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Multi-table join optimization in cloud-native databases faces challenges of
storage-compute separation, resource elasticity, and runtime cost variation
that classic optimizers cannot handle, which drives the need for methods able
to adjust their decision boundaries according to the runtime behavior of the
underlying cloud infrastructure. The proposed hybrid architecture freezes the
stable sub-components of an IKKBZ-GOO heuristic seed plan into a structural
freeze mask that constrains the learning algorithm throughout training, rather
than being discarded after a single warm-start iteration. The mask works
together with a state-aware cost function whose single state-dependent
parameter is updated online. Two further components complete the design: a
logistic gate trained on production telemetry, and a regression containment
strategy that falls back to the heuristic plan when the learned plan
underperforms. Training converges in 6.4 hours on one 16-vCPU compute node
without GPU acceleration. The method was evaluated on the Join Order
Benchmark, TPC-H, and TPC-DS, with PostgreSQL running on an eight-node
Kubernetes cluster with object-store-backed shared storage. It achieves a
geometric mean speedup of 1.38-fold on JOB, 1.28-fold on TPC-DS, and 1.07-fold
on TPC-H, produces a query plan in 4.6 to 6.4 ms, returns median latency to
within 5% of its pre-scaling value within 22 seconds of a scaling event, and
incurs a 21% overhead at the 95th percentile under node jitter. These findings
demonstrate that heuristic and machine-learning components can be
integrated to yield a usable optimizer whose decision boundaries adapt to the
environment in which it is deployed.

1. Introduction

paradigm is also evident in the space of distributed SQL

The migration of analytical database queries to cloud-
native systems has shifted the ground rules underlying query
optimization. The separation of storage from computing, as
evidenced in the motivations behind the Amazon Aurora
architecture for scalable cloud-native RDBMS [1], and its
subsequent refinement in Socrates' separation of log
durability from data persistence [2], introduces latency
penalties and elasticity boundaries not found in the
monolithic engines upon which conventional optimization
techniques are based. The engineering need to offer multi-
tenant scalable computation has resulted in designs such as
PolarDB Serverless, which explores the memory-compute-
disaggregated approach [3]; Snowflake, which introduces a
new paradigm for data warehouse processing through multi-
cluster, shared-data execution [4]; and Amazon Redshift, in
which the new architecture directly incorporates query
acceleration and optimization into its design [5]. This
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databases, such as CockroachDB, which belongs to the
category of geo-distributed cloud-native systems where the
cost of a join operation depends on replica location and
network conditions across regions [6]. Optimization of multi-
way join operations is right at the core of this issue. The
difference in cost between a good query plan and a bad one
increases super-linearly with respect to the number of tables
that can be joined. Misestimation of cardinalities in the
execution plan flows up and accumulates while the large plan
is broken down into smaller components. The complexity of
enumerating all possible semantically equivalent join
orderings increases exponentially with respect to the number
of relations when considering left-deep trees, and even faster
for bushy trees. Each optimizer thus must sacrifice
completeness for latency in planning, and the point of
sacrifice is determined by the computational capabilities
present during runtime. In cloud-based systems, the expense
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of accessing a page, the expense of transporting data from

storage nodes to compute nodes via network links, and the

cache capability available all vary depending on the
temporary conditions prevailing. An optimizer optimized for

one set of these conditions may perform poorly under a

different set. This point is emphasized in the recent survey of

cloud-native database management systems, which
highlights elasticity and the heterogeneity of tenant
workloads as the factors most relevant to the failure of

conventional optimizer design assumptions [7].

The enumeration problem of classical optimization was
resolved by dynamic programming for the access path
selection approach adopted in the System R optimizer [8] and
by the randomized and heuristic algorithms that were
discussed in the VLDB Journal paper on join ordering [9]. This
technique provides a realistic plan generation solution for
reasonable cardinality joins and continues to be the standard
in popular DBMSs. Calibration of their cost model takes place
only once and is not related to the available system resources;
thus, it is not adaptive to changing conditions. In the learned-
optimizer approach, the cost estimation is replaced with or
complemented by the use of machine learning. Neo learns the
value network with tree structure for synthesizing efficient
plans without cardinality estimations [10]. The qd-tree uses
the reinforcement learning approach for data layout, and the
improvements achieved in cloud analytics demonstrate that
this category of learners can be used for the storage layer,
where the access cost is represented explicitly in the current
cost model [11]. RTOS uses reinforcement learning for join-
order determination directly through the tree-LSTM learner
[12]. Bao provides an industrial solution based on a bandit
algorithm driven by the hint sets [13]. This property of these
four proposals is identified in the survey paper about the
integration of database and artificial intelligence, that is, each
proposal replaces one part of the optimizer with the learning
one while keeping the rest parts unchanged [14].

The problem common to both previous approaches is
that they consider the learned aspect and the heuristic aspect
to be mutually exclusive. Heuristic-only optimizers will not be
able to adjust their behavior based on changes that occur due
to runtime state changes, while learned-only optimizers can
either incur training costs that are impossible to pay in an
elastic environment or will expose the whole system to the
risk of a tail-risk regression whenever the operational
conditions deviate from those seen during training. The
assumption that one side should dominate over the other
implicitly means that the two aspects cannot be combined at
all, each contributing something to the other. This study
pursues four objectives.

e Construct a join cost model that depends explicitly on the
cloud runtime state and that absorbs cluster
reconfiguration without retraining the full cost surface.

e Design a heuristic seed plan together with a structural
freeze mask that remains in force throughout
reinforcement-learning training rather than being
discarded after a single warm-start iteration.

e Construct a constant-time query-level gate, trained on
production telemetry, that assigns each query to the path
matched to its complexity profile and to the prevailing
cloud state.

e Evaluate the resulting optimizer on the Join Order
Benchmark, TPC-H, and TPC-DS, and under elastic scale-
out, node jitter, and cold-start conditions that static
benchmarking does not exercise.
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Section 2 develops these objectives in the order stated.
Section 2.1 presents the state-aware cost model, Section 2.2
the IKKBZ-GOO seed generator and its freeze mask, Section
2.3 the reinforcement-learning refinement stage, and Section
2.4 the query-level gate that binds the two paths together. The
present study introduces a hybrid heuristic-RL approach to
multi-table join optimization in cloud-native databases that
solves these problems via four design decisions.

e A state-sensitive cost function whose single state-
dependent coefficient is adjusted online by an
exponentially weighted moving average. Shifts in the state
of the cloud enter the cost surface without retracing the
entire model.

e A seed plan generator that combines IKKBZ linearization
with GOO bushy merges. The stable structures of the seed
are frozen into a structural freeze mask that persists across
reinforcement-learning training instead of being thrown
away after one warm start trial.

e A gating mechanism trained on production telemetry as a
constant-time logistic regression. Each query is assigned to
the best path according to its complexity profile and the
state of the cloud at the time of execution, in place of the
per-query Monte Carlo techniques used by previous hybrid
approaches.

e Aregression containment policy that monitors the realized
execution time of every plan issued by the learned path and
rolls back to the heuristic plan whenever the observed cost
exceeds the heuristic prediction by a fixed margin.

The proposed approach is evaluated on the Join Order
Benchmark together with the industry standard benchmark
workloads TPC-H and TPC-DS, on PostgreSQL running within
a Kubernetes cluster with object-store-backed shared
storage. The empirical evidence shows consistently improved
median latencies across all three benchmarks along with
reliable recovery behavior under elastic scaling, node jitter,
and cold-starts in bounded time without resorting to any run-
time fallbacks. This research contributes to the
understanding that the learning component and heuristics
are used in synergy rather than competing against each other,
as well as an optimizer implementation ready for deployment
where the decision-making boundaries depend on the cloud
runtime environment as opposed to a statically calibrated
setting.

2. Materials and methods
2.1 Problem formulation and cloud-native join cost
model
Multi-table join optimization in cloud-native databases is
formulated as a sequential decision problem over the space of
join trees that may be either left-deep or bushy, where each
query q is associated with a relation set Rq = {”1”’2’- . _,rn} and

a predicate set P; that together define the join graph
G,=(R,E)"

The optimizer is required to produce an execution plan:

7 =argmin__, C(zl u,) 1)

That minimizes the expected execution latency conditioned
on the runtime cloud state u,, where Hq denotes the set of

all semantically equivalent plans and (C(.) is a state-aware

cost functional. The principal departure from classical
formulations lies in the explicit dependence on u,, which is

treated as a time-varying vector:
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u, =™ B Ak 0

Encoding CPU utilization, network bandwidth between
compute and storage tiers, buffer-pool hit ratio, and the
number of active compute nodes at decision time $t$. It is
necessary to allow for left-deep skeletons as well as bushy
fragments within one single search space since cloud OLAP
queries have star join queries, which are best executed
through bushy pipelining, and snowflake queries, where the
best query plan remains left-deep.

The cost model is constructed as a sum of three additive
terms designed to capture the dominant latency components
observed in disaggregated execution stacks. The total cost of
a plan node v with input cardinalities | R || R, | and output

cardinality | R | is expressed as

Colu)=a-f(RLIR Le)+B|R | -p,+7-&u,.T) 2
in which 7, is the physical operator type, p [0,1] is the
remote-fetch probability estimated from the buffer state, £(-)

is a queue-aware penalty triggered when shared storage
contention is detected, and ¢,y are tier-specific calibration

constants while f, is the only state-dependent coefficient.

The first parameter relates to operator calculation at the
compute level, the second to the transfer of data from the
separate storage level, and the third to queuing time due to
storage competition. The remote-fetch probability p is

calibrated from empirical buffer-miss traces collected by
deploying PostgreSQL on a Kubernetes cluster with object-
store-backed shared storage, so that the parameter reflects
realistic disaggregated access patterns rather than synthetic
assumptions. Rather than retraining the entire cost surface
whenever the cluster reconfigures, only g, is updated online

through an exponentially weighted moving average over the
mostrecent K query executions, expressed as:

Ba=0-1)p +up (3)

with /?l being the empirical ratio between observed and

estimated transfer latency on the latest query; the initial value
f, is obtained from a regression fit on the warm-up trace

collected during system bootstrap. The smoothing
parameters are fixed at 4 =0.15 and K =50 through grid

search on a held-out warm-up slice, providing a balance
between responsiveness to runtime shifts and stability under
transient noise.

Selectivity inputs feeding the operator term f,,() are

produced by a supervised deep network that ingests multi-
attribute predicate encodings, an approach that has proven
able to recover sharp selectivity boundaries that histogram-
based methods systematically blur [15]. At the upper levels of
the query plans, where cardinality estimation is needed, the
estimates are provided by an independently learned data-
driven estimator which captures joint distributions over base
tables and passes them through joins by applying the
technique of sum-product factorization [16]; separate
estimators for operators and joins are employed since the
distributions learned for these tasks are off by several orders
of magnitude in the number of records, and having a single
estimator would mean choosing between either a poor
approximation of the operator distribution or the join
distribution. In terms of the JOB slice, the operator-level
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estimator obtains a median g-error of 1.7 and a 95th
percentile g-error of 9.4; the join-level estimator obtains a
median g-error of 2.3 and a 95th percentile g-error of 18.6,
which both represent improvements over the histogram-
based estimates generated by the PostgreSQL query planner
by a whole order of magnitude. The symbols introduced in
this section and throughout the remainder of Section 2 are
collected in Table 1.

2.2 Heuristic join-order generation module

The design of this heuristic module ensures fast delivery
of high-quality plans within a tight latency budget and
robustness on small to medium-size queries where a
reinforcement learning based method becomes inefficient
due to excessive cost. This heuristic module uses both
precedence graph-based linearization from IKKBZ, greedy
operator interleaving from GOO and adds a cloud-aware tie
breaking rule which prefers join plans that minimize remote
fetch under the current u:. The algorithm IKKBZ ranks the
dependencies in the precedence graph constructed using join
predicates and, in polynomial time, determines the optimal
left-deep execution plan based on the rank of a join graph that
is acyclic. The algorithm GOO [9] orders the operators
greedily by choosing to merge at each step those two subplans
that produce the smallest intermediate relation upon
performing a join. IKKBZ rank computation is used on acyclic
sub-queries in order to get a left-deep skeleton and then GOO-
style merging is allowed to generate bushy skeletons when
the bushy solution is expected to reduce intermediate size
over the default solution by more than a certain & =0.18
determined by 5-fold cross-validation on a held out JOB
training data slice. The use of the above is preferred over
dynamic programming due to the exponential growth in
computational complexity of dynamic programming with
respect to the number of relations.

An important addition is related to how the heuristic
works together with the RL component. The seed plan can no
longer be thought of as a warm start that is forgotten after one
iteration. Instead, the heuristic plan H(z,) is Kkept

throughout all of training; the subtrees considered the most
stable by the heuristic, based on how much the variance of
their cost predictions fluctuates when bootstrapping is
performed, cannot participate in any action selection.
However, self-play breaks the reliance on the reference
optimizer, making it incumbent upon the learner to learn
about planning quality through interaction with the
environment [17]. There is a price paid in terms of training
time for this independence, but it makes the learner capable
of exploring again structures that work well from an early
point in training. However, the freeze mask maintains the
reference optimizer, using no samples on these structures.
The other deviation lies in the area of intra-query adaptation.
Intra-query adaptation techniques partition the budget
among various join orders and direct it towards the orders
that give out the highest reward signal while executing the
query [18]. On the other hand, our technique prunes based on
the expert prior during plan generation. This helps retain the
advantage of low latency of generating in a single shot and
excludes the variance generated by intra-query exploration
from multi-tenant queries. There are three key inputs made
available from the module to the RL technique presented in
Section 2.3.
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Table 1. Notation used throughout the formulation of the hybrid optimizer

Symbol Definition
Rq >Pq7 Gq Relation set, predicate set, and induced join graph for query ¢
11 Space of semantically equivalent execution plans for ¢
q
P c() Optimal plan and state-aware cost functional
Ue Cloud-state vector at time t (CPU, network, buffer, node count)
T,,p Physical operator type and remote-fetch probability at plan node V
v v
£ () Operator-computation term of the cost model, evaluated on the input cardinalities
op and the operator type
R |,|R.|,| R, | Left input, right input, and output cardinalities at plan node V
) 1 v
o, R, | Remote-fetch term of the cost model, scaled by 3,
. ueue-aware contention term of the cost model, triggered under shared-storage
40) 88 g
contention
(94 Tier calibration constant on the operator-computation term
ﬂ State-dependent coefficient on the remote-fetch term, the only coefficient updated
t online
Y Tier calibration constant on the contention term
wK EWMA learning rate and window length for B update
ﬁ B Empirical transfer-latency ratio on the latest query, and the bootstrap initial value
oo of g,
H(”o) Heuristic seed plan produced by the IKKBZ-GOO hybrid in Section 2.2
) Bushy-merge threshold on the expected reduction of intermediate size (Section
2.2
Z,AT,r RL state space, action space, deterministic transition, and reward
z.a RL state and selected action at step ¢
127
n,|E | Number of relations and number of join-graph edges for query ¢
q°1 g
Qe Value network with parameters &
C.(z,) Cost of the heuristic continuation from state z,
C}_en- Cardinality estimation error at the current plan node
t
A Flow-loss-style penalty, active only when the estimation error can flip a plan
! decision
n,xK Modulation coefficient and error threshold of the flow-loss reward term
Aq) Hybrid switching score gating heuristic-only execution versus RL refinement
(o2 Logistic function applied to the linear switching score
w = (W, Wy, Wy, w,) Weight vector of the switching score, trained by logistic regression
H(éq) Entropy of the cardinality-estimator output distribution for query ¢
Drift(u,) Displacement of the current cloud state from the regime of the last training run
t
9] gh Lower and upper decision thresholds of the gate
b
k Number of RL candidate plans ranked against the heuristic seed in the
intermediate band

2.3 Reinforcement-learning-based plan refinement

The RL component sets up the abstract problem in
Section 2.1 as a finite-horizon deterministic Markov decision
process (Z,A,T,r), in which Z denotes the RL state space

and is kept symbolically distinct from the cloud-state vector
urthat conditions the cost model. A state z; € Z represents the
partially constructed plan, the unjoined relation set, and the
current us, and is obtained by a tree-LSTM embedding that
preserves the structural information lost in flat featurization.
The action a; € Az, picks the next two sub-plans for joining
and the join's corresponding physical operator
implementation, based on the reduced set of actions dictated
by the structural freeze policy in Section 2.2.

The transition function T is deterministic, mapping each
state-action pair to a uniquely defined successor state Zi«s
because the join graph and operator choice fully determine
the resulting partial plan; the episode terminates when all
relations in Rq; have been consumed, and because every
episode has finite length bounded by n,/, no discounting is
applied so that all intermediate rewards contribute on an
equal footing to the final return.

The reward signal does not follow the traditional method
of providing reward only upon reaching the end states, since
such a method has proven to be the primary factor causing
poor performance on multi-table tasks [19]. A dense
intermediate reward of the form:
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r,=-lo 7C(Z”a’| u,) +77~l[|z§-errl \>K]~A, (4)
Cret'(zz)

where C_(z,) is the cost of the heuristic continuation from
state Z,, g-err, is the cardinality estimation error at the

current node, At is the flow-loss-style penalty that activates

only when the error is large enough to flip a plan decision, and
the modulation coefficients are fixed at =0.4 and x=2.5

together with the bushy-merge threshold § of Section 2.2
through grid search with 5-fold cross-validation on a
validation slice disjoint from the test workloads. The use of
relative cost allows scaling invariance among different query
templates, and this property is needed due to the four order-
of-magnitude differences between raw latencies for JOB, TPC-
H, and TPC-DS benchmarks. Flow loss-type tuning is
employed, since the errors in cardinalities that have no
impact on the selected execution plan should not be
addressed, and previous research in flow loss-based learning
demonstrates that addressing solely those cardinalities leads
to improved latency tails in comparison with uniform
supervision [20]. It is worth noting that the current approach
leverages this idea in its reward mechanism instead of in the
cardinality predictor, thus achieving similar results in an
automatic fashion.

The value network Q,(z,,a,) is modeled using a tree-

LSTM encoder and feed-forward head in two layers that
utilize experience replay along with the periodically
synchronized target network, which proved to be crucial for
stabilization of DQN in sequential tasks that involve
significant variation in state features [21]. The target network
and replay buffer are adopted here for the same stabilization
reason, since the cloud-state components of Z: vary across
episodes in a way that non-stationary bootstrapping would
otherwise amplify. Replay buffer size remains constantat 105,
mini-batch size is 64, learning rate equals 5x10™ when
applied under Adam algorithm, and target-network update
occurs every 500 iterations. A safety filter is implemented on
top of the unfiltered policy such that an action can be passed
to the system for implementation only if its estimated cost
falls within a range of confidence around the heuristic, while
any actions falling outside this range pass first through a
simulated environment. The agent learns from about 1.2x10"
episodes, which is a sample budget manageable even without
workload traces provided by the company and comparable to
the sample budget used in contemporary RL-based
optimization research conducted with JOB workloads. The
choice of a value-based off-policy agent is made instead of an
on-policy or actor-critic agent due to the issue of sample
efficiency. The number of episodes needed in the on-policy
case would run into millions, but cannot be generated in
practice for the task of cloud OLAP workloads. The off-policy
framework enables the replay of previous experiences ad
infinitum.

2.4 Hybrid Heuristic-Reinforcement Learning Decision

Framework

Hybrid architecture is formed by combining heuristic
module and RL module using query level gate as opposed to
manually configured warm start because both modules
perform in different regions of cost quality space and the gate
has to be learnable from live traffic. For an incoming query q,
a switching score:
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A(q)=o{w, logn, +w, log| E, | +w, H(e,)+w, Drift(u)) ()

where nq and |Eq | measure the join-graph size, H(é,,) is the

entropy of the cardinality-estimator output distribution, and
Drift(u,) quantifies how far the current cloud state has shifted

from the regime under which the value network was last
trained. The weight vector W:("V],W2>W3,W4). together

with the upper and lower decision thresholds 6,=0.32 and
9, =0.68 is trained offline as a logistic regression using

supervised labels generated through the execution of the
training queries under both heuristic-based path and RL path,
marking any instances where the difference between the two
paths exceeds a configurable threshold of 8 % as positive
labels; thereafter, the model is used in an online setup
whereby the parameters are continuously updated based on
feedback from regression containment. The thresholds are
modeled as a band having a half-width of 0.18 centred at 0.5,
where the half-width is the variable being tuned using the
validation slice for the set {0.10, 0.15, 0.18, 0.20}, Queries
with ()<, are dispatched to the heuristic-only path,

queries with j(g) > ¢, trigger full RL refinement on top of the

heuristic seed, and the intermediate band invokes a ranking-
style comparison between the heuristic plan and the top-k RL
candidates with k=3, with the higher-ranked plan selected for
execution.

The 8% label margin threshold was established using the
scanning of the following candidate thresholds: {4%, 6%, 8%,
10%, 15%} on the validation slice. The thresholds of 4% and
6% will allow discrepancies that will be present within the
run-to-run variation of the shared storage pool, just like the
variation that inspires the five-run median process from
Section 3.1, and thus, the labels will contain such noise; the
rate of positive labels is 71% and 58%, respectively, while the
gate F1 of the validation slice becomes 0.74 and 0.81. The
margins of 10 % and 15 % limit the positive label rate to 37
% and 24 %, respectively, and exclude those queries which
can actually be improved upon through refinement, while the
speedup of validation geometric mean using JOB drops to
1.36-fold and 1.30-fold, approaching 1.12-fold which is
achieved when the RL part is entirely eliminated. The value of
8 % produces a positive label rate of 46 %, achieves the
largest value of gate F1 of 0.86, but still provides a validation
geometric mean speedup of 1.38-fold at a mean plan
generation time of 5.1 ms, and it is retained on that basis.
The proposed system builds upon the wider ML-enabled
optimization approach, where the natively cost-based
optimizer and the ML-derived part work together via two-
way plan ranking to produce reliable plans without losing
transparency [22]. In the current design, the cooperation
mechanism is determined at the query-level by means of a
constant-time gate trained on telemetry data instead of the
pair of plans by a learned ranker at the plan-pair level.
Moreover, the heuristic function is not used as a safety
measure anymore but becomes an integral part of the system,
where its decisions are used to restrict the set of actions taken
by the RL agent via the freeze mask described in Section 2.2.
Regression containment is achieved using a tail-bounded
fallback policy that watches the actual execution time of every
plan submitted by the RL agent and initiates rollback along
with negative example training if the real-time cost surpasses
the heuristic prediction multiplied by 1.5. The drift
adaptation technique is realized in this design by tying the
value-network updates to the difference between the current
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workload profile and the distribution seen during training.
The architecture of the proposed solution in the full form is
shown in Figure 1. An incoming SQL query and the current
cloud-state vector u: are passed to the switching score j(g),
computed by the four-feature logistic gate. Every query is
routed to the IKKBZ-GOO heuristic generator, which returns
the seed plan f(; ) together with the structural freeze mask.

Queries scoring below ¢, execute the seed directly. Queries
scoring above ¢, are refined by the RL plan-refinementagent,

whose action set is restricted by the freeze mask, and the
resulting top- £ candidates are ranked against the seed by the
plan comparator under confidence-band admission control
before the final plan 7" is executed. The intermediate band
takes the same ranking route with f =3. Telemetry returned
from the cloud-native execution engine drives the tail-
bounded rollback policy, the workload-drift retraining
trigger, and the online EWMA update of g inside the state-

aware cost model. Solid arrows mark the deterministic flow
traversed by every query; dashed arrows mark conditional
and feedback flow, comprising the freeze-mask and seed-plan
hand-off, the top- £ candidate hand-off, the drift signal, and
the rollback path.

Table 2. Public benchmarks used in this study
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3. Results
3.1 Experimental setup and public benchmarks

The experimentation uses three public analytic
benchmarks chosen such that each covers all major analytical
query workload regimes. In the case of the JOB based on the
practical IMDb database, it comprises 113 queries across 21
base relations, with each having between 3 to 16 joins and a
very skewed value distribution to bring out the multiway g-
error tail causing the plan selections in classical query
optimizers to be catastrophic [23]. TPC-H with a scale factor
of 10 provides 22 standard decision support templates across
an 8-relation database with mainly uniform distributions,
providing a baseline with respect to which the effects of any
skews observed can be attributed. TPC-DS with a scale factor
of 10 includes 99 templates using a snowflake schema with
possible 24-way joins, constituting the most challenging
environment where plan cardinality space size and selectivity
ambiguity coexist. All experiments were conducted on a
Kubernetes cluster consisting of 8 compute nodes with 16
vCPUs and 64 GB RAM each, utilizing a shared storage object
store, with PostgreSQL 15 used as the execution engine and
modified using the pg_hint_plan extension to accept plan hints
from outside. Every query is run five times post-caching, and
only the median latency is recorded to remove any transient
noise in the shared storage level. Relevant workloads
statistics to the following analysis are provided in Table 2.

Benchmark Relations Queries Join Cardinality Range Data Volume Predicate
Skew
JOB (IMDb) 21 113 3-16 3.6 GB High
TPC-H SF10 8 22 2-8 10 GB Low
TPC-DS SF10 24 99 4-24 10 GB Moderate
INPUT DECISION GATE EXECUTION & FEEDBACK
Incoming SQL Query q Switching Score A(q)
Join graph Gy, predicates — Logistic gate, four features freeze
Py 0 <r<0 : mask +
1 h seed plan
Cloud State Vector u; always |
CPU - network - buffer —! drift signal feedback | L ___________________ when A > 0y
- nodes | |
HYBRID PIPELINE | :
|
COST MODEL v [ !
State-Aware Cost Heuristic Join-Order Generator ! Plan Comparator & Selector |
Model | IKKBZ linearization + GOO bushy merge ! Ranks heuristic seed vs top-k RL plans |
C(v | uy) with online B, | | Cloud-aware tie breaking I Confidence-band admission control :
(EWMA) Outputs seed H(mo) and freeze mask : Outputs final Tk |
1 |
v ! o .
RL Plan-Refinement Agent ! Cloud-Native Execution Engine :
L Tree-LSTM state encoder over z Disaggregated storage and compute |
Deep C‘ardmallty - Q-network Qq(z;, a) !
Estimator Dense reward r, with flow-loss term top- l Tk :
Sum-p_rod_uct Experience replay + target r}etwork plans Telemetry & Regression |
factorization Safety wrapper + sandbox simulator Containment | J
5 Tail-bounded fallback & rollback
Legend Workload-drift retraining trigger
— deterministic flow :
~ ~* conditional / feedback flow |
Experience Replay Buffer ]
Cross-policy, cross-cluster reuse

Figure 1. Overall architecture of the hybrid heuristic-reinforcement learning optimizer
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The benchmark workload in each case is divided into a
70/15/15 stratified sample, where the strata are based on
join cardinality, resulting in an equal distribution of queries
with low, medium, and high cardinalities in the training,
validation, and test sets. In this research, all parameters
introduced in Section 2 are optimized based on the validation
set, while all figures discussed in Sections 3.2 to 3.4 are
calculated based on the test set only. Pairwise comparisons
between optimizers use the Wilcoxon signed-rank test on log-
latency values. A significance level of p<0.01 is applied when
more than two optimizers are compared, and a result with
p>0.05 is treated as statistically insignificant. Each test is
accompanied by the matched-pairs rank-biserial correlation
as an effect size, with 95 % confidence intervals obtained
from 10* bootstrap resamples, so that practical significance
can be assessed alongside the p-value. The unit of analysis is
the query rather than the training run, and every confidence
interval and error bar reported in Section 3 therefore
quantifies variation across queries.

The set of baselines that the hybrid optimizer is
compared to is purposefully limited to the four classes that
altogether span the design space that is relevant for this work.
The native cost-based optimizer of PostgreSQL is used as a
benchmark for the performance comparison against the
dynamic programming one, keeping in mind that the native
optimizer consumes all its dynamic programming resources
for TPC-DS query templates that involve more than 12 input
tables and relies on its own genetic algorithm for solving such
templates, a feature that is maintained in the results obtained.
The Genetic Query Optimizer (GEQO), when run in a stand-
alone fashion, represents the heuristics family. Tree-LSTM-
based reinforcement learning model without the use of
heuristics, i.e., a learning only baseline, is an example of pure
RL, and it is a reproduction of the open-source design. The
learn-based optimizer with focus on production belongs to
the Hint-Set Bandit (HSB) family and is an adaptation of the
Bao framework [13]. The arm set consists of possible
combinations of six policy flags of the PostgreSQL planner,
including enable_nestloop, enable_hashjoin,
enable_mergejoin, enable_indexscan, enable_seqscan, and
enable_indexonlyscan. Any combination resulting in neither
join method nor scan method being enabled is excluded from
the consideration, producing 48 valid hint sets. The bandit
chooses one hint set for a query, and then the native planner
generates a plan based on that restriction. The bandit is

trained on the same budget of 1.2x10* episodes mentioned
in Section 2.3, which is approximately 250 arms per episode.
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Each learned baseline is trained using an equal resource
allocation of 1.2x10* episodes as stated in Section 2.3 to rule
out any differences attributed to differences in learning
resources. Performance measurements include end-to-end
run-time, time taken to generate plans, geometric mean
speedup relative to the PostgreSQL native baseline, and tail
latency at the 95th percentile. Reproducibility is justified as
follows. All three benchmark datasets are available publicly,
as the IMDb data and JOB query set are part of the dataset
published by Leis et al. [23], and TPC-H and TPC-DS
benchmarks are produced from the TPC specification, while
PostgreSQL 15 and the pg_hint_plan module are open source
projects. Stratified 70/15/15 split is done using random seed
7, and hence can be reproduced precisely using publicly
available data without knowledge of the optimizer
implementation, while the five folds used for cross validation
are sampled using the same seed. Training of the
reinforcement learning model is performed using global
seeds 42 for Python, NumPy, and PyTorch, which ensures that
the sampling of the experience replay buffer and exploration
strategy are fixed, while bootstrap sampling is done using the
same global seed 42. Training results are obtained using a
single training run using these seeds, and intervals provided
in Section 3 reflect variability between different queries
rather than different runs of the training process. The
optimizer implementation is available from the
corresponding author on reasonable request.

Both training and testing are performed using CPUs only.
The agent is trained on one compute node from the cluster
mentioned above, which has 16 vCPUs and 64 GB RAM, in the
context of CPU PyTorch backend, without using any GPU/TPU
support. Queries are evaluated on the same eight-node
cluster. Only one agent is trained simultaneously on all three
benchmarks, since the reward formulation in section 2.3
allows for that. Budget of 1.2x10* episodes translates into
mean elapsed time cost of 1.9 s per episode for a total of 6.4 h,
the bulk of which time is used to enumerate and encode
possible sub-plan pairs compared to computing gradients,
hence the reason the model can be trained using that budget
without hardware acceleration. Table 3 lists every tuned
hyperparameter together with its search grid and final value.
Grid search overn and « is conducted under a reduced budget

of 2x10* episodes per fold, and the final agent is retrained at
the full budget once the values are fixed, while § affects only

the heuristic path and is therefore tuned independently at
negligible cost.

Table 3. Tuned hyperparameters, search grids, final values, and tuning protocol

Parameter Search grid Final value Tuning protocol
)2 {0.05, 0.10, 0.15, 0.20, 0.30} 0.15 Grid search on held-out warm-up slice;
cost model only
K {20, 50, 100, 200} 50 Grid search on held-out warm-up slice;
cost model only
) {0.10, 0.14, 0.18, 0.22, 0.26} 0.18 5-fold CV on held-out JOB training slice;
heuristic path only
n {0.2, 0.4, 0.6, 0.8} 0.4 5-fold CV on validation slice, joint grid
with K, reduced budget 2x10° episodes
K {1.5, 2.0, 2.5, 3.0} 2.5 5-fold CV on validation slice, joint grid
with 77, reduced budget 2x10’ episodes
Gate band half- {0.10, 0.15, 0.18, 0.20, 0.25} 0.18, giving ¢, = 0.32 Validation slice; band centred on 0.5
width
and g, =0.68
Labeling margin {4 %, 6 %, 8 %, 10 %, 15 %} 8% Validation slice; gate F1 and JOB
speedup, Section 2.4
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The remaining settings are fixed by convention rather
than tuned and are stated in Sections 2.3 and 2.4, namely a

replay buffer of 10° transitions, a mini-batch size of 64, an

Adam learning rate of 5x10™, target-network
synchronization every 500 iterations, an episode budget of
1.2x10%, k =3 ranked candidates within the intermediate gate
band, a rollback margin of 1.5, and a discount factor of 1.0.

3.2 End-to-end query performance comparison

The performance analysis on the three datasets
illustrates that there is a workload-specific effect of latency
improvement compared to the PostgreSQL native plan.
Specifically, for JOB where the workload comprises complex
multi-way join operations and heavily skewed predicates, the
hybrid optimizer achieves a median latency reduction of
27.6% and achieves a geometric mean speedup of 1.38x (with
p<0.001 versus native) compared to 1.18x and 1.11x for the
baselines. For TPC-DS, the associated median reduction in
latency is 21.9% with a geometric mean speedup of 1.28x (p
<0.001), whereas the baseline with only learning is 1.14x and
the hint-set bandit is 1.09x. For TPC-H, the properties of this
workload lead to a very different ordering, with the hybrid
optimizer improving median latency by 6.2% over the native
plan, obtaining a geometric mean speedup of 1.07x compared
with 1.06x for GEQO, which is statistically no different from
the hybrid (p = 0.41). For the aforementioned comparison, the
value of matched-pairs rank-biserial correlation coefficient is
0.16, which has a 95 % confidence interval of [-0.19, 0.48].
This is negligible in magnitude, and the confidence interval
contains zero; hence, the two setups are practically identical
for TPC-H and not just statistically undifferentiable.

The effect sizes for JOB and TPC-DS are both large, as
given in Table 4. This behavior fits into the reasoning behind
the heuristic design principle of classical heuristics being
nearly optimal in uniformly distributed workload scenarios
where join depth is constrained, while the utility of learned
plan optimization would be more applicable to the less-well-
behaved queries typical of JOB and TPC-DS than TPC-H.
Generation time of plans follows another ranking pattern,
which directly affects production application. Hybrid
optimizer has median times of 5.1, 4.6, and 6.4 ms for
processing a query on JOB, TPC-H, and TPC-DS datasets,
respectively, where the first time is split into 1.3 ms used to
generate a heuristics seed and 3.8 ms to infer values from the
value network. Such times can be compared to 11.7 ms, 10.2
ms, and 14.8 ms for the median times required to execute the
learning-only algorithm, based on three different
benchmarks, each of which involves an action space that

November 2026] Volume 05 | Issue 04 | Pages 119-132

requires a deeper rollout sequence, as well as 0.9 ms, 0.7 ms,
and 1.3 ms for the median times for the DP enumerator. For
all three metrics, the hybrid optimizer terminates plan search
within finite time without ever resorting to any fallback
strategies inside itself; this is because of the gating process
explained in Section 2.4 for sending complicated queries to
the RL route only when A(q) > 6,. The full latency
comparison can be seen in Figure 2. Figure panels (A), (B),
and (C) demonstrate the end-to-end latency of the query
latency distribution on JOB, TPC-H, and TPC-DS, respectively,
in a logarithmic scale, in the hybrid optimizer versus the four
baselines, along with the geometric mean speed-up and
statistical significance compared to the native plan in each
figure panel. Figure panels (D), (E), and (F) represent the
median plan generation time of the five configurations above,
together with error bars showing the 95% confidence interval
calculated using bootstrapping technique. The annotation in
figure panel (F) indicates that the native configuration
switches to GEQO in 17 out of 99 TPC-DS templates.

3.3 Adaptability under cloud-native elastic scenarios

The adaptability assessment focuses on the performance
of the optimizer under three distinct conditions relevant to
cloud environments yet missing in static benchmarking
assessments: elastic scale-out, where the computing layer
increases from four to eight nodes while the workload is
running; node jitter, where every few seconds a particular
node experiences 200ms latency spikes to simulate noisy
neighbor effects; and cold-start, where the cache is emptied
prior to every query execution to ensure a fully remote fetch
penalty for every page access. In the elastic scale-out
condition, the hybrid optimizer achieves recovery to within
5% of its initial median latency after 22 seconds of the scaling
operation compared to 41 seconds for the learning-only
approach. Recovery is determined through a rolling median
of end-to-end latency calculated using the last twenty queries.

This workload is executed constantly during the scale out
event, and the rolling median is determined after each query
completion. The recovery time is the time period from when
the scale out begins until when the rolling median becomes
smaller than 1.05 times the value before the scale out and
stays below that point through twenty queries. This is true for
all configurations, including the 41 s that was found in the
learning-only method. Such an approach is consistent with
the desired behavior where the update of the state-dependent
parameter f; through the online process outlined in Section
2.1 causes the ratio to be propagated within the cost function
without the need for value network training while at the same
time showing ordinary variations in the plan churn rate.

Table 4. Effect sizes and significance of the hybrid optimizer against each baseline

Benchmark Comparison Rank-biserial $r$ [95 % CI] p
JOB Hybrid vs. Native 0.94 [0.82, 1.00] <0.001
JOB Hybrid vs. GEQO 0.79 [0.53, 0.94] <0.01
JOB Hybrid vs. HSB 0.71[0.41, 0.90] <0.01
JOB Hybrid vs. Learn-only 0.62 [0.28, 0.85] 0.014

TPC-DS Hybrid vs. Native 0.79 [0.70, 0.86] <0.001
TPC-DS Hybrid vs. GEQO 0.66 [0.55, 0.75] <0.001
TPC-DS Hybrid vs. HSB 0.58 [0.45, 0.69] <0.001
TPC-DS Hybrid vs. Learn-only 0.52[0.38, 0.64] <0.001
TPC-H Hybrid vs. GEQO 0.16 [-0.19, 0.48] 0.41
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(A) JOB — End-to-End Latency

(B) TPC-H — End-to-End Latency
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Figure 2. End-to-end latency and plan-generation time across the three benchmarks.

When jittering nodes, the proposed optimizer incurs an
overhead of 21% at the 95th percentile compared to the
latency at the undisturbed operating point; the learning-
based optimizer, however, has an overhead of 33%, followed
by GEQO with 38%, and Postgres's own optimizer with 42%,
while the hint-set bandit incurs 29%. The increase in distance
between the hybrid approach and the static benchmarks in
this case study correlates with the incorporation of network
bandwidth and buffer-pool hit ratio in the cloud-state vector
us, allowing the hybrid strategy to divert planning towards
less responsive operators in regard to remote access latency.
However, the performance difference for the cold start
scenario is lower compared to other steady state performance
tests. The cloud-aware tie breaking strategy used in the
heuristic module allows for a performance improvement of
16.8% over the native approach, compared with 9.3 % for the
hint-set bandit, 7.2 % for the learning-only baseline, and 4.1
% for GEQO. The narrow range seen here is because the costs
related to data transfers outweigh the shape of the query plan
at the storage layer due to a full cold buffer. The overhead and
recovery graphs for the scenario are provided in Figure 3. In
this Figure, (A) shows the plot of median end-to-end latency
with respect to wall-clock time after the scale-out operation
from four to eight compute nodes; the latency is normalized
to the value before scaling. The shaded region corresponds to
the 5% recovery window mentioned in the text. Figure 3 (B)
shows the additional latency penalty experienced due to node
jitter compared to the undisturbed operating point. The
dotted line is the hybrid baseline. In addition, (C) depicts the
improvement in cold start latency compared to the native
plan, which acts as the base case of zero. Panel (D)
summarizes normalized performance across the three
scenarios for all five optimizer configurations, with higher
scores indicating better behavior.

3.4 Ablation analysis of key components

The ablation study will identify the effect of five
architectural choices made by the network in Section 2,
namely the heuristic prior with the structure-freeze mask, the
flow loss style reward modulator, the query level gating, the
on-line update rule for S, and the RL refinement path as a
whole. Disabling the heuristic prior and simplifying the setup
to the learning-only system results in an increase in JOB
latency by 17.0% and a doubling of the time required for
training convergence to 14.1 hours from 6.4 hours using the
same hardware, which indicates that the freeze mask acts as
a sample efficiency booster.

Three further measurements support that reading. The
full hybrid reaches 95 % of its final validation performance
after4.1x10°  episodes, whereas the learning-only
configuration requires 9.6x10° episodes; the resulting
sample ratio of 2.34x is consistent with the 2.20x wall-clock
ratio, the small difference arising because each episode also
becomes more expensive to enumerate once the freeze mask
no longer restricts the action set. Removal of the freeze mask
raises the JOB 95th-percentile latency by 26.3 %, roughly one
and a half times the increase observed at the median, and
widens the interquartile range of JOB plan generation time
from 1.5 ms to 5.8 ms. The proportion of executed plans that
trigger the rollback policy of Section 2.4 during training rises
from 0.8 % to 6.2 %, which is the most direct evidence that
the mask suppresses catastrophic exploration rather than
merely accelerating convergence. The elimination of the flow-
loss modulation effect while keeping the relative-cost reward
effect results in an increase in 95th percentile latency in TPC-
DS tests of 11.4 %; this latency increase occurs mostly among
the joins within the range from 16 ways to 24 ways for
reasons that estimation errors can change plans; the increase
in average latency, however, is relatively small at 4.1 %.
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Figure 3. Optimizer recovery under elastic scale-out, node jitter, and cold-start scenarios

The elimination of the query-level gate and the
imposition of the entire RL-based plan optimization process
on all queries leads to a 7.2% rise in the average plan
generation time without any observed improvement in
execution delay, thereby validating the cost-quality
complementarity of Section 2.4. However, since the
application of bootstrap rather than using updates in EWMA
for the value of B; results in a reduction of the time gain due
to elastic scale out from 22 to 35 seconds, while at the same
time increasing the cold start time by 8.7%, this proves the
criticality of the runtime updates that enable the information
about runtime conditions to enter into the cost model without
being trained. In the absence of the RL path entirely and
sending all the queries through the heuristic configuration,
there is no gain over multiway JOBs. The contributions of the
individual algorithms are highlighted in Figure 4.

In this figure, Panel (A) depicts the normalized validation
latency of the complete hybrid system and of the five
ablations in the context of wall clock training time with the
convergence point of the complete hybrid system at 6.4 hours
and the one of the freeze-mask ablations at 14.1 hours
indicated in the graph. Panel (B) depicts the JOB geometric
mean speedup observed under each ablation with the dashed
line indicating the speedup achieved by the complete hybrid
and the annotation pointing out the reduction to 1.12x after
RL removal. The plots in Panel (C) illustrate the TPC-DS 95th
percentile and average latency normalized to the complete
hybrid with solid bars for the 95th percentile and faded bars
for the average latency.

Panel (D) illustrates the impact of each ablation relative
to five different performance metrics with dashes marking
the metrics not relevant to a specific ablation.

4. Discussion
4.1 Interpretation of the

performance patterns

The trend in performance noted in the three benchmarks
can be seen to exhibit a clear order in which the relative gain
achieved by the hybrid optimizer depends upon the
proportion of multi-way join and predicate skew found,
achieving a geometric mean speed-up of 1.38x on the Join
Order Benchmark, 1.28x on TPC-DS, and 1.07x on TPC-H in
which case the difference between it and GEQO, at 1.06x, is
statistically insignificant. This ordering arises not from any
bias within the benchmark itself but as a natural consequence
of the plan-space geometry in the absence of multi-way joins
and uniform distributions. The ablative experiment discussed
in Section 3.4 validates the above explanation because
ablating the reinforcement learning route would preserve
almost all TPC-H improvements, but the JOB speed-up would
go down from 1.38x to 1.12x, directly proving that the two
techniques complement each other and not substitute for
each other. The 11.4 % increase in TPC-DS 95th percentile
latency that follows removal of the flow-loss term also points
to cardinality estimation accuracy being the bottleneck for
learning-based optimizers, as has been shown before with
significant improvements in the tail of g-error with multi-way
error modeling [24].

workload-dependent
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Figure 4. Ablation effects on training convergence and query performance

The relatively smaller 16.8% improvement in cold-start
query latency highlights the physical limitations of
optimization at the level of execution plans in the case of [/0-
bound workloads.

4.2 Comparison with prior hybrid and learned

optimizers

The speedup of 1.38x in JOB is qualitatively similar to the
improvements seen in previous learning-to-rank techniques
that utilize a native cost function together with a learned
ranking model [25]. This demonstrates the repeatability of
the heuristic plus learned technique on imbalanced analytical
workloads. There are three exceptions to the general
consensus in the literature regarding learned optimizers that
should be discussed explicitly. One of the deviations pertains
to coverage, given that while many learning-enabled
optimizers claim universal improvements, this research finds
that the value of the learning trajectory is zero on TPC-H
because the benefit occurs only in cases where there are
cardinality mistakes that change plans. A second difference
pertains to the cold start problem, as most research on
learned optimizers does not examine cold caches or finds
consistently large gains while here the 16.8% improvement
in cold starts considers the dominance of storage tier I/0 cost.
A third difference lies in the use of experts' prior knowledge,
where current self-training schemes seek to avoid using
classic heuristics; however, in this case, the structural freeze
mask results in a reduction of training time from 14.1 hours
to 6.4 hours, thereby providing the biggest gain towards JOB
optimization.

The difference between TPC-H and plan-level Monte
Carlo arbitrator techniques [26] is due to a conscious trade-
off of some of the benefits achievable for reduced costs in
planning effort and improved robustness during execution, as
evidenced by the 21% overhead due to node-jitter in the
hybrid setup compared to 38% and 42% for the genetic and
native baselines, respectively. This improvement in training
efficiency is especially commendable when contrasted with
join order learning using graphs, which suffer from higher
convergence latencies [27]. Although the regression
containment approach is based on tail risk control in
production deployment [28], it differs by combining rollback
with the online updating of S;, thus making the 22 seconds
required for elastic-scale-out recovery an example of pro-
active adaptation, whereas the 13 seconds better
performance compared to the B;-frozen case demonstrate its
importance. Fast/slow decoupling in low-dimensional cost
and high-dimensional policy parameterization is in
accordance with general remarks concerning the learnability
of database elements [29], while the four-feature
interpretable gate reflects workload drift principles that do
not support deeply coupled end-to-end architectures in non-
stationary environments [30].

4.3 Limitations and future directions

The workloads used for training and testing are
extracted from three publicly available datasets, where the
query templates included do not adequately reflect the shape
of queries present in the production multi-tenant
environment, and the gating system falls back to a pure
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heuristics approach once the difference is significant.
Additive decomposition of cost is acceptable in case of
moderate levels of concurrency; however, it may understate
the interaction between the costs associated with operators,
remote accesses, and queue overhead for extremely high
levels of concurrency, which has not been measured in this
paper; additive decomposition can therefore be viewed as
untested at extremely high concurrency beyond the moderate
concurrency used in Section 3, while the eight-node system
environment fails to reveal the responsiveness of
exponentially updating f; with larger scales. However,
whether the fixed window K = 50 maintains such
responsiveness for larger compute tiers beyond eight nodes
has yet to be shown, and a larger node count might require
that the window size be adjusted accordingly. Another
limitation is due to the width of joins being used, because TPC-
DS queries have the widest 24-way joins performed; hence, if
queries significantly wider than that were to be processed, it
would increase the size of the actions represented by tree-
LSTM at each step and decrease the percentage of the plan
that could be frozen, and both of these effects need to be
studied. The following are some avenues for future research
in extending the current model: making the structural freeze
mask replaceable with a learnable soft constraint with its
magnitude depending on the complexity of the query,
augmenting the cloud-state representation with information
about different workloads and tenants to facilitate
optimization in multi-tenant cloud systems, and upgrading
the regression containment technique to risk estimation
before the deployment of learned optimizers such that the
performance barrier remains unaltered.

5. Conclusion

The proposed approach is that of a hybrid approach to
multi-table join ordering based on heuristic and RL methods
where a cost model with dynamic cost coefficients, the
generation of IKKBZ-GOO heuristic with structural freeze
mask, a logistic gate at the level of individual query obtained
from production telemetry, and a regression containment
fallback scheme are considered. Evaluation of the proposed
approach was carried out using Join Order Benchmark, TPC-
H and TPC-DS with PostgreSQL deployed on eight nodes in
Kubernetes with object store shared storage. In the three
benchmarks, the suggested method produces speedups by a
geometric average of 1.38x for JOB, 1.28x for TPC-DS, and
1.07x for TPC-H, where median time to generate plans is
between 4.6 ms to 6.4 ms across all three benchmarks, and
training is done in just 6.4 hours, whereas elastic scale-out in
22 seconds and 21% overhead due to node jittering surpass
both native and learning methods in the face of runtime
disturbance. The results demonstrate the feasibility of using
heuristics and learning together in an integrated fashion
rather than considering them as options, as well as presenting
ausable design of a heuristic optimizer with adaptive decision
boundaries based on the cloud runtime. The two implications
for practitioners are as follows. The gate keeps reinforcement
learning confined to those queries where refinement will pay
off, while the heuristic approach takes care of the rest, thus
the entire framework can be applied on top of an existing
cost-based query optimizer without any change, and the plan
generation budget of a production workload is left
undisturbed for the queries where there is no benefit in doing
refinement. In the online updating of f; -clustering
reconfiguration gets included in the cost model rather than
kicking off another training round, meaning that the cost of
the optimization process happens in just one training process
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of 6.4 hours in commodity CPUs, rather than continuously
maintaining the process due to growth in the cluster size,
which is the factor that makes it economically viable to keep
the learned part.
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