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Introduction Data Preparation Findings Scalability

, , , , We ran our model on Amazon Women dataset and observed Our first attempt at implementing the baseline model (BPR)
There are two traditional methods in recommender systems: Different non visual features were included in the model. around 10% improvement in NVBPR AUC (compared to was in pure Python which was not scalable due to long
Content-based and Collaborative Filtering Systems. Each have Namely: baseline BPR): training times. We then examined Spark using the following
tradeoffs: content-based systems suffer the Pigeon Hole 1. Price architecture:
Problem, which Collaborative Filtering System suffer the cold 2. Brand AUC with BPR Baseline- Women 5-core
start problem. While Collaborative Filtering systems generally 3. Product features .i B 'i Partiion of ratings: (1. p1). (1, p2)..
perform better in practice, the cold start problem remains.. - S e B R
Through a hybrid combination of Content-based systems and Price has a huge impact on the sales of a product. To capture orver v (R
Collaborative Filtering we propose to build a recommender w/ this influence in the model, price was quantized into 10 | ot perslleibostion: rengs disiiEeted ﬁ Parition of ratngsig %0, P (421, P2
the performance characteristics of Collaborative filtering while buckets. i cach g«g%it:;::::l;j::ed . I
mitigating the cold start problem. v Possible to distribute user matrx, not " e
T Brand affinity of a customer is an important factor that BOANCEMBTIX die: (RGeS S ﬁ :a::::::tij': ’((303:2:4)
¢ e - influences his purchases. Also, customers who like a " _ . e
' particular brand tend to like other similar brands. So 1992 G T L R The Spark was very fast but the complexity of the

brands were included as one-hot encoded binary vector. implementation was high. We then examined Theano and

w2 The NVBPR also addresses the cold start issue as it can be TensorFlow and based on training time and the complexity of

Product f;:aturis dIc S0me }r;lpf(grtlant noq—wsual features seen from the AUC curves: the implementation we picked TensorFlow as our platform.
extracted from the product title field (as bigrams). Most Here are the training times for different platforms:

frequently used 4525 bigrams were used and included as

| ~ one-hot encoded binary vector Cold start AUC with BPR Baseline- Women 5-core
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Model ranking of user’s preference (rating) to products can i G . o s e

° il . C++ ersion AIE:::'sE_IEIF JuI::Ius'sﬁfl-F' D;mb::f PySpark Emgrljll:bud
Data COlleCtlon be done as: 0,35 i o= - e S - il . _Bﬁﬂmi_eihe i g L [TensorFlow)
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Amazon data was collected using a specially designed web Xg; = ot B, B +v, v, Epoch Final Product
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scraper. Over 142.8 million product reviews were scraped o
>Cape . . b >erap Where: A web based tool was created to demonstrate the ability of
including their associated product pages and images We ran our HBPR model (VBPR+NVBPR) on Amazon - -
8 b bag &5 . . : : our Advanced BPR model. It visually displays product
o -- popularity of item, B _-- user tendency to rate things above the mean p. -- women dataset see a persistent gain compared to the VBPR dati p ) b q i | and
item tendency to receive higher ratings than others, v, . v, -- ‘compatibility’ for all items as well as cold items as illustrated in the below recommendations for a given user based on visual and non
. . . MUDIEAARE SPIDERS between the user u and the item 1 AUC curves: Vlsual preferences.
This can be optimized using Bayesian Personalized Ranking Sharknado i
INTERNET . . Eumpare HBPR AUC- Women 5-core A2ZES40XGCIHD/ ked | .
(BPR) method. This model can also be extended to include User A2ZESA0XGCIHD/9898 ranked [tems:
visual (VBPR) and non-visual features (NVBPR) or a hybrid - g & € B N a
67 Hﬂm BOOb:lYRSWW BOO09YGYOM  BOOOLTAY1U B0O012MOV7W  BOO2LSI2GI B007HOMCJE
of both (HBPR) as: on 1 T T L PR : x mmme="""  yppR Top recommended ltems:
L W - = ‘ N R 2
" e BPR + Non Vis. . fh G , i g & |
X . =a+B +B+y .y +0 Y(ED)+HR'L 2 F al o sucane wurou buswe snouw me ssum: soess st st sBos e
u,1 u 1 u 1 u 1 1 066 _,--‘7"’ J @ ' \‘ Q Q
ITEM PIPELINES < rws| Where: i 1A A o e s e S smenrn s s
OuT(E fi) -~ ‘com];,)atibility’ bf:t\.Neen the user u e.md the visual featur.es of .item 1 :; ff"‘ Conclusion and Future Work
and "' f. -- users’ overall opinion toward the visual appearance of item i  —————————————————————————
3 1 2 3 a 5 i 7 B 4 _E:m# 12 13 14 15 16 17 18 18 2 ConclusionS:
Performance Evaluations e Visual aspects of items bias users’ opinion toward them in

some categories

QBHEDULED We use the Area under the curve to evaluate our models: Compare HBPR Cold start AUC- Women 5-core e Non-visual aspects of items bias users’ opinion toward
. . . . R them 1n other categories
Amazon has a stringent anti-scraping policy and employs AUC = If]fi'i > | E(lu)l Y MBus>Tag) - O i T L —varn e Combination of these two can help build a performant and
CAPTCHAs to discourage automated data harvesting. Where- b GOEE) 7 = == " R Non generic recommender system
Dynamic User Agent strings were employed in combination E(u) = {(,5)|(u,2) € ToA (0, 7) € (PLUVLUTL)} . /"/ /—/ e Scalability 1s crucial in recommender systems
with traffic data from w3schools.com was used to model page The train/test/eval split 1s illustrated as below: o / /
requests that reflect real-world traffic distributions. In tems _ V / Future Work:
addition, session 1solation and clever cookie handling : - - I | Esii v ME———————————— ¢ Tuning the cu%'rent model :
. , > | Train Data L2 3 a4 s s 7 8 s ® om om 0B uw s ow v @ o m o # of quantized levels of price
techniques were employed to impersonate a brand new s - Not Available Epoch # o # of elements to use from product description
Amazon user with each page request. Also, all traffic was E Z 1 : o Use purchase frequency of a brand for a user
routed through a pool of proxies to for an additional layer of o e Incorporate item grouping (clustering similar items)
anonymization. - m e Temporal dynamics to capture drifting price/fashion tastes
I over time
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