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ABSTRACT
Databricks, a modern lakehouse data platform, operates at massive
scale (over 50 million VMs, processing billions of queries per day)
with limited data statistics, making traditional cost-based query op-
timization challenging. Databricks uses adaptive query execution
(AQE) to mitigate many runtime inefficiencies, but certain deci-
sions, such as join operator selection, could benefit significantly
from accurate prior knowledge. We present Ultron, a production-
grade history-based query optimization (HBO) framework recently
deployed at Databricks. Since analytical workloads are often repeti-
tive, Ultron can learn from prior executions of the same query and
apply precise, subplan-level historical insights during optimization.
To achieve this, Ultron introduces a three-tier architecture consist-
ing of (1) a distributed cache for query history, (2) a low-latency
local prediction layer with data-drift awareness, and (3) modular
optimization applications that modify query plans without risky
exploration. We demonstrate three applications of Ultron using
data from the Databricks fleet and synthetic benchmarks, showing
that Ultron improves the median latency of eligible joins by 25%
in production, optimizes approximately 23% of all joins across the
fleet, and achieves 96% post-hoc decision accuracy. Ultron operates
with modest overhead (< 5% median additional optimization time)
and scales elastically with load, demonstrating that precise history-
based optimization can safely complement adaptive execution in
large-scale cloud data platforms.
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1 INTRODUCTION
Databricks is a lakehouse data platform used for a wide variety of
applications. The lakehouse nature of Databricks means that query
optimization and execution is often done with few data statistics,
unlike traditional systems which might maintain robust statistics,
like histograms, over each data column [65]. Even if similar statis-
tics could be maintained at the scale of an entire lakehouse, these
statistical techniques are imperfect, and often lead to suboptimal
query plans [23]. While Databricks can compute and maintain such
statistics, Databricks has developed an alternative route to perfect
ahead-of-time query planning: instead of trying to guess the ideal
query plan upfront, Databricks uses adaptive query processing
(AQP) [61] to mitigate plan suboptimalities at query runtime.

While AQP significantly increases the robustness of query plans,
there are certain elements of query execution that, to achieve max-
imum performance, must be known ahead of time. For example,
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when partitioning an intermediate result for some distributed oper-
ator (like a sort), one must divide the data into a chosen number
of partitions. If too many partitions are created, per-partition over-
head becomes substantial, but if too few partitions are created,
some nodes may be overloaded, or may experience out-of-memory
errors. AQP can mitigate the latter case: AQP can select the largest
partition and break it into smaller pieces, preventing the worst
consequences of oversized partitions. But this re-partitioning has a
cost; If the optimal partition count (which depends on data distri-
bution, and is thus difficult to estimate) was known ahead of time,
we could avoid both out-of-memory crashes and re-partitioning.

Fortunately, workloads onDatabricks (like other OLAP engines [2,
51, 60, 66]) are repetitive. For the Databricks runtime, a tool for
interactive data analysis, between 45% and 64% of queries had been
previously executed verbatim in the prior week. For Databricks SQL
(DBSQL), our platform for BI and analytics, the rate is between 67%
and 80%. Furthermore, nearly 85% of joins seen across the platform
are repeated (i.e., a join is repeated if the join predicate and subtress
are semantically equivalent). These repetitive joins account for 73%
of the total execution time on the platform.

This repetition is an opportunity. Here, we introduce Ultron,
a history-based query optimizer (HBO). Like other history-based
query optimizers [8, 17, 38], Ultron can look up statistics about a
query’s previous executions to get “perfect” information (modulo
data changes). Thus, Ultron allows Databricks to learn from its mis-
takes and continuously improve query performance for important,
high-volume queries. Ultron’s design integrates with our current
query optimizer, strategically inserting history-based decisions,
rather than replacing the traditional query optimizer outright.

Designing a history-based query optimizer for Databricks re-
quired us to overcome several key challenges. First, query history
needs to be stored both globally and efficiently. Since Databricks
users can start, stop, grow, and relocate clusters, or use entirely
serverless environments, there is no consistent “user cluster” on
which to store data. However, simply storing history data in a sepa-
rate distributed database would introduce unacceptable overheads
on query optimization, since each call to the query optimizer would
need to fetch data over the network. To resolve this, we use Softstore,
a distributed key/value cache custom-built for Databricks. Instead
of having clients poll Softstore for query history, Softstore actively
pushes query history to clusters. Ultron is carefully designed to
work with and without query history, so latency spikes or outages
from Softstore will not impact query optimization availability.

Second, querying the log of executed queries is not trivial, since
the log itself can be large. To make log queries both efficient and
servable using compact data, we implement a framework called
QuickPredict which can hash executed query plans and associate
values with them, supporting constant-time local queries. Quick-
Predict can handle exact, literal insensitive matching, along with
fuzzier, “near-match” style lookups. QuickPredict also efficiently
tracks (by incorporating it into the hash function) the size of rel-
evant tables when a historical query was executed, ensuring that
Ultron will not use “ancient history” from when a particular data-
base was much smaller (or larger).

Finally, Ultron applications, specific types of optimizations that
make use of history data, must be carefully designed. Since every
query Ultron optimizes will itself become history, Ultron’s actions
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Figure 1: Ultron system model. A global distributed cache
pushes query history data to a cluster-level cache. Various
Ultron applications then use this history cache to optimize
query plans. When new history values are observed, they
are asynchronously saved back to the cluster cache, then
published to the global cache.

impact the future data that Ultron sees. Traditional solutions to this
problem, like reinforcement learning [46] or Bayesian optimiza-
tion [37], are not acceptable here, since exploration would introduce
variability into query plans. Ultron applications must be careful
to ensure queries do not “flip-flop” between different plans, and
that each decision is highly likely to improve query performance.
Combining these two conditions, Ultron applications must, with
rare exception, monotonically converge to a high quality plan.

Experimentally, we show that Ultron has a significant impact on
Databricks’ production workloads (improving the median eligible
join’s latency by 25%). We evaluate the parts of Ultron that are still
under development using synthetic data, showing that Ultron can
reduce the latency of TPC-H queries by up to 40%.

This paper makes the following contributions:

• We present the design of the Ultron framework for history-
based query optimization, which serves Databricks’ pro-
duction fleet.

• We showcase three applications of Ultron to solve specific
query optimization problems using history data.

• We evaluate Ultron on the Databricks’ production fleet,
highlighting lessons we learned along the way.

The rest of this paper is organized as follows. In Section 2, we
describe Ultron’s high-level architecture and design. In Section 3,
we describe each component of Ultron and how they work together.
We discuss applications of Ultron to various query optimization
tasks in Section 4, and show experimental results in Section 5. In
Section 6, we discuss key relatedwork. Finally, we discuss remaining
challenges in Section 7 and conclude in Section 8.
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2 SYSTEM MODEL
Ultron’s goal is to robustly apply insights from query history to
query plans in a way that strictly (or at least nearly-always) im-
proves performance. Intuitively, such history-based optimizations
create a “closed loop” that allows a DBMS to learn from its mistakes,
a longstanding goal in query optimization research [42].
ChallengesBuilding a history-based query optimizer for Databricks
brings about a number of key challenges. First, since Databricks
clusters can be created or destroyed, query history needs to be
stored outside of the user cluster. But, querying an external service
in the hot path of the query optimizer would introduce unaccept-
able latency. Thus, history data must be preserved globally, but be
accessible locally. Synchronizing global and local state must not
interfere with query performance. Second, using query history to
optimize queries requires (1) matching query subplans to history
records, (2) ensuring that query plan changes do not cause large
regressions, and (3) ensuring that query plans eventually converge
to a high quality plan instead of “flip-flopping” between different
plans. Preferably, Ultron should provide a unified framework for
many different applications of history-based optimizations, such
that each application does not have to “reinvent the wheel.”

Designing a good application of history data to query plans
can be surprisingly challenging. For example, a frequently-floated
idea is to replace error-prone cardinality estimations [23] with
observed values, falling back to the estimator when historical values
are absent. This straightforward idea fails miserably in practice:
because traditional cardinality estimators tend to underestimate
(due to assuming independence), a join search procedure will “flee
from knowledge,” [30], preferring plans where most estimates come
from the (biased-low) estimator instead of the true values from
history. The result is query plans changing drastically between
iterations, and converging to a suboptimal plan.
Ultron Ultron solves this problem with a three-tier architecture,
illustrated in Figure 1. The top two tiers are used throughput
Databricks for a wide range of applications, and we discuss them
here in the context of Ultron. The topmost layer, Softstore, is a
distributed key-value cache across the entire Databricks fleet. We
do not directly query Softstore at query time (which would add
too much latency to query optimization) – instead, we use Soft-
store to hold history data outside of a customer’s cluster, so that
history data is preserved when users shut down, resize, or clone
their clusters. At the second tier, QuickPredict, Ultron stores a local
database of query plans. When a cluster starts, Softstore pushes the
user’s query history to the local QuickPredict database. The final
tier contains Ultron applications. Each application asks QuickPre-
dict for estimates of a subplan’s properties. If those properties are
available, QuickPredict returns them, and the Ultron application
can modify query plans accordingly. Finally, after a query executes,
query history information is asynchronously saved to QuickPredict.
Example Figure 1 shows an example of how Ultron uses query
history to promote a shuffle hash join to a broadcast hash join.
When a cluster is created, and periodically thereafter, Softstore, a
global distributed cache, pushes❶ a copy of the user’s history to the
cluster’s QuickPredict cache. When a ❷ user query arrives, various
Ultron applications examine the query plan tree and potentially

make modifications. The “BHJ / SHJ” application helps Databricks
select the optimal join algorithm (broadcast hash join or shuffle
hash join). To make these decisions, Ultron applications will ❸

ask the QuickPredict cache for an estimate of some quantity, such
as the cardinality of the join. Based on QuickPredict’s estimate
(or lack thereof, if there is no match in the cache), the application
may ❹ modify the query plan, such as by promoting a shuffle hash
join to a broadcast hash join. After the query is executed, new
history is observed, and asynchronously (so as not to delay query
completion) ❺ saved in the local cluster cache. The local cluster
cache periodically ❻ publishes changes to Softstore, so that future
clusters or serverless instances can use the history cache.
Security & privacy Ultron was carefully designed with user secu-
rity and privacy as a top priority. To ensure that one user’s query
history can never be viewed by another user (or even impact another
user’s workload), Softstore partitions its data storage by customer,
so even an adversarially-written Softstore request cannot access
another customer’s data. Even Databricks engineers are unable
to access production Softstore entries without explicit permission
from the customer (e.g., via a support ticket). In addition to access
controls, we also never store any query text or literals,1 instead
keying each history record with a hash of the query plan or sub-
plan. This means that, even if Softstore were breached, query plans
could not be recovered from the stored hash values alone. Softstore
does record some history trace values, like selectivities, which are
protected by Softstore’s access controls.

Next, in Section 3, we explain each layer of Ultron’s architecture
and how they scale to meet Databricks’ needs. We describe three
specific history-based applications we have developed that use the
Ultron framework in Section 4.

3 ULTRON
Ultron’s architecture is separated into three tiers: Softstore is de-
scribed in Section 3.1. The second tier, QuickPredict, is described in
Section 3.2. Finally, Ultron applications are described in Section 3.3.

3.1 Softstore
Softstore is a distributed key-value store built for Databricks’ needs,
using a best-effort eventually consistency model that prioritizes
availability and latency. Softstore shards data based on customer
ID, which helps with tenant isolation (high usage clients get their
own shards, low usage clients can be co-located) and security (it
is impossible to access another customer’s data from within a cus-
tomer’s scope). Softstore also supports state transfer, allowing the
system to migrate one shard to another without downtime.

Softstore groups keys into namespaces, which can each have
their own (1) capacity reservation, (2) time-to-live (TTL), and (3)
eviction strategy. For Ultron, capacity is directly proportional to the
number of distinct queries a customer runs. The TTL value for each
record is optimal when a record lives long enough to be read again
when a query repeats, so in theory the TTL value could be set based
on the empirical query repeat frequency. For simplicity, we use a
static, 1 week TTL value for all query history records, breaking
ties by number of rows scanned. Ideally, a query’s history trace

1This also helps reduce cache size.
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Figure 2: Softstore’s namespaces and local caching. Instead
of clients pulling data from the global cache, the global cache
pushes data to clients that are subscribed to a namespace.
Writes from clients are published to the global cache, poten-
tially in batches.

should be kept in proportion to the acceleration that trace provides,
not just how often the query runs. For example, if a history trace
allows an hourly query that takes 10 minutes to take 2 minutes,
that trace is arguably more valuable than a query run every 30
minutes that goes from 1 minute to 55 seconds. We leave adjusting
the eviction policy to future work – for most customers, records
are never evicted by the LRU policy, as the total number of distinct
eligible queries rarely exceeds the namespace capacity.

A limitation of Softstore is that keys must not exceed 64 bytes.
This means using a textual representation of a query or subplan
as a key is impossible [52]. Ultron instead keys each history trace
with a hash. This has some collision risk, but we found the impact
of collisions to be negligible in practice. Storing only hash values
instead of full query plans also has operational security benefits.
Local caching Since Softstore is widely used across Databricks for
applications such as catalog access and statistics, Softstore also sup-
ports local caching, depicted in Figure 2. When a client requests that
a namespace is cached locally, Softstore will push the namespace
to the client when the client node comes online, and periodically
update the client when the namespace changes. Unlike traditional
tiered caching, if Ultron fails to find a key in the local cache, the
lookup returns nothing – a request is not sent to the global cache.

The “push” model has many advantages compared to the tradi-
tional “pull” model in which the client calls the remote server on a
cache miss and saves the result. First, the “push” model means that a
client’s very first lookup for a particular key could still hit the local
cache, since that key may have been pushed to the client by Soft-
store. Second, the “push” model also allows Softstore responsively
adjust its publication rate based on load.

Softstore’s local caching and eventual consistency model means
that stale data could be read from the local cache, and that data
written to the local cache may not be flushed to the global database
immediately. This creates complications for applications like catalog
management, but Ultron is almost a perfect user of this system:
stale history reads are OK, since query history rarely changes. If a
key is in the global cache, but has not been pushed to the local cache

Literal-sensitive hashing
Plan and literals matches

Literal-insensitive hashing
Plan matches, literals masked

Plan shape hashing
Operator counts

P
re
ci
si
on

C
ov

er
ag

e

Figure 3: QuickPredict plan hashing modes. Different hash-
ingmodes trade increased coverage with decreased precision.

yet, the optimizer will not see that piece of history information, but
in this case we are no worse off than we were before Ultron.

3.2 QuickPredict
QuickPredict is a general-purpose history-based prediction tool de-
signed for low latency. QuickPredict is usedwidely across Databricks,
including in Databricks’ workload management system (scheduling,
admission control, and elasticity). In Ultron’s context, QuickPredict
is responsible for marshaling history traces (observations) back to
the local cache, and serving those traces (predictions) from the local
cache to Ultron applications (the management of this cache, and its
distribution, is discussed in Section 3.1). QuickPredict does this by
providing an interface with two functions, observe and predict:
• Reads (predict): given a subplan and a requested statistic (e.g.,

cardinality), QuickPredict computes the subplan hash and per-
forms a hash-value only check in the cache for a corresponding
key (Softstore limits key length to 64 bytes, so the entire subplan
cannot be stored – we find that collisions are negligible in prac-
tice, and hash-only checks are fast). If there is an entry for the
key, and the requested statistic is present, QuickPredict returns
that value. Otherwise, QuickPredict returns “not found,” and the
Ultron application does not modify the query plan.

• Writes (observe): after a query executes, observed values for
various statistics are asynchronously written back to the local
cache, and eventually synced with remote Softstore (and thus
pushed to new clusters). This creates a decoupling from the
statistics used by predict and the values sent to observe: if we
think a value from a query execution might be useful for a future
Ultron application, we can add an observe call for it so that it is
available in future versions of Databricks.

Subplan hashing QuickPredict depends on subplan hashing to
match subplans currently under optimization to entries in theQuick-
Predict cache. QuickPredict supports three levels of hashing that
trade coverage (the likelihood of finding a match) with precision
(how close the retrieved historical record is to the current query
plan), as illustrated in Figure 3. An Ultron application can specify a
hashing level when calling predict.

The most precise hashing type is literal-sensitive hashing; this
is a hash of every plan node and the exact literal predicates (e.g.,
instantiated template values) used in the query. A literal-sensitive
hash match means that the current query and the historical record
came from semantically-identical SQL (e.g., the only difference in
the SQL was something like the syntactic join or predicate order –
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all literals match exactly). These matches have the highest precision.
A literal-insensitive hash is the same as a literal-sensitive one, except
the literal values (e.g., query parameters) are ignored. These hashes
map instances of the same query template to the same history
records, which can be helpful when the optimal query plan is not
sensitive to the template parameter, which is the case for some
templates [15, 18, 50]. Finally, a plan shape hash simply hashes the
vector of operator type counts, a common featurization strategy
for latency predictors [31, 60]. These matches have the highest
coverage, but the least precision, and are useful for high-level and
coarse-grained estimates about subplans.

Since OLAP workloads in the Databricks fleet are highly repeti-
tive, most Ultron applications use literal-sensitive hashing to get
the greatest possible precision.
Data drift As data drifts over time, stored history records may
become stale, possibly leading Ultron applications to make incorrect
decisions. Like prior work, we find that even drastic data drift in
established databases has only a small impact on optimal query
plans [48, 63], but drastic size changes early in a database’s lifecycle
can have a large impact (e.g., as data goes from a single node to
requiring distribution). Thus, QuickPredict additionally keys each
hash to the size of the underlying database scans, which we believe
is the dominant component of impactful data drift. To do this,
QuickPredict computes, for a given subplan, a size factor 𝑆 :

𝑆 =

⌈︄
log2

(︄ ∏︂
𝑖∈scans

scan size

)︄⌉︄
=

⌈︄ ∑︂
𝑖∈scans

log2 (scan size)
⌉︄

Intuitively, since 𝑆 increases with the log of scan sizes, 𝑆 increases
slowly for larger databases where a single insert is unlikely to
substantially alter the data distribution, and 𝑆 increases quickly for
smaller databases where a single insert could shift the distribution.
The size factor 𝑆 is hashed into each key, regardless of the hashing
type used. When the database grows to the next size factor, history
records from 𝑆−1 are no longer accessed, and are eventually evicted
by Softstore after their TTL expires.

The size factor also increases the precision of plan shape hashing.
Without the size factor, a simple SELECT * FROM X query would
hash to the same value regardless of X – with the added size factor,
plan shapes only collide when they scan similar amounts of data.
Avoiding performance cliffs The precision of QuickPredict’s
hashes are good for ensuring that distinct queries do not erro-
neously share history, but it also introduces a risk of performance
cliffs. If a table size grows into the next size factor 𝑆 + 1, entirely
dropping history data for the next query to access that table might
result in a significant increase in query latency that is dispropor-
tionate to the amount of data added. Similarly, if a user modifies a
query predicate slightly, the query hash will change. To avoid per-
formance cliffs like these, QuickPredict probes first for the query’s
exact hash, but if one is not found, additionally probes for the same
query with 𝑆 ± 1, and with literal-insensitive hashing. This ensures
that queries with small data changes or small predicate changes will
still get history data. If the predicate change or data size increase
actually causes a change in a recorded value, this new change is
recorded once the query finishes executing, and the next iteration
of the query will find an exact hash match.

3.3 Usage
Ultron applications consume the QuickPredict API (Section 3.2) and
modify query plans based on query history. Here, we describe the
design constraints on Ultron applications. We discuss three Ultron
applications developed at Databricks in Section 4.

When Ultron modifies a query plan, the recorded history for
that query plan will also change. This “closes the loop,” allowing
the Databricks platform to learn from its mistakes autonomously,
but it also introduces complexity for Ultron application authors. By
modifying a query plan, an Ultron application essentially modifies
its inputs in the next iteration. Ultron applications thus must be
careful to ensure convergence. Customers do not appreciate their
queries being fast one day but slow on another [63, 66]. It is ac-
ceptable for Ultron to incrementally change a plan across multiple
iterations if each iteration improves upon the last, but eventually
Ultron must ensure that a repeatedly executed query eventually
reaches a steady state (a fixed point) with high probability.

Ensuring both convergence and that each step is an improvement
is a challenge. Many reinforcement learning algorithms eventually
converge to stable policies [46, 73], but they do so with frequent
“exploration” steps to learn the policy space. Ultron seeks conver-
gence with no exploration, since exploration carries a high risk
of slowing down a query.2 In general, it is not possible to find an
optimal policy without some exploration or offline search [76] –
this means that Ultron applications must be conservative, only ad-
justing query plans in ways that are likely to improve them and
never exploring risky decisions. This tradeoff means that Ultron
will almost always improve plans, and will always converge to a
stable plan, but might not find the optimal plan.

4 APPLICATIONS
In this section, we showcase three Ultron applications we have
developed at Databricks. More applications are under development.
Each application uses the framework described in Section 3 to
modify query plans based on prior executions of similar queries.

4.1 Join operator selection
Databricks supports twomain types of distributed hash joins: shuffle-
based hash joins (SHJ) and broadcast-based hash joins (BHJ). Broad-
cast hash join is used when the build side of the hash join is small
enough to replicate across every node in a cluster. By broadcasting
the small build side to every worker, BHJ allows any partitioning of
the probe side to be processed independently by every worker. Shuf-
fle hash join is used when the build side of a hash join is too large
to replicate. SHJ works by co-partitioning the build and probe sides
of the hash join on the join key, then distributing those partitions
evenly across the cluster.

Picking between SHJ and BHJ is difficult because it requires
accurate cardinality estimates. Since cardinality estimates are noto-
riously inaccurate [23], the Databricks optimizer errs on the side
of caution, preferring to select SHJ unless the optimizer is highly
confident that the build side is small. This is because selecting BHJ
with a build side that is too large will heavily use network resources
and likely cause out-of-memory errors or worker crashes, but using
a SHJ with a build side that is small will still execute, albeit slowly.
2Ultron can make specific explorations if AQE is able to correct those errors.
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Figure 4: New runtime filters being progressively added to a
query each iteration. In the first iteration, we build a runtime
filter of D.a that is pushed to the scan of F1, but it is not clear
that building a runtime filter over F1.b is worthwhile. After
execution, we can observe that F1.b = F2.b is selective, and
then choose to build the filter.

We developed an Ultron application that records the size of each
build-side table in a query plan, and then uses this exact informa-
tion to choose between SHJ and BHJ for future query iterations. If
Databricks conservatively selects SHJ for a particular query where
BHJ would have been optimal, QuickPredict will observe the true
size of the build. Then, in the next query iteration, the application
will call predict with literal-sensitive hashing to get the exact car-
dinality of the build side. This significantly derisks the decision to
choose BHJ, since the build side is guaranteed to not have changed
more than a size factor (see Section 3.2).
AnalysisWe can evaluate this Ultron application against the two
criteria given in Section 3.3. In terms of convergence, this applica-
tion converges in a single step, since the decision between BHJ and
SHJ does not impact the size of the build side. In terms of avoiding
regression, this application only promotes SHJ to BHJ when there
is clear historical evidence for the promotion being safe.

4.2 Runtime filter injection
Queries with multiple joins can create large intermediate results,
which can dominate execution [7]. A suite of techniques for dealing
with this problem take advantage of the sideways information
passing [20], in which a Bloom filter is built over the keys of a hash
join and pushed down into the probe side, potentially past other
joins, to leaf scan operators [40] (the Yannakakis [62] algorithm is
a generalization of this trick [6, 43, 55, 70]).

Databricks uses runtime filters [61] to reduce intermediate joins
sizes, which are adaptively selected during query execution. It is
difficult to know ahead of time whether or not a runtime filter for a
particular join should be built, as estimating join selectivity is one
of the hardest parts of cardinality estimation [23].
Example Even estimating the power of a particular runtime filter
from history data is difficult. Consider the example illustrated in
Figure 4. The lowest join, between D and F1, is a join of two base
tables, so the optimizer can estimate that the predicate on D (D.p =
12) is selective (𝑠1), and push a runtime filter to the scan of F1 (note

that this does not require estimating 𝑠3). But, it is difficult to know
if building a subsequent runtime filter from the intermediate join
result (𝑠3) and pushing it into the scan of F2 will be worthwhile,
since the optimizer does not know if F1.x > 7 or the initial pushed
filter will be selective enough to make 𝑠3 a viable filter candidate.
So, the conservative defaults in the optimizer only create the initial
runtime filter pushed to F1.

On the query’s second iteration, the exact size of the first join’s
output is known (𝑠3). Assume this intermediate result is small. Then,
the optimizer can safely use 𝑠3 to generate a new runtime filter
and push it to F2. To do this, Ultron stores the selectivity of each
join both before and after applying a runtime filter. However, the
optimizer still does not know the resulting selectivity of this new
filter on F2 (𝑠4), nor the ultimate size of the second join’s output
(𝑠5), so the conservative option is again not to build a filter for F3.
Just as before, after the second iteration, 𝑠5 is observed, and the
correct decision about creating the final cascaded filter for F3 can
be computed for subsequent runs.
AnalysisWe can evaluate this Ultron application against the two
criteria given in Section 3.3. While each additional runtime filter
added is likely to be worthwhile (since the cardinality is directly ob-
served), convergence is not automatically guaranteed. How do we
know that Ultron will not add or remove filters in a “flip-flopping”
way? The answer lies in the monotonic nature of runtime filtering:
once a runtime filter is added, it strictly reduces or maintains down-
stream cardinalities, meaning it will not invalidate previously added
filters. Since a cardinality is observed and a runtime filter is com-
puted to be worthwhile, it remains effective unless the underlying
data changes significantly. The most likely way such a shift could
occur is by a large amount of new data being added, in which case
the size factor (Section 3.2) would change, causing the optimiza-
tion process to start over. Therefore, while we cannot guarantee
that Ultron eventually finds the globally optimal set of runtime
filters, we can guarantee that it safely converges on a local opti-
mum (where all existing filters are worthwhile and no new filters
meet the threshold). This approach is imperfect, but it successfully
avoids the failure mode of highly variable query latency.

4.3 Partition count selection
Whenever a distributed operator partitions data (e.g., a sort or a
shuffle hash join), the system must choose the number of partitions
to create. Creating too many partitions can create unnecessary
per-partition overhead, but creating too few partitions can lead to
certain workers becoming overloaded [72]. The correct partition
count is data-dependent, and thus difficult to estimate. Adaptive
engines like Photon [5] can fix the case where partitions are too
large by breaking large partitions into smaller ones at runtime,
which comes at a cost, but is preferable to overloading a node.

Ultron can use history to avoid some of the cost of adaptive repar-
titioning. When the engine finds that partitions are too large and
breaks them into smaller pieces, we create a history record. When
the query is repeated, Ultron checks whether or not a previous exe-
cution of the query required repartitioning. If a previous iteration
required re-partitioning, we use the final partitioning scheme of
the previous iteration directly. This produces results identical to if
adaptive repartitioning had run, but without the overhead.
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AnalysisOf the three applications discussed in this paper, partition
count selection is the simplest to analyze. Since we simply com-
pute the same partitioning scheme that would have been computed
without Ultron in a faster way, it is clear that query latency will
strictly improve and that plans will not “flip-flop”. The only reason
why the selected partitioning strategy for a query would become
significantly suboptimal would be if the underlying data distribu-
tion changed. Since the most common way for this to happen is
database growth, QuickPredict’s size factors (Section 3.2) will cause
adaptive partitioning to run again when the database grows.

4.4 Future applications
We plan to add more Ultron applications beyond the three listed
here. For example, we plan to develop an Ultron application that
helps choose which relation should be the build or probe side of
a hash join based on saved cardinality statistics. Additional join
operator types – like specialized range joins or skew joins – could
also be selected based on history (i.e., if a specialized join operator
was incorrectly applied, switch to a regular join operator, and vice-
versa). In general, it may be possible to build an Ultron application
to disable any misapplied optimization, as long as history data can
reveal whether or not a particular optimization is beneficial for
not. This substantially de-risks new optimizer rules, since if an
optimizer rule misbehaves, it could be disabled by Ultron in all
future iterations of the query.

5 EXPERIMENTS
Our experimental study primarily investigates the Ultron applica-
tions we outlined in Section 4. We also validate that QuickPredict
and Softstore (see Section 2) are scalable and do not introduce
significant overhead.
RQ1. How well does Ultron’s join operator selection work? This is

Ultron’s most developed application, and we present evalua-
tion data from Databricks’ fleet. We present both a latency
and accuracy analysis. See Section 5.1.

RQ2. Can Ultron be used to determine which runtime filters to
build, iteratively improve those decisions over time, and
converge to stable plans? We evaluate this capability on
synthetic queries (e.g., TPC-H). See Section 5.2.

RQ3. Can Ultron help choose shuffle partition counts to avoid
disk spilling and out-of-memory errors? We evaluate this
capability on synthetic queries. See Section 5.3.

RQ4. Does Ultron’s design – building upon QuickPredict and Soft-
store – scale to the size of Databricks’ fleet? See Section 5.4.

Since each of Ultron’s applications is in different stages of devel-
opment (i.e., deployment, benchmarking, testing), we do not have
a unified experimental setup. Instead, we explain the experimental
setup in each section. Unless otherwise noted, all experiments were
conducted on Databricks Runtime v18.

5.1 Join operator selection
Ultron’s most developed application is choosing between shuffled
hash join and broadcast hash join (see Section 4). Correctly selecting
between these two operators is critical to avoid costly network
usage (e.g., choosing a broadcast hash join when the relation to
broadcast is large), avoiding disk spill (e.g., shuffling the wrong side

Regression ↑
Improvement ↓

50% of queries improve

by 25% or more

86% of queries improve

Max regression is 2.5x

Max improvement is 99x

Figure 5: CDF of improvement based on observed pairs. Since
query time is not measured in isolation, results may be
skewed by other operations on a cluster when a query was ex-
ecuting. The line at 0 indicates the pre-Ultron performance.

of the hash join), and avoiding stragglers (e.g., shuffle hash join
can lead to variance in how long each partition takes to complete).
Getting this choice right ahead of time is difficult because cardinality
estimation is notoriously difficult [23].

5.1.1 Does Ultron’s join operator selection improve query latency?
To evaluate Ultron’s learned join operator selection, we deployed
Ultron in a pseudo-A/B test on the Databricks fleet. A customer
query would randomly either be processed by Ultron, or processed
normally. After two weeks, we searched query logs for pairs of
queries with one Ultron execution and one non-Ultron execution,
then computed the relative performance improvement (or regres-
sion) for Ultron. The CDF of these query pairs is plotted in Figure 5.

This experiment is far less controlled than we would have liked:
while we find many qualifying query pairs, their measured exe-
cution times are on real customer clusters which may be running
other queries, or may elastically grow or shrink.

That said, we find that Ultron improves latency for 86% of el-
igible queries. The median eligible query speeds up by 25%. Of the
14% of queries that regress, the maximum regression we observed
was 2.5x. Ultron can lead to regressions in join operator selection
when Ultron believes a highly-skewed table is large enough to
be shuffled, since the skew can result in the shuffle sending the
majority of data to a single node. In these cases, Photon’s [5] adap-
tive query executor can cancel the operator and replan it using a
broadcast [61], although this still has some performance cost. Other
factors – like cost model errors – could also play a role.
Discussion The most common corrective action taken by Ultron’s
join operator selection application is promoting a shuffle hash join
to a broadcast hash join in the middle of a large join tree. Since the
Databricks optimizer cannot be certain of the size of intermediate
query results (either because of a lack of statistics in the lakehouse
environment or because of cardinality estimation errors), the opti-
mizer is tuned to be conservative, and select shuffle hash join as the
“safer” option, since broadcasting a large table could crash nodes
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Figure 6: Proportion of queries eligible for Ultron, normal-
ized to 1.0. About 75% of queries are excluded by the criteria
in Section 5.1.2. Of the remaining 25%, nearly all (23%) repeat,
making them candidates for optimization. Results are com-
puted from samples, with low errors (see small error bars).

or cause network contention. Shuffle hash join must partition both
sides of the hash join in order to distribute them, and when a partic-
ular partition is deemed “too large” by the AQE (skew mitigation),
that partition is rewritten into smaller partitions (a costly opera-
tion). Thus, while using a shuffle hash join when a broadcast hash
join would have sufficed is safe, the system incurs two performance
penalties: one for rewriting partitions, and another for the shuffle
itself. By promoting unnecessarily conservative shuffle hash joins
to broadcast hash joins, both of these penalties are avoided.

5.1.2 How many joins can Ultron optimize? Not every join can be
safely swapped from a broadcast hash join to a shuffle hash join: for
example, if the join is part of a streaming operation, a particular join
operator might be fixed by the layout of data output by the previous
operators. Ultron further excludes from consideration joins that are
not executed on Photon [5] (e.g., joins using the traditional Java
Spark [64] executor), joins that are not in SELECT queries (i.e., joins
in ETL jobs where past behavior might not predict future behavior),
and joins that do not use Databricks’ adaptive query executor [61]
(this is an over-restriction, but for any join where it is safe to change
the join operator mid-flight, it is also safe to change it pre-flight).

Figure 6 shows the distribution of eligible joins across the fleet,
normalized to 1.0. An “Unaddressable” join, representing a little over
75% of the workload, is a join that is excluded from consideration
for one of the reasons listed above. Of the remaining 25% of queries,
labeled “Applicable,” Ultron can potentially be used. In order for
Ultron to change a join operator, a join must be repeated (either ex-
actly or a fuzzy match, see Section 3). Almost all applicable queries
do, in fact, repeat (23%), meaning thatUltron currently optimizes
about 23% of all joins processed by Databricks. Combined with
the result from Figure 5, this means that Ultron improves the la-
tency of 20% of all join queries processed by Databricks. As we
continue to develop Ultron, we hope to lower the percentage of
unaddressable queries, but our conservative approach was driven
by engineering necessity.

Table 1: Accuracy of Ultron’s join operator selection algo-
rithm evaluated on observed query pairs (first row) and on
all applicable joins using a post-hoc cost model (second row).

Data Ultron Accuracy Always Shuffle Proportion

Paired (queries) 0.86 n/a 0.002
Post-hoc (joins) 0.96 ± 0.007 0.56 ± 0.006 0.23

5.1.3 How accurate is Ultron’s decision? While query latency is
the most important metric for evaluating Ultron, we also tested
Ultron’s accuracy: when Ultron chooses between shuffle hash join
and broadcast hash join, how often is Ultron’s decision correct?

Unfortunately, it is difficult to evaluate the accuracy of the predic-
tor on real data, since the counterfactual is unavailable. For example,
if Ultron picks a shuffle hash join for a query, Ultron never learns
how fast a broadcast hash join would have been. Thus, we adopt a
post-hoc (after-the-fact) analysis. If Ultron selects a broadcast hash
join, we approximate how effective a shuffle hash join would have
been, and vice versa, using the Databricks cost model with known
cardinalities (all cardinalities are known post-hoc). We can also
measure Ultron’s accuracy on the paired queries from Section 5.1.1,
but for these queries we only know if the entire query improved or
regressed (each query may contain multiple joins).

Table 1 shows the results: for the post-hoc analysis, which con-
siders each join instead of each query, we find that Ultron’s join
operator selection decisions are approximately 96% accurate
across all eligible queries. By comparison, a simpler strategy of al-
ways choosing a shuffle join – the safest choice to avoid OOMs – is
only 56% accurate. For completeness, we also approximate Ultron’s
accuracy on the paired query data by making the strong assumption
that each query has an equal number of joins, and that each join is
equally important. Here, Ultron’s accuracy is measured at 86%. We
emphasize that this value relies on strong assumptions, and should
only be considered alongside the post-hoc analysis.

The gap in accuracy between the paired measurement and the
post-hoc measurement can be explained by the noise factors in both
measurements. Paired queries may have been issued at different
times under different operating conditions, and post-hoc analysis
via a cost model can only be as accurate as the cost model itself. In
general, we find that evaluating learned systems components
on production systems is challenging. Users will not accept
high variance in query performance, so a query-level A/B test is not
an option. A customer-level A/B test is possible, but lacks statistical
power because of the large diversity among customers; if you have
a few customers with outlier workloads, the A/B test results will
be dominated by where those customers are placed.

5.2 Runtime filters
Runtime filters are filters that help transfer an induced join predicate
from one table to another. A key problem is deciding when to build
such a filter. If a join is between an unfiltered primary key and an
unfiltered foreign key to that primary key, building and probing
a filter would be a complete waste, since no rows are removed.
However, when this is not the case, runtime filters can reduce
intermediate result sizes, and thus query latency.
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Databricks uses AQE to decide when to build runtime filters, but,
as explained in Section 4, this approach is not fully optimal. Since
AQE is tuned conservatively, AQE will often miss runtime filters
that would have been beneficial. Ultron seeks to correct those cases
using history. While we have not deployed Ultron’s runtime filter
approach, we have tested it on synthetic data.

5.2.1 Can Ultron improve runtime filter selection? Here, we evalu-
ate Ultron’s ability to select runtime filters using query history. We
use the TPC-H [34] benchmark at scale factor 1000, and an 8-node
cluster of rd-fleet.xlarge instances. Each query is run three
times, once to warm the cache, once to populate the history data,
and once to measure execution time. Queries are always run three
times even if the technique being evaluated does not use history,
in order to avoid measuring caching effects. Only the third query
execution is measured and reported.

To assess whether or not Ultron picks good runtime filters, we
compare against two baselines. In Figure 7, we compare Ultron’s
decisions against the standard Databricks optimizer when the op-
timizer is given perfect cardinality estimates. Ultron’s query la-
tency is consistently within a few percentage points of the
omniscient optimizer. Since Ultron’s history-based technique can
record the actual efficacy of the filter, Ultron can even outperform
the omniscient optimizer, albeit by a very small margin (e.g., q11).

In Figure 8, we compare Ultron against the Databricks optimizer
with extended statistics (which are sometimes, but not always,
available in lakehouse environments). In this case, Ultron is able
to learn significantly better (2x) runtime filter placements
for at least two queries (q3, q18). This is attributable to two factors:
first, Ultron gets to see the real cardinality of the filter. Second,
Ultron can be less conservative about creating a runtime filter
because (a) the estimate is more accurate, and (b) if Ultron creates
an ineffective filter, that filter will not be created the next time the
query is executed (since the ineffectiveness is noted in the query log).
This reveals a surprising operational benefit of Ultron: since
a mistake will not be made more than once, it is acceptable
to take bigger risks and potentially find better plans. In both
figures, the “No filters” line represents disabling runtime filters
entirely. Another possible baseline, enabling every possible runtime
filter, significantly increases query latency, making measurement
infeasible at this scale, so we do not include it here.

5.2.2 Does Ultron’s runtime filter selection converge? A potential
pitfall of a history-based learned query optimizer is repeatedly
over-correcting a mistake, “flip-flopping” between different query
plans. Each Ultron application is carefully designed to avoid exactly
this problem (see Section 4), and doing so is trivial when each
decision Ultron makes is mostly independent (as is the case for join
operator selection). Runtime filters are not independent, however,
since adding one runtime filter could make another runtime filter
profitable. Here, we show, through a simple example, that Ultron
is able to effectively explore the space of runtime filters without
regressions, and with eventual convergence to a stable plan.

Figure 9 shows a SQL query that exemplifies the need formultiple
runtime filters. Initially, it is not clear that the c_acctbal predicate
is selective or not, so Databricks will conservatively omit runtime
filters. However, this filter is actually selective, so a runtime filter
would have been beneficial. Ultron will notice this, and on the

second execution of the query, build a Bloom filter on c_custkey
that is pushed into orders. The same situation repeats again at the
next level of the query: initially, it does not seem like a filter built
over orders will be effective, so the conservative choice is to omit
it. On the third iteration of the query, Ultron will notice that the
filter would actually be effective, and add it.

Figure 10 shows the latency of each iteration. Initially, no filters
are constructed. During the second iteration, Ultron introduces a
filter built on customer that is pushed into orders, dropping latency
by 7%. During the third iteration, Ultron introduces a filter built
on orders that is pushed into line item, saving an additional 28%
from the second iteration. In the fourth and all future iterations,
this plan will be stable, with no new filters added or removed.

5.3 Partition counts
The final Ultron applicationwe evaluate is choosing partition counts
for shuffle operators. The Databricks adaptive query executor (AQE)
can change the partition size on the fly, splitting up partitions that
are too large into smaller chunks. This helps Databricks avoid disk
spills and out-of-memory errors. However, this re-partitioning is
expensive, since data must be rewritten into smaller chunks. Ideally,
we would know the optimal partition count ahead of time, but this
requires accurate estimates of cardinality and skew.

Here, we demonstrate that Ultron can effectively remember the
ideal partition count discovered by AQE, starting the next iteration
of the query. We test our approach on TPC-H at a scale factor of
30,000 (30TB), with a cluster of 56 rd-fleet.large instances. We
select a subset of the TPC-H queries that are sensitive to partition
counts (queries that are not tested had little to no variation when
partition count changed). Queries are run twice, to warm the cache
and save query history. The second run is recorded.

The results are plotted in Figure 11. Query latencies are normal-
ized to a fixed partition scheme that is optimal for the sum of query
latencies (i.e., minimize the workload time). AQE finds the optimal
partition count, but at a cost of having to reorganize partitions that
are too large or too small, often reaching latencies that are slightly
worse than the fixed strategy. Note that AQE is still preferable to
a fixed strategy, since AQE avoids disk spills when possible and
always avoids out-of-memory errors. Ultron uses the optimal par-
tition count computed by AQE in the previous iteration, getting
the benefits of the perfect partition count without paying
the penalty of reorganizing poorly sized partitions. Ultron is
never more than 10% slower than the optimal fixed partition count,
and is often significantly faster than AQE (e.g., on q10 and q12).

5.4 Overhead
Ultron adds overhead to the query optimization and execution
process; Ultron’s calls to QuickPredict, along with hashing parts of
the query plan, come at a cost. Overall, we find that Ultron adds
less than 5% overhead to optimization time for the median
query, with a P95 overhead of 12%. Since Ultron accelerates the
median eligible query’s runtime by nearly 25%, this is a worthwhile
tradeoff (runtime is generally much longer than optimization time).

We also investigated the “worst-case scenario” of Ultron’s over-
head by synthetically engineering a workload with no effective
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Figure 7: TPC-H query latency, normalized to the latency of a plan with no runtime filters, with runtime filters selected with
perfect cardinality estimates and by Ultron. Ultron’s selection matches or nearly matches the decisions made by the optimizer
with perfect cardinality estimates, indicating that history is a good substitute for perfection, in this case.

Figure 8: TPC-H query latency, normalized to the latency of a plan with no runtime filters, with filters selected with optimizer
estimates and by Ultron. In some cases (dashed maroon boxes), Ultron’s use of history leads to a significantly better plan.

SELECT
     l_returnflag,
     SUM(l_extendedprice * (1 - l_discount)) AS total_revenue
 FROM (
     -- LEVEL 2: Join Orders result (Build) to Lineitem (Probe)
     -- This creates Bloom Filter for lineitem
     SELECT 
         l.l_extendedprice, l.l_discount, l.l_returnflag
     FROM (
         -- LEVEL 1: Join Customer result (Build) to Orders (Probe)
         -- This creates Bloom Filter for orders
         SELECT o.o_orderkey
         FROM (
             SELECT c.c_custkey
             FROM customer c
             WHERE c.c_acctbal > 7000.0
         ) f1_customer
         JOIN orders o ON f1_customer.c_custkey = o.o_custkey
     ) f2_orders
     JOIN lineitem l ON f2_orders.o_orderkey = l.l_orderkey
 ) f3_lineitem
GROUP BY l_returnflag ORDER BY total_revenue DESC;

Figure 9: Ultron will progressively add each level of runtime
filter to this SQL query.

repetition. We replaced Ultron’s hash functions with a simple incre-
menting value, ensuring that every subplan of every query appears
unique. Then, we executed TPC-H for 48 hours, simulating two
days of fully distinct queries. We compared the final iteration to
a single TPC-H run with all Ultron features (and thus overhead)

+7%

+28%

Figure 10: Each iteration of the query in Figure 9 allows
Ultron to add another effective runtime filter. On the second
iteration, a new filter is built on customer, saving 7%. On the
third iteration, a new filter is built on orders, saving 28%. In
the fourth and in all future iterations, the plan is stable.

disabled. Comparing the two runs, we observed that Ultron’s over-
head led to an 8% slowdown in query optimization time, and a 0.5%
slowdown in overall latency – in this case, execution is significantly
more expensive than optimization. For very short running queries,
the workload overhead could approach the optimization overhead
(8%). Additionally, the QuickPredict data stored in Softstore reached
3MB (capped at 50MB in production).

It is critical to ensure that Ultron is able to scale under load. If
Ultron relied on a central service, for example, that central service
might slow down under load, resulting in a fleet-wide slowdown.
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Figure 11: TPC-H queries with different partition count selec-
tion methods. Latencies are normalized to the “Fixed” strat-
egy, which uses the fixed partition count that minimizes total
latency. “AQE” uses adaptive query processing to split up par-
titions that are too large (the default strategy prior to Ultron).
Ultron sets the partition count equal to the previously ob-
served optimal, gaining the benefits of AQE without the cost.

Figure 12: Relationship between load (x-axis) and query com-
pilation overhead due to QuickPredict (y-axis). Each point
represents one day. QuickPredict’s overhead remaining con-
stant despite changes in load indicates that QuickPredict’s
architecture scales well to Databricks’ requirements.

Fortunately, Ultron’s architecture rarely needs to contact a central
service. To validate Ultron’s scalability, we measured how Ultron’s
optimization overhead changed as system load changed. Figure 12
shows how system load impacted P95 optimization overhead over a
two-week-long period (14 points on the plot). Even at peak load, the
P95 optimization overhead added by Ultron never exceeds 12.6%.
More importantly, the overhead seems uncorrelated with load,
implying that Ultron is far from being bottlenecked.

Other operational concerns – like log rotation, history retention,
and metadata size from the collected history are also of concern.
Due to space constraints, we do not discuss these elements here.

6 RELATEDWORK
Query optimization is one of the longest-standing problems in data
management [25, 36]. Recent changes to the query optimization
“contract” [10] have sought to work around some of the thorni-
est problems in query optimization, such as cardinality estima-
tion. History-based query optimization – in which the query op-
timizer examines query logs to gain insight into future queries
– is popular in analytics (OLAP) workloads due to their repeti-
tive nature [17, 38]. Query logs have also been used to improve
parameterized query optimization [50], robust optimization [22],
re-optimization [4, 13, 33], predicate caching [35], latency predic-
tion models [16, 28, 31, 53, 59, 60, 71], and reinforcement learning
powered query optimizers [12, 24, 27, 44, 57, 58, 74, 75].

History-based optimization (HBO) is distinct from these other
applications because of two features. First, HBO seeks to explicitly
use history information in the optimization process. For example,
an HBO technique might explicitly check query logs for scans over
particular tables. In contrast, reinforcement learning powered op-
timizers only implicitly use query logs (as training data). Second,
HBO uses precise history data. While latency predictors (for exam-
ple) use pairs of query plans and query latencies, HBO techniques
might store specific facts about a query, like how many rows were
read by a particular subplan or if a specific join had to spill to
disk. An advantage of precise history usage is that HBO techniques
are generally easier to reason about than (for example) fully RL-
powered optimizers, since decisions have a specific provenance
through query logs. This provenance is also an operational benefit,
since it can be used to debug misbehaving systems [38].

Meta’s Presto deployment also implements history-based opti-
mization [38]. Differences in our and Meta’s use cases drove four
key differences in our implementations. First, Meta’s system uses a
pull-based cache for history data, blocking the planner on a cache
miss, but always taking advantage of available history data. Ultron
uses a push-based cache, which can avoid first-use cache misses
and never blocks the planner, but may plan a query without using
history data. Second, while Meta’s system has workers periodi-
cally send statistics to the coordinator node, Ultron uses a fully
asynchronous (and post-execution) history capture technique. This
keeps history recording entirely out of the query path, but since the
asynchronous write can be delayed, it is possible that history from
a query will not be available when optimizing an immediate subse-
quent query. Third, Meta’s system hashes query plans in a way that
is invariant to some rewrites, such as join reordering. Ultron, on the
other hand, keys history entries to the exact execution plan. Fourth,
Meta’s implementation is primarily focused on correcting optimizer
estimates. Thus, Meta’s approach exposes history as a general stats
source consumed by existing optimizer rules. On the other hand,
Ultron’s applications can store and query specific purpose-built
statistics for a particular application, creating feedback loops that
can improve over multiple iterations.
LLM-powered query optimizers Recent research on query opti-
mization has used large language models (LLMs) to choose between
alternative plans [1], directly construct plans [24, 47], and navigat-
ing physical configurations [11, 41, 45, 54, 67, 68]. Notably, Zhang et
al. [67] and Liu et al. [24] both combine LLM inference with histor-
ical query logs, allowing an LLM-powered agent to observe recent
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history and act accordingly, creating a stochastic mirror of our de-
terministic approach. This also reveals a natural synergy between
HBO and LLM-powered approaches: an intelligent agent can use
data collected by HBO to ground decisions. We leave exploration
of this direction to future work.
Offline optimization Offline optimization, or “superoptimiza-
tion” [26], is another “contract breaker” [10] that strives for good
operational characteristics by doing risky exploration offline. For
example, a system might use offline execution time to compute spe-
cific cardinalities [9], execute alternative query plans [2, 48, 63, 66],
or explore the relationship between query parameters and opti-
mal plans [15]. While offline optimization can explore riskier plan
changes than HBO (HBO’s chosen query plans will be executed in
the hot path), offline optimization requires significantly more in-
frastructure (cloning data, ensuring offline work does not interfere
with important queries, and billing questions).
Adaptive query processing Like Ultron, adaptive query process-
ing (AQP) (e.g., [3, 14, 19, 21, 32, 39, 49, 56, 69]) also seeks to improve
query plans using information unavailable during optimization.
AQP is especially important in lakehouse environments, where
data statistics are often sparse [65]. Databricks makes extensive use
of adaptive query processing [61], which works in tandem with
Ultron. Generally, AQP techniques can improve a query plan after
observing some data at a cost – for example, Databricks’ AQP tech-
niques can swap the build and probe side of a hash join at runtime,
but only after partially observing data from both sides. One way to
view Ultron is simply as remembering what corrections an adaptive
query processor applied, so that next time the system can perform
the repair without the cost. While not all AQP techniques can be
made into Ultron applications (e.g., a optimizing UDFs), we are
planning to pursue broader integrations with AQP in the future.

7 REMAINING CHALLENGES
While Ultron has been successfully deployed at Databricks, operat-
ing a history-based query optimizer in a large lakehouse environ-
ment presents several ongoing challenges. We highlight three key
areas for future work: improving debuggability, handling schema
evolution, and generalizing historical insights to new workloads.
Debugging customer queries Diagnosing performance regres-
sions in a cloud-scale distributed SQL engine is inherently complex;
introducing an asynchronous, history-based optimizer adds another
“thing that can gowrong.” Currently, when a customer experiences a
query regression related to Ultron, the primary mitigation strategy
is coarse-grained: disabling Ultron entirely for that query or cluster.
While effective as a fallback, more advanced, fine-grained debug-
ging tools are needed. Future tooling could include “provenance
tracking” for plans, allowing support engineers to trace exactly
which trace triggered an incorrect change in the optimizer’s be-
havior. Additionally, it would be beneficial to support “time-travel”
debugging, where the optimizer can simulate planning using the
exact state of the history cache at a specific point in the past.
Schema evolution Ultron is designed to be resilient to table size
changes (via the size factor, see Section 3.2), but Ultron currently
treats schema evolution (e.g., adding or dropping a column) as a hard
invalidation event. When a schema change occurs, the historical

execution traces for the affected tables are discarded to prevent
the optimizer from applying stale or incompatible statistics. While
schema evolution is relatively rare compared to data ingestion,
discarding the entire history is overly conservative. For example,
adding a new column to a table rarely affects the cardinalities
or optimal join strategies of queries that do not reference that
new column. A significant remaining challenge is developing a
mechanism for partial or localized history invalidation.
Generalizing to new queries and customers Currently, Ultron
delivers its most significant impact on repetitive queries. While
optimizing repetitive queries is valuable to customers (most queries
are repetitive), focusing exclusively on repetitive queries risks “over-
fitting” the system architecture to those queries [29]. Today, Ultron
provides limited benefit during the “cold start” phase of a new
workload (e.g., on-boarding). To optimize these zero-history sce-
narios, one must generalize from historical traces to structurally
similar, but strictly novel, queries, which introduces significant risks.
Generalization error could cause severe performance regressions.
Furthermore, in a multi-tenant cloud environment, generalizing
across different customers requires stringent security and privacy
constraints. Any cross-tenant learning mechanism must guarantee
that query plan shapes or statistical insights from one customer’s
workload cannot inadvertently leak sensitive data to another tenant.
Overcoming these hurdles remains an active area of research.
More opportunities for history This work presented three Ultron
applications, but many more are in development at Databricks.
Potential future applications might look at how often a particular
subplan occurs within a query plan or workload, or might consider
which rules have already fired on a particular subplan. Rules that
remember properties of deterministic UDFs may also be considered.
Scalability & overhead Ultron’s benefits depends on the improve-
ments to query runtime outweighing the added optimization cost.
While our current applications achieve this for our customers, we
are closely monitoring the overhead induced by Ultron, as adding
additional applications might increase overhead non-linearly. Cur-
rently, maintaining a good tradeoff between optimization overhead
and performance improvement is the responsibility of the engineer
implementing an Ultron application. We leave studying how to
automatically manage this tradeoff – possibly by disabling certain
applications for particular workloads or customers – to future work.
One specific difficulty to automatically managing Ultron applica-
tions is that Ultron applications can use history in significantly
different ways: some Ultron applications may only activate when
certain query patterns appear, while others might look at every
subplan generated by the optimizer.

8 CONCLUSION
This work presented Ultron, a history-based query optimization
framework designed for Databricks. Ultron handles user clusters
that frequently grow, stop, or start, while still keeping optimization
decisions fast and local. We showcase three applications of Ultron
– selecting join operators, selecting runtime filters, and selecting
partition counts – that ensure convergence and rarely cause regres-
sions. In future work, we hope to develop more Ultron applications,
as well as considering offline execution to test riskier optimizations.
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