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ABSTRACT
Learned query optimizers such as Balsa have demonstrated strong
performance on PostgreSQL-style database systems, but their porta-
bility to modern analytical engines remains unclear. This work
adapts Balsa to DuckDB, a vectorized analytical database that lacks
both plan hinting and statement-level timeout support. To enable
reinforcement-learning-based optimization in this setting, we intro-
duce lightweight portability mechanisms based on SQL-level plan
forcing and timeout management for safe exploration. We further
incorporate censored-observation training to improve stability dur-
ing reinforcement-learning-based exploration. Experiments on the
Join Order Benchmark (JOB) [4] and JOB-Complex [8] benchmarks
show that Balsa can learn competitive query plans on DuckDBwith-
out modifying the underlying optimizer or execution engine. These
results suggest that learned query optimizers can adapt to substan-
tially different DBMS architectures using lightweight integration
mechanisms.
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1 INTRODUCTION
Learned query optimizers have recently demonstrated strong per-
formance improvements over traditional cost-based optimizers [13],
particularly on PostgreSQL-style database systems. Prior systems
such as Neo [6], Bao [5], Lero [12], and Balsa [9] use machine learn-
ing to improve components of query optimization or replace tradi-
tional optimizers entirely. Among these systems, Balsa is notable for
learning query optimization policies directly through reinforcement
learning without relying on expert demonstrations. Evaluations on
PostgreSQL show that Balsa can outperform traditional optimizers
on analytical workloads after only a few hours of training.
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Despite these promising results, it remains unclear whether
learned query optimizers can be effectively adapted beyond tra-
ditional row-oriented database architectures (most real-world de-
ployments, such as [1, 11, 14], have not used “full” RL-powered
optimizers). Most prior work evaluates learned optimizers on Post-
greSQL or PostgreSQL-like systems that expose optimizer hinting
interfaces and tuple-at-a-time execution models. Modern analytical
databases such as DuckDB [7] differ substantially from these envi-
ronments, employing vectorized execution, columnar storage, and
embedded execution architectures. These architectural differences
may significantly alter the runtime characteristics and optimization
opportunities observed by learned optimizers.

This work presents an adaptation of Balsa [9] to DuckDB. Inte-
grating Balsa into DuckDB introduces several systems challenges
because DuckDB exposes neither optimizer hinting nor statement-
level timeout support. To address these limitations, we implement
lightweight SQL-level plan forcing and timeout management for
DuckDB. Additionally, we replace the ad-hoc timeout strategy used
in Balsa (which improved upon the ad-hoc strategy in Neo [6]) with
censored observation, improving learning stability.

Using the Join Order Benchmark (JOB) [4] and JOB-Complex [8]
benchmark workloads, we evaluate Balsa on both DuckDB and
PostgreSQL backends. Our results show that Balsa can learn com-
petitive query plans on DuckDB without modifying the underly-
ing optimizer or execution engine. These findings suggest that
learned query optimizers can be adapted across substantially differ-
ent DBMS architectures using lightweight integration mechanisms
rather than invasive engine modifications.

This work makes the following contributions:

• We demonstrate that Balsa can be adapted to DuckDB
through a lightweight SQL-level plan-forcing mechanism
based on AST-guided query reconstruction and determinis-
tic join-order preservation.

• We implement timeoutmanagement togetherwith censored-
observation training to support stable reinforcement-learning-
based exploration.

• We evaluate the resulting system on JOB and JOB-Complex
across DuckDB and PostgreSQL backends, providing an
empirical study of learned query optimization on both vec-
torized and row-oriented database systems.

2 BACKGROUND
In this section, we describe the basics of Balsa and the specifics of
the DuckDB query optimizer.
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2.1 Balsa
Balsa [9] is a learned end-to-end query optimizer that uses reinforce-
ment learning to optimize join ordering and plan selection. Unlike
prior systems that rely on expert-generated plans, Balsa bootstraps
from a lightweight simulator and subsequently refines its value
network using real query execution feedback. During planning,
Balsa performs beam search guided by a learned value function
implemented using a tree convolutional neural network (TCNN).
Prior evaluations demonstrate that Balsa can outperform traditional
query optimizers on PostgreSQL for analytical workloads such as
TPC-H and JOB. Existing implementations of Balsa rely heavily on
PostgreSQL-specific functionality, particularly optimizer hinting
through the pg_hint_plan extension [2] and native statement time-
out support. These assumptions complicate portability to systems
that expose fewer optimizer-control interfaces.

2.2 DuckDB
DuckDB [7] is an embedded analytical database designed for OLAP
workloads. Unlike PostgreSQL’s row-oriented tuple-at-a-time exe-
cution model, DuckDB employs vectorized execution and columnar
storage. Queries are executed in batches, enabling efficient CPU
utilization and SIMD acceleration. DuckDB presents an especially
challenging target for learned query optimization because it exposes
neither optimizer hinting interfaces nor APIs for direct plan injec-
tion. Furthermore, DuckDB does not provide statement-level time-
out controls, which are commonly used by reinforcement-learning-
based optimizers to bound exploration cost during training.

These architectural differences make DuckDB a useful testbed
for studying whether learned query optimizers can be effectively
adapted beyond PostgreSQL-style systems.

3 ADAPTING BALSA TO DUCKDB
Adapting learned query optimizers to new DBMS architectures
requires addressing differences in optimizer-control interfaces and
execution infrastructure. Existing learned optimizers [1, 5, 9] com-
monly rely on optimizer hinting or direct plan injection APIs to
enforce plans selected during reinforcement-learning-based explo-
ration. DuckDB exposes neither capability, requiring alternative
mechanisms for plan enforcement and safe exploration. To address
these challenges, we introduce a lightweight SQL-level plan-forcing
mechanism together with timeout management for handling high-
latency and censored runtime observations.

3.1 SQL-Level Plan Forcing
Balsa relies on controlling query execution plans during reinforcement-
learning-based exploration. Existing learned query optimizers com-
monly achieve this using optimizer hinting interfaces or direct plan
injection APIs [1, 5, 9]. In PostgreSQL, for example, Balsa relies
on the pg_hint_plan extension [2] to enforce join ordering and
operator selection. However, many modern analytical database sys-
tems expose limited optimizer-control interfaces, making direct
integration difficult. DuckDB provides neither optimizer hinting
nor APIs for direct logical or physical plan injection.

To address this limitation, we implement a lightweight SQL-
level plan-forcing mechanism based on deterministic join-order
preservation. DuckDB preserves user-specified join order when

join reordering is disabled via optimizer configuration. We exploit
this behavior by reconstructing SQL queries whose join structure
matches the join tree selected by Balsa.

The SQL reconstruction process operates on Balsa’s internal
abstract syntax tree (AST) representation. Given a candidate join
tree, a recursive tree-to-SQL procedure emits nested join expres-
sions in the desired left-deep order while preserving predicates and
projections from the original query. When join reordering is dis-
abled, DuckDB preserves the reconstructed join structure selected
by Balsa for the workloads considered in this study.

Because the mechanism operates entirely through SQL rewrit-
ing, the approach may also be applicable to other DBMSes lacking
explicit optimizer hinting interfaces. The current implementation
primarily controls join ordering while leaving lower-level operator
implementation decisions to DuckDB’s native optimizer and exe-
cution engine. Consequently, the system should be interpreted as
enforcing join structure rather than fully specifying physical plans.

3.2 Timeout Management
Reinforcement-learning-based exploration can occasionally gener-
ate highly inefficient join plans whose execution latency substan-
tially exceeds the baseline optimizer. Without additional safeguards,
these pathological plans can significantly increase training cost and
destabilize value-function updates. To bound exploration overhead,
learned optimizers have used timeouts. Prior work handled time-
outs by (incorrectly) labeling timed-out queries as having a latency
equal to the timeout value [5, 6, 9]. Thus, if a query’s true latency
was 5 minutes, but the query timed out after 1 minute, the query
would be labeled as having a latency of 1 minute, thus penalizing
predictive models that would correctly estimate the query’s latency.

We propose an approach that does not penalize predictive mod-
els for estimating that a timed-out query’s latency is higher than
the timeout value. For each query, candidate plans are executed
under an adaptive timeout threshold derived from the baseline
optimizer runtime. Plans exceeding the timeout threshold are ter-
minated early and treated as censored runtime observations because
their true execution latency is unknown beyond the timeout limit.
To incorporate these incomplete observations into value-function
training, we adopt a loss formulation inspired by prior work on
learning under censored response data [3] and recent applications
of censored observations in learned query optimization [10].

For timeout samples, predictions below the timeout threshold
continue to incur squared-error penalties because they underesti-
mate the observed runtime bound. However, predictions exceed-
ing the timeout threshold receive zero loss because they remain
consistent with the censored observation. Figure 1 illustrates the
censored-observation loss behavior used during training.

This mechanism reduces the influence of extreme latency out-
liers during reinforcement learning while preserving informative
supervision for underestimated runtime predictions, improving
overall training stability during exploration.

4 EVALUATION
We evaluate the adapted Balsa system on DuckDB (v1.2.2) and com-
pare against PostgreSQL (v12.5) using Balsa’s original PostgreSQL-
based integration. PostgreSQL experiments primarily evaluate the
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Figure 1: Censored-observation loss for timeout samples. Un-
derestimates of the timeout threshold are penalized, while
overestimates incur zero loss.

impact of censored-observation training across systems with dif-
ferent execution architectures. Experiments are conducted on a
machine equipped with an Intel Core Ultra 7 155H CPU and 64GB
RAM running Arch Linux.

Evaluation uses the Join Order Benchmark (JOB) [4] and JOB-
Complex [8]. JOB contains analytical join queries over the IMDb
dataset, while JOB-Complex introduces more challenging join pred-
icates and irregular join structures. Following prior Balsa evalua-
tions, workloads are partitioned into training and testing sets using
randomized query splits.

We compare standard Balsa training against a censored-observation
variant on both DuckDB and PostgreSQL backends. Results report
normalized runtime relative to each system’s native optimizer base-
line. Reported speedups are computed using the median runtime
across five independent evaluation runs.

4.1 Performance on DuckDB

Table 1: Median Wall-clock Time to Reach Runtime Thresh-
olds on JOB Across Five Independent Runs.

Time to: Standard With Censored Observation

2× Baseline 4.02 6.48
1.1× Baseline 36.65 23.70

Baseline 41.53 34.41
0.9× Baseline 61.07 63.80
0.8× Baseline 104.72 94.70

Figure 2 illustrates the training convergence behavior of Balsa on
DuckDB. Across both standard and censored-observation training,
Balsa successfully learns query plans that outperform DuckDB’s
native optimizer within the first hour of reinforcement-learning-
based exploration.

During early exploration, both variants occasionally evaluate
pathological join orders whose runtimes substantially exceed the
baseline optimizer. The censored-observation variant reduces the
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Figure 2: Training convergence behavior of Balsa on DuckDB
for the JOB workload. Normalized runtime of training
queries (log scale) versus elapsed training time.

Table 2: Median Wall-clock Time to Reach Runtime Thresh-
olds on JOB-Complex Across Five Independent Runs.

Time to: Standard With Censored Observation

2× Baseline 37.53 28.97
1.1× Baseline 132.61 89.10

Baseline 139.39 106.01
0.9× Baseline 177.65 154.92
0.8× Baseline 198.92 219.94

impact of these extreme outliers by avoiding excessive penalties for
timeout-censored executions, leading to more stable value-function
updates and lower runtime variance during training.

Table 1 and Table 2 summarize the wall-clock time required to
reach different normalized runtime thresholds on JOB and JOB-
Complex. The results show that censored-observation training im-
proves convergence behavior across several practical operating
regions, particularly near baseline and moderately sub-baseline
runtimes. On JOB, the censored-observation variant reaches the
baseline and 1.1× baseline thresholds more quickly than standard
training, while also reaching the strongest observed threshold (0.8×
baseline) faster overall. On JOB-Complex, censored observation
consistently improves convergence speed through the 0.9× base-
line region, although standard training converges slightly faster at
the most aggressive threshold.

These results suggest that censored-observation training primar-
ily improves exploration stability rather than uniformly outper-
forming standard reinforcement learning across all convergence
targets.

Figure 3 summarizes final speedup results on JOB and JOB-
Complex. On JOB, Balsa achieves up to 1.32× training-query speedup
and 1.29× test-query speedup relative to DuckDB’s native optimizer.
On JOB-Complex, gains are smaller but remain competitive given
DuckDB’s already highly optimized analytical execution engine,
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Figure 3: Balsa speedup relative to DuckDB’s native optimizer
on JOB and JOB-Complex.
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Figure 4: Balsa speedup relative to PostgreSQL’s native opti-
mizer on JOB and JOB-Complex.

reaching up to 1.26× training-query speedup and 1.29× test-query
speedup under censored-observation training.

Although the absolute improvements on DuckDB are modest
compared to prior PostgreSQL-based learned optimizers, the results
demonstrate that reinforcement-learning-based query optimization
remains effective under vectorized execution using only lightweight
SQL-level plan forcing. More broadly, the findings suggest that
learned optimizers can continue to identify beneficial join-ordering
decisions even in systems with highly optimized native analytical
execution engines.

4.2 Cross-System Adaptation
To study portability across execution architectures, we compare
Balsa’s behavior on DuckDB and PostgreSQL backends. Across
both systems, Balsa can be adapted using a common reinforcement-
learning framework despite substantial differences in optimizer
interfaces and execution models.

Figure 4 summarizes final speedup results on PostgreSQL for
both JOB and JOB-Complexworkloads. Compared to DuckDB, Balsa
achieves substantially larger runtime improvements on PostgreSQL
across both workloads. Under censored-observation training, Balsa
reaches up to 3.34× training-query speedup on JOB and up to
14.85× training-query speedup on JOB-Complex. Test-query im-
provements are smaller but remain substantial, reaching up to 2.25×
on JOB and 7.43× on JOB-Complex.

The contrast between DuckDB and PostgreSQL highlights how
DBMS architecture influences the optimization opportunity avail-
able to learned query optimizers. DuckDB’s vectorized execution
engine and highly optimized analytical query processing pipeline
appear to reduce the runtime gap between alternative join orders,
limiting the performance gains achievable through learned opti-
mization.

In contrast, PostgreSQL exhibits substantially greater sensitivity
to join-order selection, enabling larger gains from reinforcement-
learning-based optimization. This behavior is consistent with prior
analyses of JOB-Complex [8], which report substantially larger op-
timization gaps than the original JOB benchmark due to its more
challenging join structures and predicates. Overall, these results
suggest that reinforcement-learning-based query optimization can
be effectively adapted across substantially different DBMS architec-
tures using lightweight SQL-level integration mechanisms.

Censored-observation training generally improves exploration
stability and reduces the impact of pathological plans during re-
inforcement learning. The effect is most pronounced on DuckDB
workloads, where censored observation consistently improves con-
vergence behavior across multiple runtime thresholds. On Post-
greSQL, the impact on final runtime improvement is less consistent,
although censored observation still reduces early-stage runtime
variance during exploration.

5 CONCLUSION
This work adapts Balsa to DuckDB, a vectorized analytical data-
base lacking optimizer hinting and statement-level timeout support.
Using lightweight SQL-level plan forcing together with timeout
management and censored-observation training, Balsa learns com-
petitive query plans on DuckDB without modifying the underlying
optimizer or execution engine.

Experiments on JOB and JOB-Complex show that reinforcement-
learning-based query optimization remains effective across sub-
stantially different DBMS architectures, although the magnitude
of achievable improvement depends strongly on the underlying
execution engine and optimizer design. Future work includes ex-
tending the approach to additional optimizer decisions and larger
analytical workloads.
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