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ABSTRACT
This demonstration presents Enzyme, the incremental view main-
tenance (IVM) engine powering Spark Declarative Pipelines. While
most industrial systems lack broad SQL operator coverage or re-
quire users to hand-tune refresh strategies, Enzyme provides an
out-of-the-box solution for incremental ETL pipelines. Beyond clas-
sical delta-plan construction, it introduces techniques for incre-
mentalizing non-deterministic operators such as temporal filters, a
multi-versioned fingerprinter stable across system upgrades and
multilingual MV definitions, and an adaptive cost model that lever-
ages historical execution profiles to optimize refresh strategies
across entire dependency DAGs. This leads to a reduced total cost
of ownership (TCO) for users, who can focus on developing business
logic instead.

Enzyme builds on top of Apache Spark primitives and offers an
end-to-end optimization layer for the selection of optimal refresh
strategies corresponding to a collection of materialized views orga-
nized into a dataflow pipeline. The design is modular and can be
easily extended to a variety of data sources and query processing
engines.
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1 INTRODUCTION & RELATEDWORK
Materialized views (MVs) are a fundamental building block in many
database systems, traditionally used for reducing query execution
costs by amortizing expensive computation. However, MVs have
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since evolved from query acceleration constructs to become es-
sential components in modern data flow architectures, enabling
efficient extract, transform, and load (ETL) workflows at scale.

Traditionally, data pipelines were implemented using specialized,
hand-crafted logic that read from source tables, applied a sequence
of transformations, and explicitly updated target tables. MVs sim-
plify this process by allowing users to focus on what should be
computed rather than how to maintain those computations. The
engine assumes full responsibility for keeping the view consistent
with evolving source data by automatically deriving and executing
the logic required to incrementally process changes to the source
tables and propagate only the necessary updates to the MV. This
automated maintenance process is commonly referred to as incre-
mental view maintenance (IVM).

Prior Work. IVM has been extensively studied in database re-
search for several decades. Early approaches [4, 9] focused on deriv-
ing algebraic rewrite rules that compute delta queries at the operator
level, enabling efficient propagation of changes from base relations
to derived MVs. DBToaster [10] advances this line of work by recur-
sively applying such rewrite rules to incrementally maintain MVs
through a hierarchy of sub-materializations. However, the choice of
intermediate results to materialize is highly workload-dependent,
and suboptimal materialization strategies can significantly degrade
performance.

DBSP [3] represents a more recent and comprehensive treatment
of IVM. It models databases and their updates as streams, defining
incremental counterparts for each query operator using differen-
tiation and integration primitives. These counterparts compute
output deltas from input modifications, avoiding full reprocessing.
The arbitrary composition of these incremental operators makes
the model extremely powerful. However, DBSP does not discuss
practical concerns such as efficiently identifying input changes or
optimal physical implementations for incremental operators. For
example, nonlinear aggregates do not necessarily need to process
the full dataset in a brute force manner.

Battle-tested production systems [1, 10, 11] provide more insight
into the challenges behind efficient implementation of incremental
engines. The algorithm for updating an MV operates synergistically
with other optimization techniques, including the materialization
of intermediate results and the efficient batching of input changes.
These strategies collectively enhance the performance of IVM by
reducing redundant computations, optimizing resource usage, and
minimizing latency during updates.
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Enzyme. In Databricks, users can create MVs either within Spark
Declarative Pipelines or through Databricks SQL warehouses. MVs
are refreshed on a user-specified schedule or triggered automatically
based on changes to their input tables. Each refresh updates the MV
so that it logically reflects the result of re-running its defining query
over the latest versions of all inputs. Enzyme is the incremental view
maintenance engine which powers MV refresh at Databricks. It
keeps track of the versions of the inputs that were used to update an
MV during the last successful refresh. Changes to the inputs which
have accumulated since then are computed and used to update
the MV incrementally. The Enzyme cost model determines if the
accumulated changes make incremental refresh more expensive
than full recompute and chooses the optimal strategy for each MV.

Enzyme is implemented using primitives provided by Apache
Spark SQL [2], constructing alternative query plans using MERGE
INTO [5] and REPLACE WHERE [7] statements.

Demo Scenario. In this demonstration, we showcase Enzyme’s
capabilities through an interactive e-commerce analytics pipeline.
We illustrate the breadth of SQL operators supported by Enzyme,
including aggregations over joins, window functions, and temporal
filters. We also demonstrate how the cost model automatically se-
lects the optimal refresh strategy based on workload characteristics.
Whereas the companion paper [11] establishes Enzyme’s design
and evaluates it at scale, the contribution of this paper is the in-
teractive demonstration itself: attendees author and mutate live
MV definitions, drive changes of varying magnitude through the
pipeline, and watch Enzyme’s refresh-strategy decisions unfold in
real time—an experience the system paper cannot convey.

Figure 1: Enzyme IVM engine. It analyzes the changes to the
inputs of an MV and the query plan of its definition to select
the optimal refresh strategy.

2 DESIGN OVERVIEW
This section summarizes only the parts of Enzyme’s architecture
needed to explain the demonstration (Section 3). A comprehensive
treatment of the production system—its incrementalization algo-
rithms, formal model, and large-scale experimental evaluation—
appears in our companion paper [11].

A simplified overview of Enzyme flow is shown in Figure 1.
It utilizes primitives from Apache Spark to build and compare
alternative refresh plans for updating MVs. The design ensures that
there is no duplication of query processing code. Enzyme processes
MV definitions through several main stages as demonstrated in
Figure 2.

Figure 2: Components of the Enzyme IVM engine.

2.1 Normalization
Themain entry point for Enzyme is a logical plan that represents the
MV definition, allowing Enzyme to support all Spark frontends, in-
cluding SQL and the DataFrame API. The normalizer canonicalizes
the logical plan by applying simplification rules including: inlining
common table expressions, merging filter predicates, collapsing
unnecessary projections, and eliminating redundant operations.
This is necessary before computing a unique fingerprint and be-
cause some Spark optimizations obscure information essential for
incremental processing.

2.2 Query Fingerprinter
The fingerprinter creates a deterministic fingerprint of each normal-
ized plan, allowing Enzyme to detect semantic changes in the MV’s
definition across refreshes. It applies canonicalization steps such
as standardizing the ordering of commutative operations. The fin-
gerprinter also tracks UDFs and their dependencies, ensuring that
changes to user code trigger appropriate recomputes. A critical chal-
lenge is maintaining fingerprint stability across system upgrades;
Enzyme addresses this through multi-versioning of fingerprints,
preventing cascading recomputes during deployments.

2.3 Decomposition & Technique Enablers
Databricks MVs are represented internally as a reconciliation view
on top of a table. Enzyme leverages this through technique enabler
transformations to make incremental refreshes more efficient.

An example of an enabler is decomposing aggregate functions
into incrementally computable components. For example, an MV
containing AVG(x) is internally augmented with columns storing
SUM(x) and COUNT(*), enabling efficient incremental updates. An-
other enabler is explicitly propagating aggregate and window keys
to the output, which can be exploited by the incremental plan gen-
erator. The reconciliation view hides the extra columns added by
technique enablers.

The decomposer also handles composite row identifiers for track-
ing data lineage. Row identifiers [6] are used for efficiently filtering
rows in an MV that need updating. For joins, each output row
gets a composite identifier constructed from the contributing row
identifiers from each joined table, enabling precise identification of
affected rows during incremental refresh.
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2.4 Incremental Plan Generator
The incremental plan generator transforms a normalized and en-
abled query plan into one that computes the MV’s incremental
changes. It employs a recursive visitor pattern that traverses the
query plan bottom-up, producing at each node a representation of
how to compute changes to that node’s output given changes to its
inputs.

At the core is the concept of a changeset computation, consisting
of three logical components: the pre-state (data before changes),
post-state (data after changes), and delta (the change representation
with insertion/deletion markers). As the visitor traverses each oper-
ator, it transforms the changesets from child nodes into a changeset
for the current node, enabling arbitrary operator composition.

2.5 Cost Model & Execution
Incrementally refreshing every MV might not always be compu-
tationally cheaper than fully recomputing it. The computational
complexity depends on factors including enablement of features
such as deletion vectors [8], properties of the input changes, and
hardware specification. For example, recomputes can be cheaper in
the event of a large upstream backfill, or with changes that affect
most of the aggregation groups in an MV.

The Enzyme cost model takes these factors into account and
selects the optimal refresh strategy. Refreshes for the same MV run
at predictable intervals, making it easier to incorporate feedback
from previous runs into decision making. The logical query plan
is then submitted to Spark’s optimizer and execution engine, with
provenance updates committed atomically alongside data changes.

3 DEMONSTRATION SCENARIOS
We demonstrate Enzyme through a realistic e-commerce analyt-
ics pipeline. Users can trigger data changes to observe how En-
zyme selects and executes optimal refresh strategies. The associ-
ated code and video are available at https://github.com/enzyme-
paper/enzyme-demo and https://youtu.be/hEYWMzrJbFo, respec-
tively.

The demo is fully hands-on. Attendees can edit MV definitions
live (adding columns, changing predicates, or swapping operators)
and watch Enzyme re-fingerprint and re-plan; inject changes of
varying size (single-row inserts, order returns that trigger window
recomputation, large backfills) to push the workload across the
cost model’s incremental-vs-recompute boundary; and inspect the
resulting refresh plans, per-MV cost estimates, and execution times
in the event log. This lets the audience reproduce each effect from
the walkthrough and try out their own queries.

We invite readers to try executing these MVs themselves in
Databricks Free Edition.

3.1 Scenario: E-commerce Analytics Dashboard
We base our demonstration around a realistic scenario: an online
retailer’s analytics dashboard that tracks sales, customer behav-
ior, and product performance. For the purposes of the demo, we
assume the inputs are already ingested into the Data Warehouse.
The pipeline processes data from three source tables that simulate
a production e-commerce system:

• customers: 10M customer records with regional and mem-
bership tier information.

• sales: 500M transaction records with order details.
• products: 1M product catalog entries with category and

pricing information.
The MVs in the pipeline power different components of the

retailer’s analytics dashboard, from customer lifetime value tracking
to daily sales reporting.

3.2 Demonstration Walkthrough
3.2.1 Aggregate over JoinQueries: Regional Customer View. This
MV illustrates aggregation over a LEFT JOIN: on new sales, En-
zyme updates only the affected customer aggregates instead of
re-evaluating the join (Query 1).

1 CREATE MATERIALIZED VIEW mv_regional_customers AS
2 SELECT c.region , c.membership_tier , c.customer_id ,
3 COUNT (*) AS order_count ,
4 SUM(s.quantity * s.unit_price) AS

total_spend
5 FROM customers c
6 LEFT JOIN sales s ON c.customer_id = s.customer_id
7 GROUP BY c.region , c.membership_tier , c.

customer_id;

Query 1: Regional customers with aggregation over LEFT
JOIN

3.2.2 Window Functions: Customer Lifetime Value. This MV illus-
trates incremental window functions: when orders are marked re-
turned, Enzyme recomputes only the affected customer partitions
rather than the entire window (Query 2).

1 CREATE MATERIALIZED VIEW mv_customer_ltv AS
2 SELECT customer_id , sale_date ,
3 SUM(quantity * unit_price) OVER w AS

cumulative_spend ,
4 COUNT (*) OVER w AS order_number
5 FROM sales
6 WHERE status != 'Returned '
7 WINDOW w AS (PARTITION BY customer_id ORDER BY

sale_date);

Query 2: Customer LTV with window functions

3.2.3 Composable Aggregation: Category Performance. This MV
illustrates composable aggregation—nested aggregates where En-
zyme computes deltas for the inner aggregation and propagates
them to the outer one, while the decomposer maintains hidden
SUM/COUNT columns to keep AVG incremental (Query 3).

1 CREATE MATERIALIZED VIEW mv_category_perf AS
2 SELECT category ,
3 SUM(daily_revenue) AS total_revenue ,
4 AVG(daily_revenue) AS avg_daily_revenue ,
5 MAX(daily_orders) AS peak_orders
6 FROM (
7 SELECT p.category , s.sale_date ,
8 SUM(s.quantity * s.unit_price) AS

daily_revenue ,
9 COUNT (*) AS daily_orders
10 FROM sales s JOIN products p USING (product_id)
11 GROUP BY p.category , s.sale_date
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12 )
13 GROUP BY category;

Query 3: Category performancewith composable aggregation

3.2.4 Temporal Filters: Daily Sales Report. This MV illustrates tem-
poral filter handling: the sliding 90-day predicate ages rows out
without explicit updates, so Enzyme accounts for aged-out rows
when maintaining the aggregates, not just inserted and deleted
ones (Query 4).

1 CREATE MATERIALIZED VIEW mv_daily_sales AS
2 SELECT s.sale_date , s.channel , p.category ,
3 COUNT (*) AS order_count ,
4 SUM(s.quantity * s.unit_price) AS revenue
5 FROM sales s JOIN products p USING (product_id)
6 WHERE s.status IN ('Completed ', 'Shipped ', '

Delivered ')
7 AND s.sale_date >= DATE_SUB(CURRENT_DATE (), 90)
8 GROUP BY s.sale_date , s.channel , p.category;

Query 4: Daily sales with temporal filter and aggregation

3.3 Numerical Comparison
Figure 3 shows execution times when each MV is initialized using
full recompute, while Figure 4 shows the improvement achieved
through incremental refresh with small change sets. For the demo
workload, the processing time for each MV was reduced by ∼50%.

The performance gains aremost pronounced forMVswith expen-
sive operations like JOINs and window functions, where incremen-
tal refresh avoids reprocessing hundreds of millions of unchanged
rows. For mv_regional_customers, incremental refresh processes
only the new sales records rather than re-joining all 500M sales
with 10M customers.

Figure 3: Full recompute execution times for each MV in the
demo pipeline. These serve as the baseline against which
incremental refresh is compared.

Figure 4: Incremental refresh execution times for the same
MVs after changes to source tables.

3.4 Cost Model Decisions
While incremental refresh provides significant improvements over
recomputes for small upstream changes, recomputes can be cheaper

if most of the MV contents need to be replaced. For example, when
a large backfill is run on the upstream. Figure 5 shows the cost
model automatically choosing the optimal refresh strategy without
user intervention.

Figure 5: The cost model intelligently selects full recomputes
when the change volume makes it more efficient

4 CONCLUSION
This demo presents Enzyme, Databricks’ incremental view mainte-
nance engine, through an interactive e-commerce analytics pipeline.
The demo illustrates the rich technique coverage of Enzyme and
the significant performance improvements in incremental updates.
We also show how the cost model intelligently falls back to full
recompute when the change volume makes it more efficient. En-
zyme’s handling of non-deterministic operators, multi-versioned
fingerprinting, and adaptive pipeline-aware costing go beyond the
classical IVM literature and, to our knowledge, any prior IVM sys-
tem.
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