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Abstract

We present Verus, a real-time analytics system
designed for e-commerce workloads. Traditional
analytics architectures batch-process events with
multi-hour latency, limiting merchants’ ability
to respond to emerging trends, detect anoma-
lies, and optimize campaigns in flight. Verus
processes commerce events with sub-second la-
tency while maintaining the analytical flexibil-
ity of batch systems. The architecture com-
bines stream processing for real-time aggregation
with columnar storage for ad-hoc queries, unified
through a SQL interface that abstracts the un-
derlying complexity. We describe the system de-
sign, evaluate performance on production work-
loads, and demonstrate applications including
live dashboards, cohort analysis, and anomaly
detection. Production deployments process over
50,000 events per second with query latency un-
der 200ms for common dashboard queries.

1 Introduction

E-commerce generates events at high velocity:
page views, product interactions, cart modifica-
tions, and transactions flow continuously. Ex-
tracting actionable insights from this stream re-
quires analytics systems that balance three com-
peting requirements:

1. Freshness: Insights must reflect recent
events. Stale data delays response to prob-
lems (site errors, fraud spikes) and oppor-
tunities (trending products, effective cam-
paigns).

2. Flexibility: Merchants need ad-hoc
queries, not just pre-defined reports. In-
vestigating anomalies requires drilling into
arbitrary dimensions.

3. Scale: Event volumes grow with business
success. Systems must scale horizontally
without architectural changes.

Traditional approaches force trade-offs. Data
warehouses (Redshift, BigQuery) provide flexi-
bility but with batch latency. Stream processors

(Storm, Flink) offer freshness but limited query
expressiveness. Lambda architectures [1] com-
bine both but double operational complexity.

Verus achieves all three requirements through
a unified architecture. Events stream into a
real-time aggregation layer that maintains pre-
computed rollups for common queries. Simulta-
neously, events land in columnar storage for ad-
hoc analysis. A query planner routes requests to
the optimal layer based on query characteristics.

Our contributions are:

1. A hybrid architecture combining stream pro-
cessing and columnar storage with auto-
matic query routing.

2. Materialized view maintenance for sub-
second dashboard queries.

3. Cohort analysis operators for retention and
lifetime value computation.

4. Anomaly detection integrated into the ana-
lytics pipeline.

2 Background

2.1 Commerce Analytics Require-
ments

E-commerce analytics spans multiple use cases:
Operational dashboards. Real-time visibil-

ity into key metrics: orders per minute, revenue,
conversion rate, error rate. Latency requirement:
seconds.

Marketing attribution. Understanding
which channels and campaigns drive conversions.
Requires joining touchpoints across sessions. La-
tency requirement: minutes to hours.

Cohort analysis. Comparing behavior across
customer segments defined by acquisition date,
first purchase category, or other attributes. La-
tency requirement: hours.

Ad-hoc investigation. Drilling into anoma-
lies or exploring hypotheses. Query patterns un-
predictable. Latency requirement: seconds to
minutes.
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2.2 Event Model

Commerce events follow a common structure:

Listing 1: Event schema
@dataclass
class CommerceEvent:

event_id: str # UUID
event_type: str #

page_view , add_to_cart ,
purchase , etc.

timestamp: datetime # Event
time

user_id: Optional[str] #
Authenticated user

session_id: str # Session
identifier

# Dimensions
store_id: str
device_type: str # desktop

, mobile , tablet
country: str
referrer: str
utm_source: Optional[str]
utm_medium: Optional[str]
utm_campaign: Optional[str]

# Measures (event -type specific)
product_id: Optional[str]
product_category: Optional[str]
quantity: Optional[int]
revenue: Optional[Decimal]

Event volumes vary widely. A small merchant
might generate 1,000 events per day; a large re-
tailer during a flash sale might generate 100,000
events per second.

2.3 Existing Approaches

Batch data warehouses. Systems like Ama-
zon Redshift, Google BigQuery, and Snowflake
excel at complex analytical queries over histori-
cal data. They process data in batches, typically
with hour-scale latency. Query flexibility is ex-
cellent; freshness is poor.

Stream processors. Apache Storm, Flink,
and Kafka Streams process events in real-time.
They excel at continuous aggregations but strug-
gle with ad-hoc queries requiring historical con-
text.

OLAP cubes. Pre-aggregated cubes (Druid,
Pinot, ClickHouse) offer fast queries over pre-
defined dimensions. They trade flexibility for
speed—queries outside the cube’s schema require
falling back to raw data.

Lambda architecture. Combining batch
and stream layers provides both freshness and
flexibility but doubles infrastructure complexity.
Maintaining consistency between layers is noto-
riously difficult.

3 System Design

3.1 Architecture Overview

Verus comprises three layers:

1. Ingestion layer: Receives events, vali-
dates, and routes to processing.

2. Processing layer: Maintains real-time ag-
gregations and writes to storage.

3. Query layer: Routes queries to optimal
backend and merges results.

[Architecture diagram]

Events → Kafka → Stream Processor →
Redis (aggregates)

↘ Columnar Store (raw events)

Query Router → Redis / Columnar / Both

Figure 1: Verus architecture overview

3.2 Ingestion Layer

Events arrive via HTTP endpoints or Kafka con-
sumers:

Listing 2: Event ingestion
class EventIngester:

def __init__(self ,
kafka_producer , validator):
self.producer =

kafka_producer
self.validator = validator
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async def ingest(self , event:
CommerceEvent) -> None:
# Validate schema and

business rules
self.validator.validate(

event)

# Enrich with server -side
data

event.server_timestamp =
datetime.utcnow ()

event.geo = geoip.lookup(
event.ip_address)

# Partition by store for
ordering guarantees

partition_key = event.
store_id

await self.producer.send(
topic="commerce -events",
key=partition_key ,
value=event.to_json ()

)

Events partition by store ID, ensuring ordering
within a store while enabling parallel processing
across stores.

3.3 Stream Processing Layer

The stream processor maintains real-time aggre-
gations:

3.3.1 Aggregation Windows

We maintain aggregations at multiple time gran-
ularities:

• 1-minute windows: Operational dash-
boards.

• 1-hour windows: Intraday trends.

• 1-day windows: Daily summaries.

Windows use event time with allowed lateness
of 5 minutes. Late events update existing win-
dows; very late events are logged but excluded.

3.3.2 Materialized Views

Common query patterns are pre-computed as
materialized views:

Listing 3: Materialized view definition

CREATE MATERIALIZED VIEW
revenue_by_source AS

SELECT
store_id ,
TUMBLE(event_time , INTERVAL ’1’

MINUTE) AS window ,
utm_source ,
COUNT (*) AS order_count ,
SUM(revenue) AS total_revenue ,
COUNT(DISTINCT user_id) AS

unique_customers
FROM events
WHERE event_type = ’purchase ’
GROUP BY store_id , window ,

utm_source;

The stream processor maintains these views in-
crementally:

Listing 4: Incremental aggregation

class MaterializedViewProcessor:
def __init__(self , view_def ,

state_store):
self.view_def = view_def
self.state = state_store

def process(self , event):
if not self.view_def.filter(

event):
return

# Compute aggregation key
key = self.view_def.

group_key(event)

# Update state
current = self.state.get(key

) or self.view_def.
initial_state ()

updated = self.view_def.
aggregate(current , event)

self.state.put(key , updated)

# Emit to downstream
self.emit(key , updated)
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3.3.3 State Management

Aggregation state resides in Redis for fast access:

Listing 5: Redis state store
class RedisStateStore:

def __init__(self , redis_client ,
ttl_seconds):
self.redis = redis_client
self.ttl = ttl_seconds

def get(self , key: str) ->
Optional[Dict]:
data = self.redis.get(key)
return json.loads(data) if

data else None

def put(self , key: str , value:
Dict) -> None:
self.redis.setex(key , self.

ttl , json.dumps(value))

def increment(self , key: str ,
field: str , delta: float) ->
float:
return self.redis.

hincrbyfloat(key , field ,
delta)

State keys encode view name, dimensions, and
time window:

verus:revenue_by_source:store_123:google:2015-06-15T14:30

3.4 Columnar Storage Layer

Raw events persist to columnar storage for ad-
hoc queries:

3.4.1 Storage Format

We use Apache Parquet with the following opti-
mizations:

• Partitioning: By store ID and date for par-
tition pruning.

• Sorting: By timestamp within partitions
for range queries.

• Compression: Snappy for balance of speed
and size.

• Statistics: Min/max per column for predi-
cate pushdown.

Listing 6: Parquet writer
class ParquetWriter:

def __init__(self , base_path ,
partition_cols):
self.base_path = base_path
self.partition_cols =

partition_cols
self.buffers = {} #

partition -> event buffer

def write(self , event):
partition = self.

compute_partition(event)
self.buffers.setdefault(

partition , []).append(
event)

if len(self.buffers[
partition ]) >= BATCH_SIZE
:
self.flush(partition)

def flush(self , partition):
events = self.buffers.pop(

partition)
path = f"{self.base_path }/{

partition }/data_{uuid4()
}. parquet"

table = pa.Table.from_pylist
(events , schema=
EVENT_SCHEMA)

pq.write_table(table , path ,
compression=’snappy ’)

3.4.2 Query Engine

Ad-hoc queries execute on columnar storage via
a distributed query engine (we use Presto):

Listing 7: Ad-hoc query example
SELECT

product_category ,
COUNT (*) AS views ,
COUNT(DISTINCT session_id) AS

sessions ,
SUM(CASE WHEN event_type = ’

purchase ’ THEN 1 ELSE 0 END)
AS purchases
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FROM events
WHERE store_id = ’store_123 ’

AND event_date = ’2015 -06 -15’
AND device_type = ’mobile ’

GROUP BY product_category
ORDER BY views DESC
LIMIT 20;

3.5 Query Routing Layer

The query router examines incoming queries and
routes to the optimal backend:

Listing 8: Query routing
class QueryRouter:

def __init__(self , redis_client ,
presto_client , view_catalog)

:
self.redis = redis_client
self.presto = presto_client
self.views = view_catalog

def execute(self , query: str) ->
ResultSet:
parsed = parse_sql(query)

# Check if query matches a
materialized view

view_match = self.views.
match(parsed)

if view_match and self.
is_recent_enough(parsed ,
view_match):
# Serve from Redis
return self.query_redis(

view_match , parsed)
elif view_match:

# Merge Redis (recent) +
Presto (historical)

return self.
merge_results(
self.query_redis(

view_match ,
parsed),

self.query_presto(
parsed)

)
else:

# Full scan on Presto
return self.query_presto

(parsed)

def is_recent_enough(self ,
parsed , view):
# Check if query time range

fits in Redis TTL
query_start = parsed.

get_time_range ()[0]
redis_start = datetime.

utcnow () - timedelta(
seconds=view.ttl)

return query_start >=
redis_start

4 Analytical Capabilities

4.1 Live Dashboards

Dashboards query materialized views for sub-
second response:

Listing 9: Dashboard query
-- Orders and revenue , last hour , by

minute
SELECT

window_start ,
SUM(order_count) AS orders ,
SUM(total_revenue) AS revenue

FROM mv_revenue_by_minute
WHERE store_id = ’store_123 ’

AND window_start >= NOW() -
INTERVAL ’1’ HOUR

GROUP BY window_start
ORDER BY window_start;

Query latency: 15–50ms (served entirely from
Redis).

4.2 Cohort Analysis

Cohort analysis groups users by acquisition char-
acteristics and tracks behavior over time:

Listing 10: Cohort retention query
WITH cohorts AS (

SELECT
user_id ,
DATE_TRUNC(’week’, MIN(

event_time)) AS
cohort_week

FROM events
WHERE event_type = ’purchase ’

AND store_id = ’store_123 ’
GROUP BY user_id
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),
activity AS (

SELECT
e.user_id ,
c.cohort_week ,
DATE_TRUNC(’week’, e.

event_time) AS
activity_week

FROM events e
JOIN cohorts c ON e.user_id = c.

user_id
WHERE e.event_type = ’purchase ’

AND e.store_id = ’store_123 ’
)
SELECT

cohort_week ,
DATE_DIFF(’week’, cohort_week ,

activity_week) AS
weeks_since_cohort ,

COUNT(DISTINCT user_id) AS
active_users

FROM activity
GROUP BY cohort_week ,

weeks_since_cohort
ORDER BY cohort_week ,

weeks_since_cohort;

We provide cohort analysis as a built-in func-
tion:

Listing 11: Cohort analysis function
SELECT * FROM COHORT_ANALYSIS(

events ,
cohort_date := DATE_TRUNC(’week’

, first_purchase_date),
activity_date := DATE_TRUNC(’

week’, event_time),
user_id := user_id ,
metric := COUNT(DISTINCT

order_id),
filters := [store_id = ’

store_123 ’, event_type = ’
purchase ’]

);

4.3 Funnel Analysis

Funnel analysis tracks conversion through de-
fined steps:

Listing 12: Conversion funnel
SELECT * FROM FUNNEL(

events ,

steps := [
event_type = ’page_view ’ AND

page = ’/products ’,
event_type = ’product_view ’,
event_type = ’add_to_cart ’,
event_type = ’checkout_start

’,
event_type = ’purchase ’

],
window := INTERVAL ’30’ MINUTE ,
group_by := [device_type ,

utm_source]
);

The funnel operator uses session-based win-
dowing to track users through steps:

Listing 13: Funnel computation
def compute_funnel(events , steps ,

window , group_by):
results = defaultdict(lambda:

[0] * len(steps))

for session in group_by_session(
events):
# Track furthest step

reached per session
step_times = [None] * len(

steps)

for event in sorted(session.
events , key=lambda e: e.
timestamp):
for i, step_predicate in

enumerate(steps):
if step_predicate(

event):
if i == 0 or (

step_times[i
-1] and
event.

timestamp
-

step_times
[i-1] <=
window):

step_times[i
] = event
.
timestamp

# Increment counts for
reached steps

group_key = tuple(getattr(
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session , g) for g in
group_by)

for i, t in enumerate(
step_times):
if t is not None:

results[group_key ][i
] += 1

return results

4.4 Anomaly Detection

Verus integrates anomaly detection into the an-
alytics pipeline:

4.4.1 Statistical Anomalies

We detect anomalies using seasonal decomposi-
tion:

yt = Tt + St +Rt (1)

where Tt is trend, St is seasonal component,
and Rt is residual. Anomalies are residuals ex-
ceeding threshold:

|Rt| > k · σR (2)

Listing 14: Anomaly detection
class AnomalyDetector:

def __init__(self , sensitivity
=3.0):
self.k = sensitivity

def detect(self , series: pd.
Series) -> List[Anomaly ]:
# Seasonal decomposition
decomposition =

seasonal_decompose(series
, period =24*7) # Weekly

residual = decomposition.
resid.dropna ()

# Detect anomalies
threshold = self.k *

residual.std()
anomalies = []

for timestamp , value in
residual.items():
if abs(value) >

threshold:

anomalies.append(
Anomaly(
timestamp=

timestamp ,
expected=series[

timestamp] -
value ,

actual=series[
timestamp],

severity=abs(
value) /
threshold

))

return anomalies

4.4.2 Alert Integration

Anomalies trigger alerts through configurable
channels:

Listing 15: Alert configuration
CREATE ALERT order_drop AS
SELECT

store_id ,
COUNT (*) AS order_count ,
AVG(COUNT (*)) OVER (

PARTITION BY store_id
ORDER BY window_start
ROWS BETWEEN 168 PRECEDING

AND 1 PRECEDING -- Last
week

) AS expected
FROM mv_orders_by_hour
GROUP BY store_id , window_start
HAVING order_count < expected * 0.5

-- 50% drop
WITH NOTIFICATION slack_webhook ,

email;

5 Evaluation

5.1 Experimental Setup

We evaluated Verus on production workloads
from three merchants:

• Small: 10K events/day, 5 materialized
views.

• Medium: 1M events/day, 15 materialized
views.
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• Large: 100M events/day, 30 materialized
views.

Infrastructure:

• Stream processing: 3-node Flink cluster.

• State store: 3-node Redis cluster.

• Columnar storage: S3 + 10-node Presto
cluster.

5.2 Ingestion Throughput

Table 1: Sustained ingestion throughput
Configuration Events/second
Single partition 8,500
10 partitions 52,000
100 partitions 485,000

Throughput scales linearly with partitions.
The large merchant’s peak load (50K events/sec-
ond) is well within capacity.

5.3 Query Latency

Table 2: Query latency by type (ms)
Query Type p50 p95 p99
Dashboard (Redis) 18 45 82
Dashboard (merged) 125 280 520
Ad-hoc (simple) 850 2,100 4,500
Ad-hoc (complex) 3,200 8,500 15,000
Cohort analysis 5,500 12,000 25,000

Dashboard queries served from Redis meet in-
teractive requirements (< 100ms p99). Ad-hoc
queries trade latency for flexibility.

5.4 Freshness

We measured end-to-end latency from event oc-
currence to query visibility:

Materialized views update within seconds.
Columnar storage has higher latency due to
micro-batching for write efficiency.

Table 3: Data freshness (seconds)
Metric p50 p95 p99
Materialized views 1.2 2.8 5.1
Columnar storage 45 120 180

Table 4: Monthly infrastructure cost (USD)
Component Small Medium Large
Kafka 50 150 800
Stream processing 100 400 2,500
Redis 75 250 1,200
Storage (S3) 5 50 500
Query engine 200 600 3,000
Total 430 1,450 8,000

5.5 Cost Analysis

Cost scales sub-linearly with volume due to
shared infrastructure and compression benefits at
scale.

5.6 Comparison with Alternatives

We compared Verus against pure-batch (Big-
Query) and pure-stream (custom Flink) ap-
proaches:

Table 5: Approach comparison
Metric BigQuery Flink-only Verus
Dashboard latency 2–5s 20ms 20ms
Ad-hoc latency 2–10s N/A 1–15s
Freshness 1–4 hours < 1s < 5s
Query flexibility High Low High
Operational complexity Low High Medium

Verus achieves the freshness of stream process-
ing with the flexibility of batch analytics.

6 Case Studies

6.1 Flash Sale Monitoring

A fashion retailer used Verus to monitor a flash
sale event:

• Real-time dashboard showed orders/minute,
inventory levels, and error rates.
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• Anomaly detection alerted when payment
failures spiked 3× normal.

• Root cause analysis (ad-hoc query) identi-
fied a specific payment provider issue.

• Response time from detection to mitigation:
4 minutes.

Without real-time analytics, the issue would
have persisted for hours until batch reports sur-
faced it.

6.2 Marketing Attribution

An electronics retailer analyzed marketing effec-
tiveness:

• Cohort analysis compared customers ac-
quired through different channels.

• Lifetime value calculation showed paid
search customers had 2.3× higher LTV than
social.

• Budget reallocation based on insights in-
creased ROAS by 45%.

7 Related Work

Druid [2] pioneered real-time OLAP with
column-oriented storage and bitmap indexes.
Verus extends this with richer analytical opera-
tors (cohorts, funnels) and hybrid query routing.

ClickHouse [3] offers excellent single-node per-
formance for analytical queries. Verus provides
horizontal scalability and stream processing in-
tegration.

The Lambda architecture [1] inspired our hy-
brid approach. We simplify operations by unify-
ing the query interface and automating routing
decisions.

8 Conclusion

Verus demonstrates that commerce analytics
can achieve sub-second freshness without sac-
rificing query flexibility. The hybrid architec-
ture—stream processing for materialized views,

columnar storage for ad-hoc queries, intelligent
routing between them—provides the best of both
approaches.

Production deployments show the system han-
dles 50,000+ events per second while serving
dashboard queries in under 100ms. Merchants
gain real-time visibility into their business with-
out the operational complexity of maintaining
separate batch and stream systems.

Future work will extend Verus with machine
learning integration (anomaly detection models,
forecasting) and support for streaming SQL stan-
dards (KSQL, Flink SQL).
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