DataSwift: Smart Choices for Safe Query
Optimization

Raahim Lone
Independent
raahimlone@gmail.com

Abstract

Learned query optimizers struggle to generalize, causing performance regres-
sions for a subset of queries. To address this, DataSwift is introduced, a hint-
recommendation framework that integrates LLM-derived SQL embeddings, GNN-
encoded plan representations, a similarity-threshold memory cache, and Thompson-
sampling bandit exploration. Incoming queries are embedded to recall proven hints;
a low-rank inductive matrix completion model predicts expected latency. Validated
hints are cached and the bandit down-weights any hints inducing slowdowns. On
the combined JOB benchmarks, DataSwift incurs only a 0.7 % regression rate with
zero catastrophic regressions and delivers a 1.4 x improvement on the 5% slowest
queries. Thus, DataSwift provides performance gains without sacrificing safety.

1 Introduction

Modern databases use query optimizers to generate SQL query execution plans, typically relying on
heuristics and cost models. Recently, researchers have introduced machine learning—based optimizers
that guide this process by suggesting SQL query hints. Hints are directives that influence join order,
memory allocation, or indexing choices [1]]. While these learned hints can reduce query latency by
steering the optimizer toward more efficient strategies, they also risk performance regressions, where
queries that once ran quickly under the traditional optimizer become slower under the learned model.

Empirical studies confirm that performance regressions occur frequently in query workloads [2} [3].
To counteract this, a growing body of work has sought to mitigate regressions by supplementing
learned cost models with fallback mechanisms:

* Offline plan validation. Systems like LimeQO [4} |5] and AutoSteer [6] pre-execute
candidate plans to guarantee safety, but rely on repeated query patterns to reduce latency.

* Uncertainty modeling. Lero [7] and RoQ [8] estimate cost distributions, reducing regres-
sions but requiring expensive retraining and often misestimate variance.

* Adaptive Recall and Bandits. Nearest-neighbor methods [3]] and bandit learning [[1]] adapt
online, sometimes aided by LLM embeddings [9]], but incur lookup overhead and unstable
exploration.

* Delta-based filters. PerfGuard [2] and Eraser [3] predict regressions via plan deltas or
runtime checks, but remain limited to offline settings or coarse heuristics.

Together, these works suggest that a regression-free learned optimizer must combine (1) expressive
query representations for generalization, (2) memory of past outcomes to avoid repeated mistakes,
and (3) balanced exploration under uncertainty.

To address these needs, DataSwift is proposed. DataSwift focuses on the subset that causes the most
harm: major regressions, defined as slowdowns that add > 5 s over the default plan (see Preliminary
Experiments). The contributions are as follows:
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Figure 1: This figure demonstrates DataSwift, which takes incoming SQL queries, parses their plans,
and uses an IMC model to predict hint performance. IMC training and Embedding-Indexed Memory
(EIM) maintenance are conducted offline, while the rest of the workflow is conducted online.

1. Inductive matrix completion (IMC) for hint prediction. IMC predicts hint latencies with
uncertainty, enabling principled uncertainty-aware ranking.

2. Hybrid query representations. Each query is encoded with both LLM-derived semantic
embeddings and GNN-based plan encodings, allowing generalization beyond template
repetition.

3. Embedding-Indexed Memory (EIM). A lightweight cache of empirically validated
query-hint outcomes enables safe reuse of past results without expensive nearest-neighbor
search.

4. Bandit-driven adaptation with safe fallback. A Thompson-sampling bandit integrates
IMC’s uncertainty estimates, balancing exploration and exploitation.

Why this generalizes. Hybrid representations capture both what a query asks (SQL semantics) and
how it executes (plan topology). IMC maps queries and hints into a shared low-rank space, enabling
predictions for unseen query-hint pairs with uncertainty. Online adaptation, using the default plan as
a bandit arm and recalling validated outcomes from EIM, prevents repeated mistakes.

2 System Overview

Upon receiving a raw SQL query (1), DataSwift generates a fixed-length SQL embedding (2) using
a pretrained Sentence-Transformers model, and parses the query into a logical operator DAG for a
GNN-based (graph neural network; GNN) plan embedding (3). These embeddings are fed into the
IMC predictor (4), which formulates hint selection as an IMC problem to output both a mean latency
estimate and an uncertainty score for each candidate hint. If the predicted latency improvement is too
small or too large, the hint is skipped or avoided. Before applying the top IMC suggestion, DataSwift
queries the Embedding-Indexed Memory (EIM) (5), a vector index of past queries indexed by SQL
embeddings, to identify any validated hint (6) as an additional candidate. Next, the Bandit Selector
(7) treats the IMC'’s top suggestion, any EIM-returned hint, and the default (no-hint) option as arms
in a multi-armed bandit. It samples from each arm’s posterior to choose a hint. That chosen hint is
then applied and sent to the execution engine (8). Finally, the observed execution latency updates the
bandit’s parameters and is stored back in EIM for future lookups (9).

2.1 SQL Embedding

The SQL embedding module maps raw SQL text into a semantic vector using Sentence-Transformers.
Incoming queries are encoded and compared via Euclidean distance against stored embeddings in an
indexed memory, enabling retrieval of proven hints for similar queries. This avoids the variance issues
of probabilistic cost models and eliminates the need for offline validation on each new template.

2.2 Plan Graph Encoding and IMC Prediction

Each query plan is parsed into a DAG and encoded by a GNN into a 512-d structural embedding
Zgtruet € R°1? [10]. In parallel, the SQL text is embedded via a Sentence-Transformers model,



reduced to 120 dimensions with PCA, yielding zex; € R'?". Concatenating both gives

Zstruct
X = struc 6 RGSQ.
Ztext

Alignment between modalities is handled by IMC’s learned projections U and V' that map queries
and hints into a shared low-rank space.

The IMC module maps x and each candidate hint embedding h;, € R (49 hints from [[])) into a
shared rank-r space using

tign = (xU) T (hp,V) + b, + by,

where U € R632X7 1V ¢ R X" and b, + by, are bias vectors. To capture predictive confidence,
[uq; Vi |ug — vh|] is formed and passed through a linear layer, producing an uncertainty score oy .

Training follows a variance-aware IMC objective [L1], restricting supervision to pairs (g, h) where
prediction and ground truth align within 2.50. The loss is the negative log-likelihood:

2
L=1r > (Ylogoy + Leptel),
n
(¢,h)€T

At inference, the model outputs expected latency and variance (pq.1, 04,5) for each hint. Predictions
are ranked by jiq 5, with 1 /04, serving as a calibrated confidence. This design generalizes to unseen
query-hint pairs, avoids outlier domination, and provides principled confidence estimates absent in
static plan-delta methods.

2.3 Embedding-Indexed Memory (EIM)

EIM provides a case-based safety net by caching queries with their empirically validated best hints.
It stores tuples
(ei7 hf» ng, b’L)7

where e; is a normalized query embedding, h its best-observed hint, n; the execution count, and
b; the number of failures. At inference, a Faiss Lo index retrieves the top-k neighbors within radius
7. Neighbors with failure rates above 40% are discarded. The radius adapts after each query:
T <=7 x 0.92 on success or 7 X 1.07 on failure. Entries are updated online when a recalled hint
outperforms both the default and the prior stored hint.

EIM handles (i) cold-start queries with high IMC uncertainty and (ii) recurring patterns where
IMC mispredicts. If a recalled hint outperforms both the default and prior stored hint, the entry is
updated; memory is bounded with FIFO eviction. By grounding recall on embedding similarity and
validated outcomes, EIM avoids the heavy cost of offline validation while providing stronger safety
than naive memory or bandit-only methods.

2.4 Bandit-Based Hint Selection

The final hint choice is made by a Thompson-sampling multi-armed bandit, which balances (i) the
IMC’s top prediction, (ii) any candidate from the EIM, and (iii) the database default. Each option is
treated as an arm:

* Anvc: the IMC-predicted best hint ke, with posterior variance tied to o .
* Agmv: each distinct memory hint hper, i, if available.
e Apprr: the default plan (no hint).

For arm a, the observed reward is defined as query speedup: rq = laefauit/¢q,a. Where £, is the
latency under hint a. Executions provide samples 7, to update posteriors, and Thompson sampling
selects the arm with the highest sampled reward. Including the default as an arm prevents slowdowns:
if learned hints fail to beat it, the bandit converges to the default. When IMC or EIM arms consistently
yield gains, the bandit favors them, enabling adaptive exploration while maintaining safety. This joint
use of IMC, memory, and default provides stronger safeguards than memory-only or heuristic filters,
which lack principled uncertainty handling.
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Figure 2: Default refers to vanilla PostgreSQL timings, while Full refers to DataSwift.

3 Preliminary Experiments

The preliminary experiments aim to address two questions:

1. Can DataSwift prevent all query regressions, specifically, major query regressions?
2. How effectively does DataSwift reduce tail latency and accelerate workloads?

Evaluation was conducted on PostgreSQL 16.1 [12] using the JOB and Extended JOB benchmarks
over the IMDb database. Experiments ran on a Google Cloud VM with 16 vCPUs, 96 GB
RAM, a 200 GB SSD, and Ubuntu 22.04 LTS. Vanilla PostgreSQL serves as the baseline.

3.1 Performance Regressions

A major performance regression is defined as any query at least 1.2x slower than vanilla PostgreSQL
and adding 5+ seconds of latency (threshold chosen to ignore sub-second noise). A catastrophic
regression is at least 3x slower with 30+ seconds extra runtime. Among 137 JOB queries, only one
(0.7%) met the slowdown criteria, and none were catastrophic.

3.2 Latency Metrics

Performance is measured using median (50th) and tail (95th percentile) latencies. Figure 2] shows
that DataSwift runs at ~ 0.95x the speed of PostgreSQL at the median, but achieves a 1.4 x speedup
(41.5% faster) on the slowest 5% of queries. The slight median slowdown reflects conservative
plan choices on simple queries, trading marginal losses for robustness, while tail queries benefit
substantially. Aggregating runtime across the JOB workload (Fig. [2b), DataSwift yields an overall
speedup of ~1.1x. Unlike prior learned optimizers that rely on repeated queries, retraining, or heavy
retrieval, DataSwift achieves end-to-end gains without such overhead, making it safer for deployment
in latency-sensitive settings.

4 Conclusion and Future Work

This paper introduced DataSwift, an embedding-driven query optimizer combining inductive matrix
completion, hybrid embeddings, and bandit-based selection. Preliminary results show reduced tail
latency, overall speedups, and no catastrophic regressions. Some exciting future directions include:

Repetitive Queries. Offline exploration on recurring queries, as in LimeQO [{3]], could be combined
with DataSwift’s online adaptation to further cut total latency.

Cost-Aware Adapter Tuning. Lightweight adapters on the frozen Sentence-Transformers can be
trained on SQL-latency pairs, shaping embeddings toward cost factors and improving efficiency and
accuracy.
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