systems (RecSys’17)

Lacic, E., Kowald, D., Parra, D., Kahr, M., and Trattner, C. (2014). Towards a scalable social recommender engine
MP3 for online marketplaces: The case of apache solr. In Proceedings of the 23rd ACM International Conference on World
Wide Web (WWW’14), pp. 817-822

Lacic, E. (2016). Real-Time Recommendations in a Multi-Domain Environment.In Extended Proceedings at Doctoral
Consortium of the 27th ACM Conference on Hypertext and Social Media (HT'16)

Lacic, E., Reiter-Haas, M., Duricic, T., Slawicek, V. and Lex, E. (2019). Should we Embed? A Study on the Online
Performance of Utilizing Embeddings for Real-Time Job Recommendations. In Proceedings of the 13th ACM
Conference on Recommender Systems (RecSys’2019). ACM

Lacic, E., Reiter-Haas, M., Kowald, D., Dareddy, M. R., Cho, J. and Lex, E. (2020). Using Autoencoders for Session-
based Job Recommendations. In the Journal of User Modeling and User-Adapted Interaction (UMUAI). Springer
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12 Additional Publications

RQ1 AP1 Lacic, E., Kowald, D., Traub, M., Luzhnica, G., Simon, J., and Lex, E. (2015). Tackling Cold-Start Users in Recommender Systems with Indoor Positioning Systems. In Proceedings
of the 9th ACM Conference on Recommender Systems (RecSys’15)

RO1 AP2 Duricic, T., Lacic, E., Kowald, D., and Lex, E. (2018). Trust-Based Collaborative Filtering: Tackling the Cold Start Problem Using Regular Equivalence. In Proceedings of the 12th
ACM Conference on Recommender Systems (RecSys’18)

Lacic, E., Kowald, D., Seitlinger, P., Trattner, C., and Parra, D. (2014). Recommending items in social tagging systems using tag and time information. In Proceedings of the 1st

International Workshop on Social Personalisation co-located with the 25th ACM Conference on Hypertext and Social Media (HT'2014)

Reiter-Haas, M., Slawicek, V. and Lacic, E. (2017). Studo Jobs: Enriching Data With Predicted Job Labels. In Workshop on Recommender Systems and Social Network Analysis (RS-
SNA’17) co-located with the 17th International Conference on Knowledge Technologies and Data-driven Business (i-KNOW’17)

Lacic, E., Kowald, D., and Trattner, C. (2014). Socrecm: A scalable social recommender engine for online marketplaces. In Proceedings of the 25th ACM Conference on Hypertext
and Social Media (HT'14), pp. 308-310.

Traub, M., Kowald, D., Lacic, E., Schoen, P., Supp, G., and Lex, E. (2015). Smart booking without looking: providing hotel recommendations in the TripRebel portal. ,p. 50. ACM.
(best demo honourable mention) In Proceedings of the 15th International Conference on Knowledge Technologies and Data-driven Business (i-KNOW’15)

Kowald, D., Lacic, E., Theiler, D., and Lex, E. (2018). AFEL-REC: A Recommender System for Providing Learning Resource Recommendations in Social Learning Environments.
In the Social Interaction-Based Recommender Systems (SIR’18) Workshop co-located with the 27th International Conference on Information and Knowledge Management (CIKM’18)

Lacic, E., Traub, M., Kowald, D., Kahr, M., and Lex, E. (2016). Need Help? Recommending Social Care Institutions. In Workshop on Recommender Systems and Big Data Analytics
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