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Abstract: 

Session-based recommendation forecasts the 

subsequent item a user will engage with, based on a 

sequence of her prior interactions with previous 

things. This machine learning topic addresses a 

fundamental scenario in e-commerce systems, which 

seek to propose appealing goods for purchase to 

customers navigating the site. Session-based 

recommenders are challenging to scale because of 

their exponentially vast input space of possible 

sessions. This hinders offline precomputation of 

recommendations and necessitates the maintenance of 

state throughout the online calculation of subsequent 

item recommendations. We present VMIS-kNN, an 

adaption of a cutting-edge nearest neighbor 

methodology for session-based recommendation, 

which utilizes a preconstructed index to provide next-

item suggestions with minimal latency in contexts 

involving hundreds of millions of clicks to sift 

through. Utilizing this methodology, we develop and 

deploy the scalable session-based recommender 

system Serenade, now operational at bol.com, a 

prominent European e-commerce site. We assess the 

predictive efficacy of VMIS-kNN and demonstrate 

that Serenade can process one thousand 

recommendation requests per second, achieving a 90th 

percentile latency of under seven milliseconds in 

contexts including millions of objects for suggestion. 

Additionally, we provide findings from a three-week 

online A/B test, accommodating up to 600 requests per 

second for 6.5 million unique goods across over 45 

million user sessions on our e-commerce platform. We 

provide the first empirical evidence that the enhanced 

predictive efficacy of closest neighbor methods for 

session-based recommendations in offline 

assessments corresponds to greater performance in a 

real-world e-commerce context. 

INTRODUCTION: 

Session-based recommendation addresses a 

fundamental situation in e-commerce and online 

navigation. Based on a series of interactions between 

a visitor and a selection of objects, we want to propose 

the subsequent item(s) of interest for the user to 

engage with [27, 29, 30, 37]. This machine learning 

issue is vital for e-commerce platforms [24].  

Obstacles in expanding session-based 

recommendation systems. Scaling session-based 

recommender systems presents a formidable challenge 

due to the exponentially large input space (sequences 

of item interactions), quantified as |I|^n for all 

potential sessions of length n from a set of items I. This 

complexity renders precomputing recommendations 

offline and retrieving them from a data store 

impractical. This sharply contrasts with traditional 

collaborative-filtering suggestions, which are rather 

static due to their dependence on long-term user 

behavior. Conversely, session-based recommenders 

must preserve state to respond to online changes in 

dynamic user sessions and provide next item 

recommendations with minimal latency in real-time. 

Recent studies demonstrate that closest neighbor 

algorithms provide superior performance for session-

based recommendations, surpassing intricate neural 

network-based approaches in offline assessments [24, 

30]. It is ambiguous if this enhanced offline 

performance correlates with heightened user 

engagement in practical recommender systems. 

Moreover, it remains ambiguous whether academic 

closest neighbor methodologies can be scaled for 

industrial applications, which need the efficient 

examination of hundreds of millions of historical 
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clicks while complying with stringent service-level 

agreements on response latency. The scalability 

challenge is exacerbated by the use of session 

similarity functions that do not form a metric space 

(e.g., owing to asymmetry), rendering conventional 

approximation closest neighbor search methods 

ineffective. VMIS-kNN. To address the scalability 

difficulty, we introduce Vector-Multiplication-

Indexed-Session-kNN (VMIS-kNN) in Section 3, an 

adaptation of the advanced session-based 

recommendation algorithm VS-kNN [30]. VMIS-kNN 

utilizes a preconstructed index to provide next-item 

suggestions within milliseconds for contexts involving 

hundreds of millions of clicks in previous sessions for 

analysis. Our methodology may be seen as the 

simultaneous execution of a join between evolving and 

historical sessions on corresponding items, together 

with two aggregations to calcula te the similarities. In 

this collaborative execution, we reduce intermediate 

results, manage memory consumption, and limit the 

search space by early termination. Consequently, 

VMIS-kNN significantly surpasses VS-kNN 

regarding latency and scalability (Section 5.2.1), while 

maintaining superior prediction quality compared to 

neural network-based methods (Section 

5.1.1).Evaluation conducted both offline and online. 

We do a comprehensive assessment to verify the 

prediction efficacy and minimal latency of VMIS-

kNN in Section 5.1. In Section 5.2, we report results 

from a load test of the Serenade system, which handled 

over 1,000 requests per second, as well as the findings 

from a three-week online A/B test conducted on the 

live e-commerce platform. Our system is accessible 

under an open license at 

https://github.com/bolcom/serenade. In conclusion, 

we provide the subsequent contributions.  

We provide VMIS-kNN, an index-based form of a 

cutting-edge nearest neighbor algorithm for session-

based recommendations, capable of scaling to 

scenarios involving hundreds of millions of clicks for 

search (Section 3). We examine the design choices and 

implementation specifics of our production 

recommender system, Serenade, which utilizes 

stateful session-based recommendation with VMIS-

kNN and is capable of processing over 1,000 requests 

per second, achieving a response latency of under 

seven milliseconds at the 90th percentile (Section 4).  

We present the inaugural empirical evidence 

demonstrating that the enhanced predictive efficacy of 

VMIS-kNN/VS-kNN, as established through offline 

evaluations, is reflected in superior performance 

within a real-world e-commerce context; our findings 

indicate that Serenade significantly elevates a 

business-specific engagement metric by several 

percentage points in comparison to our legacy system 

(Section 5.2.3). 

BACKGROUND: 

We provide session-based recommendation and the 

Vector-Session-kNN methodology. The objective of 

session-based recommendation is to precisely forecast 

the subsequent item with which the user will engage at 

time 𝑡� + 1, based on an ongoing session (a series of 

interactions with a collection of items I) at time 𝑡�.  

Vector-Session-k-Nearest Neighbors. Vector-Session 

kNN (VS-kNN) [30] is a cutting-edge closest neighbor 

method for session-based recommendation, 

surpassing existing deep learning techniques for this 

purpose. In VS-kNN, we own a collection of historical 

sessions. the developing session (Lines 5 & 6). 

Subsequently, we calculate the 𝑘� nearest sessions N𝑠� 

from H𝑠� based on the similarity 𝜋� (𝜔� (s(𝑡�)))⊤h (Line 

7), which utilizes an element-wise decay function 𝜋� 

on the entries representing the insertion order in the 

dynamic session. All items present in the adjacent 

sessions are ultimately evaluated (Lines 8 & 9) by 

aggregating their similarities (the previously 

calculated decayed dot product) weighted by a non-

linear function 𝜆� applied to the position max(𝜔� (s(𝑡�)) 

⊙ n) of the most recent common item between the 

evolving session s(𝑡�) and the neighboring session n. 

The contribution of session similarity is further 

adjusted by a factor of one divided by the session 

length, and by a factor of one plus the logarithm of the 

inverse document frequency |𝐻� | of the item, where ℎ𝑖� 

represents the number of historical sessions that 

include item 𝑖�, a standard method in information 

retrieval to diminish the prominence of frequently 

occurring items. The indicator function 1𝑛�(𝑖�) equals 

one if item 𝑖� is present in historical session n, and zero 

otherwise. Illustrative example. We provide a toy 

example for the calculation of session similarity and 

match weighting performed by VS-kNN. Consider a 

developing session s(𝑡�) = [0 1 1 0 1], which denotes 

interactions with the three items [1, 2, 4], and a 

historical session h = [0 0 1 0 1], indicating 
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interactions with the items [2, 4]. The function 𝜔� 

provides the temporal insertion sequence for the 

evolving session, for instance, 𝜔� (s(𝑡�)) = [0 1 2 0 3] 

of the elements in s(𝑡�), commencing with the first item 

(item 1 with insertion time 1) and concluding with the 

latest item (item 4 with insertion time 3). The insertion 

order is used to provide weights to matches between 

items in the developing session and the historical 

session, with the weights governed by the decay 

function 𝜋�, a hyperparameter of VS-kNN. A prevalent 

option for 𝜋� is to calculate the insertion time relative 

to the session duration, for instance, 𝜋� (𝜔� (s(𝑡� ) )𝑖� ) 

= 𝜔� (s(𝑡� ) )𝑖� / ||s(𝑡� ) ||1. The similarity is ultimately 

ascertained by calculating the decayed dot product 𝜋� 

(𝜔� (s(𝑡�)))⊤h between the evolving session s(𝑡�) and 

the historical session h, represented as the sum of the 

decayed weights for the overlapping elements of the 

sessions (the common items), for instance, Three three 

three Sessions H ∈ {0, 1} |I | are represented as binary 

vectors inside the item space, whereas a developing 

user session s(𝑡�) ∈ {0, 1} |I | at time 𝑡� is defined, along 

with a function 𝜔�(s) that substitutes the non-zero 

elements of s with integers indicating the insertion 

order of the items in s(𝑡�). Algorithm 1 delineates the 

methodology by which VS-kNN generates 

suggestions for an evolving session s(𝑡�). A recency-

based sample H𝑠� of size 𝑚� is first extracted from all 

past sessions H𝑠� that include at least one common 

item. Upon completing the session similarity 

calculation, VS-kNN derives item scores from the 

computed similarities (Lines 8 & 9). The score for an 

item is the weighted sum of similarities with s(𝑡�) from 

the k nearest past sessions n ∈ N𝑠� in which the item 

appears. The weights for this summation are 

determined by the matching function 𝜆�, which is 

applied to the insertion time max(𝜔� (s(𝑡�)) ⊙ n) of the 

most recent shared item between s(𝑡�) and n. The 

standard configuration The selection of 𝜆� in VS-kNN 

is defined as 1 − (0.1 · (max(𝜔� (s(𝑡�)) ⊙ n))) for 

insertion times under 10, and zero in all other cases. In 

our toy example, the contribution of the matching 

function for h is as follows: 𝜆�(max(𝜔�(s(𝑡�)) ⊙ h)) = 

𝜆�(max([0 1 2 0 3] ⊙ [0 0 1 0 1])) = 𝜆�(max([0 0 2 0 

3])) = 𝜆�(3) = 0.7. 

 

VECTOR-MULTIPLICATION 

INDEXED SESSION-KNN (VMIS-KNN) 

In the following, we present our scalable, index-based 

adaption of VS-kNN, which we call Vector-

Multiplication-Indexed-Session-kNN (VMI 

kNN).VMIS-kNN operates on an index structure (M, 

t), which we build from a large dataset of historical 

sessions. We create a hash index.M from an item 𝑖� to 

an array m𝑖� of the 𝑚� most recent historical sessions 

in which the item occurs. Note that 𝑚� is a 

hyperparameter of VMIS-kNN, which denotes the size 

of the recency-based sample from which session 

similarity candidates are taken. Each array m𝑖� of 

session identifiers for an item 𝑖� is stored in descending 

timestamp order of the sessions (i.e., the most recent 

historical session ℎ that contained the item 𝑖� is the first 

entry in the vector m𝑖� ). The key benefit of this data 

structure is to allow us amortised constant-time access 

to the 𝑚� most recent sessions containing an item. 

Index-based session similarity 

computation: 

 

Computation of session similarity based on indexing. 

The core of VMIS-kNN is in the efficient calculation 

of the neighbor sessions N𝑠� for a developing session 

s(𝑡�) using our previously established index structure 

(M, t) inside the function 

neighbor_sessions_from_index in Line 8. Initially, we 

establish a collection of temporary hashmaps and 

heaps (Line 11) that function as buffers for 

intermediate results during the computation. 

Subsequently, VMIS-kNN initiates the item 

intersection loop, which traverses the items in a 

developing session s(𝑡�) in reverse order (Line 12). Our 

methodology analyzes a developing session s(𝑡�) in 

reverse insertion order, ensuring that the most recent 

and hence most significant elements are prioritized for 
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visitation. Subsequently, we include the item 

identification 𝑖� into the temporary hashset d, so 

allowing for the exclusion of duplicate items inside the 

growing session (Lines 13-14). Subsequently, we 

consult the item in our inverted index M to get the 

vector m𝑖�, which encompasses up to 𝑚� past session 

IDs (Line 15). Subsequently, we calculate the decay 

score 𝜋�𝑖� according to the item's location inside the 

progressing session (Line 16). 

 

We enter the session identification 𝑗� and session 

timestamp 𝑡� 𝑗� as a (key, value) pair into a min-heap 

b𝑡� (Lines 21-24). If our temporary similarity score 

hashmap r already includes 𝑚� sessions, we must 

choose whether to eliminate the oldest session. 

Consequently, we first extract the oldest session and 

its associated timestamp from the heap b𝑡� (Line 26). 

Should the current historical session 𝑗� be more recent 

than the oldest session, it is necessary to exclude the 

oldest session from our temporary similarity score 

hashmap r and heap b𝑡�, subsequently updating both 

with the values from the current historical session 𝑗� 

(Lines 27-31). Ultimately, we get the top-𝑘� scored 

sessions from the max-heap N𝑠� inside the top-k 

similarity loop and return them (Line 33). 

SERENADE: 

We present the design and implementation of our 

scalable recom- mender system Serenade, which 

leverages VMIS-kNN (Section 3) and provides 

recommendations on the product detail pages of 

bol.com. 

Design Considerations: 

At the core of the design of our production system are 

two questions: (𝑖�) How to maintain the session 

similarity index over time; and (𝑖�𝑖�) How to efficiently 

serve next-item recommendations with low latency? 

Index maintenance. We execute the index 

computation in an offiine manner once per day with a 

data-parallel implementation of the relational 

operations required for the index generation. This 

batch job is easy to schedule and scale; note that 

Serenade will thus only see sessions for new items on 

the platform with a delay of one day. This “cold-start” 

issue is no problem in practice however,because our e-

commerce platform has a separate, specialised system 

for presenting new and trending items to users. 

Low latency serving of next-item 

recommendations. The biggest challenge in our 

system is to serve session-based recom- mendations 

with a low latency for a catalog containing millions of 

items (our business constraint is to respond in 50 ms 

or less for at least 90% of all requests). As discussed 

in Section 1, we cannot precompute the 

recommendations due to the exponentially large input 

space of potential sessions, and we cannot apply 

approximate nearest neighor search techniques 

because our similarity function is not a metric. As a 

consequence, our recommendation servers have to be 

stateful, by maintaining copies of the evolving 

sessions, to be able to compute recommendations 

online on request. We decide to replicate our session 

index to all recommendation servers, and colocate the 

session storage with the update and recommendation 

requests, so that we only have to use machine-local 

reads and writes for maintaining sessions and 

computing recommendations. Note that similar 

techniques are often used to accelerate joins [16]. 

Execution  

Figure 1 depicts the high-level architecture of 

file:///C:/Users/gvsst/Downloads/modds003.docx%23_bookmark2
file:///C:/Users/gvsst/Downloads/modds003.docx%23_bookmark0
file:///C:/Users/gvsst/Downloads/modds003.docx%23_bookmark35
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Serenade, based on the design considerations outlined 

in Section 4.1. Serenade has two elements: The offline 

component (depicted on the left side of the diagram) 

constructs the session index using click data and is 

implemented as an Apache Spark pipeline. The online 

component (depicted on the right side of the picture) 

calculates and provides session-based suggestions 

using VMIS-kNN, and is executed as a REST 

application. Serenade is built using the pre-existing 

Google Cloud infrastructure leased by bol.com. 

 

Co-location of dynamic sessions and session 

modifications. As outlined in Section 4.1, it is 

necessary to colocate the developing sessions with the 

recommendation requests and session updates to 

compute current suggestions with minimal delay. We 

preserve the dynamic sessions in a local key-value 

store (RocksDB [6]) directly on the serving computers 

to eliminate supplementary network reads and writes. 

For colocation, it is necessary to split both the 

developing sessions and the recommendation requests, 

which include session updates, among the serving 

servers according to their session identifiers. To ensure 

that all update or recommendation requests for a 

certain session are consistently managed by the same 

machine, we implement request routing via "sticky 

sessions" using Kubernetes' session affinity feature 

[4]. Communication with RocksDB is very fast; in a 

microbenchmark including 10 million operations for 

our workload, the 99th percentile of read latency was 

measured at 5 microseconds, while the 99th percentile 

of write latency was recorded at 18 microseconds. This 

colocation strategy significantly improves latency 

compared to network reads and writes to a distributed 

key-value store such as BigTable, where the response 

latency for lookups is around 15ms at the 99.5 

percentile based on our observations. 

EXPERIMENTAL EVALUATION: 

In the following, we first evaluate the prediction 

quality and index design of VMIS-kNN in Section 5.1, 

and subsequently evaluate the scalability and business 

performance of Serenade in offiine experiments and an 

online A/B test (Section 5.2). We provide the code for 

our experiments at 

https://github.com/bolcom/serenade- experiments-

sigmod.Data sets. We use a mix of public and 

proprietary 20, 50, 500 1,000 10,000 20 50 500 1,000 

10,000 20 50 500 1,000 10,000 20 50 500 1,000 to 

10,000 Select datasets from e-commerce for our 

offline studies. We  

Conduct an experiment with the publicly accessible 

datasets RetailRocket, an e-commerce dataset from the 

business "Retail Rocket," and RSC15, a dataset used 

in the 2015 ACM RecSys Challenge, which are often 

utilized in comparative analyses of session-based 

recommendation systems. Furthermore, we generate 

the non-public datasets ecom-1m, ecom-60m, ecom-

file:///C:/Users/gvsst/Downloads/modds003.docx%23_bookmark11
file:///C:/Users/gvsst/Downloads/modds003.docx%23_bookmark12
https://github.com/bolcom/serenade-experiments-sigmod
https://github.com/bolcom/serenade-experiments-sigmod
https://github.com/bolcom/serenade-experiments-sigmod
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90m, and ecom-180m by sampling data from our e-

commerce platform, with progressively larger click 

counts. The statistics of these datasets are shown in 

Table 1. Each dataset has tuples representing the 

session_id, item_id, and timestamp of a click event on 

the platform.  

Our unique dataset ecom-180m exceeds the size of the 

greatest publicly accessible dataset rsc15 by more than 

sixfold. We also include information on the 

distribution of clicks each session, including the 25th, 

50th, 75th, and 99th percentiles. The majority of 

sessions on e-commerce platforms are notably brief, 

with the median number of clicks each session being 

less than five, and these numbers exhibit remarkable 

consistency across all six datasets. In the tail, the 

sessions from our platform are about double the 

duration of those in the public datasets (e.g., the 99th 

percentile is around 38 clicks in our data and 19 clicks 

in the public datasets). 

 

 

VMIS-kNN 

State-of-the-Art Prediction Quality. Before evaluating 

systems- related aspects, we run a sanity check 

experiment for the predictive performance of VMIS-

kNN. We aim to confirm that VMIS-kNN also 

outperforms current neural-network based approaches 

in the task of session-based recommendation in e-

commerce (as recently shown for VS-kNN [24, 30]). 

Experimental setup. We replicate the setup from 

[24, 30], and compare the predictive performance of 

VMIS-kNN against three recent neural network-based 

approaches to session-based recom- mendation 

(GRU4Rec [20], NARM [27] and STAMP [29]) on 

various clickstream datasets sampled from our e-

commerce platform. We create five versions of the 

ecom-1m dataset by sampling a million clicks from 

certain months in the past as historical sessions, and 

measure the prediction quality of the top 20 

recommended items for each session of the subsequent 

day. 

 

We optimise the hyperparameters of each approach on 

samples of the training data, and report the average for 

each metric over all our evaluation datasets. We report 

the metric values averaged over all five versions of 

ecom-1m. 

LEARNINGS & CONCLUSION: 

We introduced our closest neighbor methodology 

VMIS-kNN, along with the design and execution of 

our scalable session-based recommendation system, 

Serenade. We performed a comprehensive offline 

assessment of VMIS-kNN and Serenade to 

substantiate our design choices, presenting detailed 

results on latency, throughput, and predictive efficacy 

of our recommender system derived from an online 

A/B test accommodating up to 600 requests per second 

for 6.5 million unique items across over 45 million 

user sessions on bol.com’s e-commerce platform.  

Furthermore, we like to emphasize Serenade's 

minimal operating expenses, in addition to the 

donations outlined in Section 1: We operate two 

instances, each with three cores, in the Google Cloud 

(utilizing shared core n1-standard-16 instances) for the 

serving pods. Additionally, we necessitate 40 minutes 

on 75 n1-highmem-8 machines to generate the index 

with Spark daily, culminating in a total operational 

expenditure of under 30 euros per day for Serenade. 

As mentioned in Section 5.2.3, Serenade utilizes just 

one of the three cores on each instance, while the other 

cores are provisioned to accommodate high demands, 

such as during denial-of-service assaults. This cheap 

cost is particularly appealing when juxtaposed with the 

substantial expense of training deep learning models. 

file:///C:/Users/gvsst/Downloads/modds003.docx%23_bookmark42
file:///C:/Users/gvsst/Downloads/modds003.docx%23_bookmark48
file:///C:/Users/gvsst/Downloads/modds003.docx%23_bookmark42
file:///C:/Users/gvsst/Downloads/modds003.docx%23_bookmark48
file:///C:/Users/gvsst/Downloads/modds003.docx%23_bookmark38
file:///C:/Users/gvsst/Downloads/modds003.docx%23_bookmark45
file:///C:/Users/gvsst/Downloads/modds003.docx%23_bookmark47
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A neural learning-to-rank model on our platform 

incurs at least tenfold higher operational costs 

everyday and necessitates GPU processors for 

training, which are often a scarce resource in the cloud. 

In further research, we want to investigate the 

feasibility of executing our similarity calculations on 

a compressed index and the potential for progressively 

maintaining the index using a system like Differential 

Dataflow [32]. Acknowledgments. This research 

received funding from Ahold Delhaize. All material 

reflects the writers' opinions, which may not be shared 

or approved by their respective employers and/or 

sponsors. 
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