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Abstract—Data prefetching plays a crucial role in reducing I/O
overhead and improving the performance of database systems.
While traditional prefetchers focus on sequential patterns, re-
cent learning-based approaches, especially those leveraging data
semantics, achieve higher accuracy for complex access patterns.
However, these methods often struggle with today’s dynamic,
ever-growing datasets and require frequent, timely fine-tuning.
Privacy constraints may also restrict access to complete datasets,
necessitating prefetchers that can learn effectively from samples.

To address these challenges, we present GrASP, a learning-
based prefetcher designed for both analytical and transactional
workloads. GrASP enhances prefetching accuracy and scalability
by leveraging logical block address deltas and combining query
representations with result semantics. It frames prefetching as
a context-aware multi-label classification task, using multi-layer
LSTMs to predict delta patterns from embedded context. This
delta modeling approach enables GrASP to generalize predictions
from small samples to larger, dynamic datasets without requiring
extensive retraining. Experiments on real-world datasets and
industrial benchmarks demonstrate that GrASP generalizes to
datasets 250→ larger than the training data, achieving up to
45% higher hit ratios, 60% lower I/O time, and 55% lower end-
to-end query execution latency compared to existing baselines.
On average, GrASP attains a 91.4% hit ratio, a 90.8% I/O time
reduction, and a 57.1% execution latency reduction.

Index Terms—Data-driven prefetching, Semantic prefetching,
Access prediction, Delta modeling, Data exploration

I. INTRODUCTION

Data prefetching is a fundamental technique employed by
database management systems (DBMS) to improve perfor-
mance by reducing I/O time. A prefetcher anticipates future
accesses and proactively loads relevant data into cache. Prior
work spans rule-based heuristics to deep learning methods and
shows benefits across diverse workloads [1]–[8].

Traditional prefetchers target sequential and locality based
patterns, whereas recent learning-based models capture richer
access behaviors [1]–[4]. Notably, semantic-based learning
prefetchers further improve accuracy by leveraging data char-
acteristics to capture non-trivial patterns [2]–[4]. However,
state-of-the-art (SOTA) learning-based prefetchers often strug-
gle to scale with today’s rapidly growing datasets. They fail to
generalize to evolving workloads or modified datasets without
timely and costly fine-tuning, degrading responsiveness.

This limitation is acute in modern data systems with evolv-
ing workloads and rapidly growing datasets that demand scal-
able prefetching [9], [10]. Timely access to relevant informa-
tion is vital across applications [11]–[13], requiring prefetchers
that scale and adapt with minimal retraining overhead.

These challenges intensify in data exploration, where users
seek timely insights from (newly ingested) data. Beyond
exploration of static data, many tasks require rapid analysis on
frequently updated datasets [14]. For example, analysts may
monitor recent stock transactions to detect fraud [15], or track
social media streams for emerging trends [16]. In such cases,
SOTA prefetchers may lack sufficient time to preprocess new
batches or update models, limiting their effectiveness.

Another constraint arises when the prefetcher cannot access
the full dataset during training due to either constant updates
or more often privacy restrictions, as in medical or enterprise
environments [17]. Data owners often limit access to complete
datasets and query workloads for confidentiality reasons, re-
ducing the effectiveness of deep learning models. This calls for
prefetchers that can train on limited samples while effectively
generalizing across a much larger, unseen data space.

Given these constraints, we aim to design a prefetcher that
accurately anticipates data accesses while satisfying two goals:

i. Generalizable to larger datasets. A prefetcher must re-
main effective even when trained on a much smaller subset
of the full deployment dataset. Upon deployment, it should
adapt its predictions without requiring extensive retraining.

ii. Robust across workloads. Analytical workloads typically
exhibit stable semantics and repeated cross-object access
patterns, making semantic dependency signals effective.
Transactional workloads continuously introduce new or
altered blocks and drift semantics, which can invalidate
precomputed encodings and break prefetchers that restrict
predictions to blocks seen during training [1]–[3]. Since fre-
quent fine-tuning is impractical, the prefetcher must cover
the full data space and adapt with minimal adjustment.

Recent memory prefetchers [18]–[21] model differences
between successive logical block addresses (LBAs), called
LBA-deltas, enabling prediction over dynamic and previously
unseen regions. This view is also used in previous database
prefetchers [1], [5]–[7]. In contrast, semantic-based prefetchers
perform well for analytical workloads by capturing inter-object
dependencies [2]–[4], but often degrade for transactional work-
loads as updates render semantics stale or incomplete.

We introduce GrASP, a learning-based prefetcher that
bridges this gap by combining LBA-delta (delta in short) mod-
eling with semantic context. GrASP formulates prefetching
as contextual multi-label classification: given recent query se-
mantics and LBA signals, a multi-layer LSTM over embedded



contexts predicts the most probable deltas for the next query
and maps them to candidate LBAs to prefetch.

GrASP incorporates data semantics by dynamically prepro-
cessing and encoding accessed blocks using feature extraction.
To avoid over-reliance on static encodings, it defines semantic-
based context by combining query result encodings aggregated
from accessed blocks and query statement representations cap-
turing query type, tables, join conditions, and filter predicates.

For the LBA context, we introduce a table-based LBA
abstraction to reduce sensitivity of deltas to database growth.
We also define an order-agnostic delta to represent the set of
deltas associated with each query, independent of access order.

GrASP builds its input context by combining semantic and
LBA features with metadata such as the last accessed tables
and the per-query delta count. To address class imbalance from
naturally skewed access patterns, GrASP uses a custom loss
and dropout regularization to improve generalization.

In this paper, we make the following contributions:
• We introduce GrASP, to our knowledge the first hybrid pre-

fetcher to fuse semantic context with delta modeling, using
a table-based LBA abstraction and an order-agnostic delta.

• We formulate prefetching as a contextual classification pro-
blem, leveraging a novel integration of query semantics and
LBA information to improve accuracy and generalization.

• GrASP generalizes effectively, transferring learned delta
patterns to significantly larger datasets with minimal tuning.

• Extensive experiments on real-world analytical and indus-
trial transactional workloads show that GrASP achieves up
to 91.4% hit ratio, 90.8% I/O-time reduction, and 57.1%
latency reduction. Compared to SOTA prefetchers, it im-
proves hit ratio/I/O time/latency by up to 17%/36%/28% on
analytical and 45%/60%/55% on transactional workloads.

II. BACKGROUND AND RELATED WORK

A. Preliminaries
Prefetching predicts the upcoming block accesses from the

recent workload context. The key modeling choices are how
to construct the input context based on the accessed LBAs
or semantic features, and the output representation, typically
either absolute block addresses (LBA prediction) or relative
movement between consecutive addresses (delta prediction).

For a query q, let Aq denote its set of accessed data blocks.
Assuming an access order is available, sorting the logical
addresses associated with the blocks in Aq yields an LBA
sequence Lq = →lba1, . . . , lban↑. The corresponding delta
sequence is !qt = →ld1, . . . , ldn→1↑ where:

ldi = lbai+1 ↓ lbai (1)

The delta sequence captures how the access stream moves
through the address space, with each delta encoding the step
from one accessed block to the next (e.g., scans yield small
forward steps like →+1,+1,+1↑, while joins mix back-and-
forth bursts with jumps like →+1,↓3,+19,↓11↑). This view is
often more stable under growth, since inserts and updates may
shift absolute LBAs, but local step patterns tend to persist [22],
[23]. The following outlines two prefetching formulations.

Fig. 1: Cross entropy of delta set prediction across workloads.

1) Address-based Prefetching: These methods predict the
next LBA sequence Lqt+1 from an address-based context, such
as recent LBAs Lqt or their delta sequence !qt .

2) Semantic-based Prefetching: Rather than relying on
block addresses, semantic prefetchers predict Lqt+1 by lever-
aging information from query or block contents, either via
semantic similarity [2] or machine learning techniques [3].

B. Problem Definition

In GrASP, the workload context combines delta and seman-
tic information from recent queries. Let cqt denote the context
of query qt, where Aqt ,!qt ↔ cqt . Accordingly, the address-
based semantic prefetching problem is defined as follows:
Given the l most recent query context, →cqi↑ti=t→l, predict
!qt+1 and the next address sequence Lqt+1 to fetch.

By treating each delta as a class, a classifier estimates which
deltas will appear in !qt+1 . Although deltas can span a wide
range (large label space), in practice, delta frequencies are
skewed. Thus, prefetchers restrict predictions to the top-k most
frequent deltas and map rare ones to a default class, skipping
prefetching when only the default is selected.

Figure 1 shows cross entropy for next delta set prediction
across workload types, where lower values mean higher pre-
dictability under the given context. It shows that adding richer
semantic+LBA context and short access history consistently
reduces uncertainty, and that learned context encoders outper-
form generic dimensionality reduction, motivating our use of
a sequence model with learned context for delta prediction.

C. Existing Prefetchers and Limitations
1) Delta-Based Heuristics: A long line of prefetchers

model access locality in the delta space, where repeated move-
ment patterns can be easier to detect than absolute addresses.
Early heuristics exploit fixed small deltas via lookahead and
storage readahead [5], [6], stride prefetchers learn stable per-
stream deltas [7], [8], and correlation-based designs replay re-
curring delta sequences from history [23]–[25]. These methods
work well for scan-like or repetitive streams but degrade under
interleaving, skew, or random accesses.

2) Learned Prefetchers: Learning over historical access
sequences improves performance on irregular or complex
workloads. Some learned database prefetchers directly predict
future LBAs. The address-based prefetcher in [1] uses a two-
level hierarchical model to predict the next LBA, with each
level predicted separately. However, assigning a class to every
possible LBA is inefficient for large and dynamic databases,
as the label space grows with the dataset and limits scalability.

Learned delta models in memory prefetchers predict delta
classes rather than absolute LBAs, yielding a smaller and more
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Fig. 2: Examples for (a) consecutive LBA, (b) table-based LBA,
and (c) order-agnostic deltas using minlba of prior blocks.

transferable output space [18]–[21]. Starting from [21], most
designs often use recurrent neural networks (RNN) to predict
the next delta or a short fixed-length delta sequence; longer-
horizon prediction relies on rollout or larger one-step models,
increasing compute cost and compounding errors. These meth-
ods are most effective when accesses remain within regions
of low delta diversity, but degrade as delta variability grows.

Semantic prefetchers often outperform address-based meth-
ods [2]–[4]. SeLeP [3] encodes each block offline using
AutoEncoder-based feature extraction over preprocessed block
values [26]. It derives a query encoding for q by aggregating
encodings of the blocks in Aq; to capture table-specific se-
mantics, the query encoding is represented as a matrix with
one row per table. SeLeP clusters blocks into partitions based
on recent co-access ratios, then uses sequences of recent query
encodings to estimate future partition access probabilities.

However, SeLeP faces scalability issues akin to direct LBA
predictors and requires timely preprocessing and retraining to
incorporate newly inserted or modified data, reducing interac-
tivity for workloads with frequent updates or bulk inserts.

D. Query Representation

Query statements and execution plans are key inputs for
database tuning tasks such as index tuning [27]–[30], view
selection [31], [32], and query optimization [33], [34]. These
systems encode query details into analyzable formats using
lightweight [29]–[31] or advanced techniques [32]–[34].

Lightweight methods encode query attributes such as ac-
cessed tables, query types, and normalized operation costs
without plans. Advanced techniques represent execution plans
to capture operation hierarchies. For example, Query2vec [35]
treats plans or SQL statements as sentences, strips literals and
numbers, and encodes them using Doc2Vec [36].

III. MOTIVATION AND CHALLENGES

Delta modeling for database prefetching raises two chal-
lenges: (i) assigning a unique LBA to database blocks? and (ii)
defining !q when q accesses multiple blocks simultaneously?

Traditional DBMSs store tables as heap files of fixed-size
blocks, with indexes steering execution to specific blocks.
Query execution reads these blocks into the buffer pool, mak-
ing runtime highly locality-sensitive: sequential scans traverse
adjacent blocks quickly, while index probes and joins often
trigger scattered reads with high random latency. Prefetching
uses execution slack to issue reads early, and delta modeling
is well-suited because it captures movements between blocks,
which can often be issued as range-friendly prefetches [22].

Queries access data via DBMS internal identifiers (IIDs)
distinct from OS-level physical LBAs (e.g., PostgreSQL CTID

TABLE I: Total Number of Unique Deltas and Hit Ratio with
Different Labeling Methods (best in bold, second best underlined)

Dataset Hit Rate (%) Total Delta Count
Reference LBA Min Median Max Min Median Max

Read-heavy 91.93 91.03 91.56 13992 18500 18041
Balanced 94.46 91.02 92.27 2263 2132 2483

Update-heavy 96.7 94.86 94.94 5511 5711 5508

and Oracle RowID). IIDs remain valid even when physical
placement changes due to maintenance, rewrites, or storage-
layer relocation. Therefore, we perform delta modeling in the
IID space to keep predictions stable and let the engine reliably
translate predictions into physical block fetches.

A. Challenge (i) — LBA Definition

IIDs are composite pointers. Since I/O is block-level, we
retain only their block ID, which is unique only within a tab-
lespace and may collide across tables. Thus, raw IIDs cannot
serve as LBAs, and we must derive globally unique LBAs.

A naive option is consecutive LBAs, analogous to placing
all database blocks in one global order with unique IDs.
However, this setup is unstable: inserts shift LBAs and distort
delta patterns. It also produces large positive or negative deltas
when queries access multiple tables and switch between them.

To address these issues, we implement a table-based LBA
scheme with a two-level hierarchy: the block’s IID within its
table and a table ID that determines the table. Deltas are com-
puted as composite values, including the target table ID and the
difference in IID values. For example, the delta from bi to bj
with LBAs tbx IIDbi and tby IIDbj is tby (IIDbj ↓ IIDbi),
where the table ID indicates the target table after applying
the delta. Fig. 2(a) and (b) show consecutive and table-based
labeling on two sample tables, each with ten blocks.

B. Challenge (ii) — Delta Computation

To compare LBA schemes, we need a consistent delta
definition. In memory prefetchers, CPU instructions typically
touch one data page, yielding a clear access order for delta
calculation. In contrast, database queries read sets of zero to
many blocks, where defining a specific order is impractical [3].

A simple workaround is to sort a query’s accessed blocks
by LBA and apply Eq. (1). However, this requires multiple
sequential predictions to generate prefetch decisions, adding
latency that is incompatible with interactive workloads, and
prediction errors can cascade across steps, reducing accuracy.

To handle ordering and enable collective delta predic-
tion, we compute deltas by subtracting each LBA ↔ Lqt

from a reference LBA in Lqt→1 . We evaluate three reference
choices—maximum, minimum, and median of the sorted
LBAs—and measure their impact on the number of unique
deltas and the hit ratio across three datasets (Datasets and
metrics are described in §V-B and §V-D, respectively). As
Table I shows, minlba yields fewer unique deltas and better
prediction accuracy. Hence, we adopt minlba and compute the
order-agnostic delta set using (2). Fig. 2(c) shows the resulting
delta set for a sample query using the table-based minlba.

!qt =
{

LBA ↓min
(
Lqt→1

) ∣∣LBA ↔ Lqt

}
(2)
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Fig. 3: System architecture of GrASP, representing its three main components: model initiator, prefetching unit and tuner.

Fig. 4: Delta values of read-update balanced workload under
(a) consecutive LBA and (b-c) table-based LBA, colored by
table (vertical cluster of deltas in a query indicate a sequential
scan). (a-b) 16 GB data; (c) 8 GB. Colored bands aid readability.

C. Delta Analysis
Fig. 4 plots delta values from Eq. (2) under two labeling

methods, for 1500 queries from a read-update balanced work-
load at two dataset sizes. Comparing Fig. 4(a, b) shows that
consecutive LBAs yield a much wider delta range, while table-
based labeling reduces it by over 60% on the same workload.

Fig. 4 reveals several patterns. First, deltas are concentrated
around zero within a bounded range, indicating frequent reuse
of a limited set of deltas and supporting delta-based prediction.

Second, delta visualizations reveal noticeable patterns in
delta occurrences, especially in Fig. 4(b, c), where deltas are
color-coded by table ID. These patterns suggest that deltas are
not random and can be modeled for prediction.

Third, comparing the two dataset sizes (Fig. 4(b, c)) shows
that the dominant patterns persist for the same schema and
query templates, though larger data size may trigger different
plans, subtly altering access behavior. As size increases, both
the delta range and density expand, with non-linear changes
in delta values and per-query delta counts. This indicates that
delta patterns scale with dataset size while preserving the
underlying structure, motivating a prefetcher that can transfer
patterns learned on smaller instances to larger ones.

IV. GRASP FRAMEWORK

GrASP is a learning-based framework that learns delta
patterns from semantic signals, query context, and access
history. Since 8–32 kB block size leads to millions of blocks
and a large delta space, we reduce prediction complexity by
logically grouping lbsize consecutive blocks for prediction,
while caching stays at native block size. lbsize and other
parameters introduced in §IV are evaluated in §VI-E.
A. An Overview

GrASP consists of three components (Fig. 3). The model
initiator builds the semantic encoders, prediction model, and

TABLE II: Frequently Used Notations
Symbol Definition
Aq Set of data blocks accessed by query q

Lq , !q Set of LBAs for the blocks in Aq , LBA-delta derived from Lq

rq , sq Result encoding of q, SQL statement representation of q
D Global set of frequent deltas (delta vocabulary), |D| = ds
Dq Set of unique deltas extracted from !q (table ID removed)
dq Bitmask vector of Dq over D

ω , table ε table selection threshold and its modifying factor
kdc Multiplier for predicted query delta count

nlookback Context sequence length used by the model
k Prefetch size in unit of 128 blocks

delta vocabulary. The prediction unit constructs contexts
online and issues prefetches using the trained models. The
tuner adapts these models as data and workloads evolve.

During initialization, GrASP processes training queries,
collects their results, and selects accessed blocks (and their
immediate neighbors) for semantic extraction. For each ta-
ble, selected blocks are preprocessed and passed through an
autoencoder to produce block encodings (Fig. 3 (1–3)). The
semantic context generator then forms query semantics by
combining a query result encoding rq with a query statement
representation sq . GrASP also analyzes training-workload
deltas, retains the most frequent ones as its delta classes, and
represents each query by a binary delta vector dq and a one-hot
encoding of its size. Using sequences of semantic and LBA
contexts together with the last accessed table, GrASP trains
the prediction model to learn delta patterns (Fig. 3 (4–6)).

At runtime, the prediction unit predicts the next accessed
tables, a distribution over delta classes, and the delta count n,
then selects the top-n deltas. It combines predicted tables and
deltas, filters them using historical frequency, and maps the
remaining deltas to candidate LBAs for prefetching. The tuner
maintains robustness by updating preprocessing, refreshing
frequent deltas, and tuning the autoencoders and predictor;
it also encodes newly inserted and first-seen blocks.

B. Block Encoding
Semantic prefetchers leverage the actual data values to

make prefetching decisions. Because each block can contain
hundreds of values, they require a concise representation that
summarizes the block’s key characteristics. Since stored data
may serve diverse purposes, it is impractical to identify in
advance which attributes contain the most critical information.
Therefore, block semantics are captured using unsupervised
feature extraction methods such as Autoencoders [26].

We enhance SeLeP’s block encoding component described
in §II-A2. This component encodes each table’s blocks into
compact representations using table-specific autoencoders im-



plemented as multilayer perceptrons (MLPs). The models
are table-specific because differences in schema, size, and
semantics make a shared model ineffective.

Before encoding block data, non-numerical values must
be converted into numerical representations. The Word2Vec
encoding [37] approach that is used by SeLeP cannot handle
unseen data, leading us to evaluate two alternatives: FastText
[38], which extends Word2Vec by learning embeddings for
strings and substrings, and MinHash [39], which is a Locality-
Sensitive Hashing technique capable of encoding strings.

Employing these methods resulted in much higher encod-
ing times than Word2Vec, with FastText requiring orders of
magnitude longer training and tuning. In contrast, Word2Vec
supports incremental updates, where new words refine the
existing embedding space instead of rebuilding it. Following
the iterative retraining strategy explored in [40]–[42], we
retain Word2Vec but add a mechanism to dynamically expand
its vocabulary. Textual values from the block are combined
into a sentence and fed into the model, enabling it to learn
embeddings for new values as they are encountered.

Normalization is the most impactful preprocessing step, as
training the Autoencoders on the raw data blocks with a wide
range of values will result in a poor block encoding. We
retain the min-max normalization method from [3] since, in a
dynamic dataset, maintaining minimum and maximum values
is simpler and more computationally efficient compared to
other statistical metrics, such as mean, standard deviation, or
quartiles, used by alternative normalization methods.

To handle tables with a large number of columns, [3]
applies PCA [43] after normalization. We make this step more
adaptive by replacing PCA with Incremental PCA (IPCA)
[44], which updates the transformation as new data arrives,
eliminating the need for a complete re-computation [45].

After dimensionality reduction, the processed blocks are
fed into the table’s autoencoder to generate encodings. These
encodings are stored for later use in creating query result
encodings. In §IV-E we explain how IPCA is used to evaluate
whether tuning the autoencoders is necessary.

C. Context Creator
1) Query Semantics Generator: A query’s behavior de-

pends not only on the blocks it accesses but also on how
it filters, joins, and aggregates data—details that block-level
embeddings alone cannot capture. Query statements more
fully express user intent and provide richer context, enabling
more accurate prediction of future data accesses within a
query session (a series of closely timed, goal-aligned queries).
This is particularly important in exploratory workloads, where
sessions aim to uncover specific insights.

Statement representations capture table interactions in query
semantics, which enhance access modeling and reduces re-
liance on result encodings that may drift as data changes. Thus,
GrASP combines the query result encoding (rq) and statement
representation (sq) into a robust semantic encoding (encq).

a) Query Result Encoding: rq can be calculated by
aggregating encb of the blocks in Aq . However, aggregating

All tables = A, B, C, D

 = {1_3,  1_7,  2_6,  2_7}

qt = SELECT * FROM A, B WHERE A.a=10 and A.b<0;

a

type tables join cond. Filter cond.
       = [0 0 1 0   1 1 0 0   0 0 ... 0     .1 .2 .1 .3 .1 .11 .2 .3  0 0 ... 0 0]

select A  B encoding of  "A.a= and A.b<" 

c

 = {1_-1,  1_3,  2_2,  2_3}
 = zeros

zeros

 = {-2, -1, 0, 1, 3, 5, 6, 9},    ds = 8 

d
  = {-1, 3, 2},   = [ 0 1 0 0 1 0 0 0 ]

b

Fig. 5: Examples of (a) result LBAs and deltas, (b) result
encoding, (c) statement representation, and (d) binary delta.

encoding of blocks from different tables will result in a mean-
ingless representation [3], since the semantic interpretation of
individual fields within encb varies across tables. Thus, the
query result must be encoded as a matrix where encodings
of blocks from the same table are aggregated and placed in
a single row corresponding to that table. Fig. 5(b) depicts rq
for a sample query accessing four blocks.

b) Query Statement Representation: Constructing an
effective statement representation requires addressing three
key questions: (i) Which query details are most relevant to
the task? (ii) Is including additional information from the
query plan beneficial? (iii) Should the representation maintain
consistent semantic meaning across queries?

Different systems selectively encode details tailored to their
specific tasks. For instance, QTune [30] encodes accessed
tables and operation costs, while DBABandit [29] focuses on
accessed columns only. In prefetching, the emphasis is on
data accessed by a query, which depends on its type, accessed
tables, join conditions, accessed columns, and filters. Different
query types exhibit distinct block access patterns: modification
queries usually access fewer blocks within a single table,
whereas selection queries often join multiple tables and access
more blocks. Join and filter conditions narrow the query’s
target, dictating which specific blocks must be read.

We use a compact, structured representation of the statement
capturing these details. The query type is one-hot encoded, and
since queries may access multiple tables, we represent them
with a binary bitmap, setting bits for each referenced table.

Encoding query conditions is more challenging, as multiple
conditions can apply to any column within a table. We parse
the query execution plan and extract join and filter predicates
of each table. Following Query2Vec [35], we remove numeric
values and literals from the conditions to improve general-
izability. Each table’s conditions are then treated as a short
document and encoded using a Doc2Vec [36] model. We have
separated the join conditions with the filters since they have
distinct impact on the accessed blocks.

The final statement representation is composed of 4 bits
for the query type, |Tables| bits for accessed tables, and two
parts of 8↗ |Tables| bits each capturing encoded joining and
filtering conditions applied to each table. This format ensures
uniform representations where each field has a consistent and
comparable meaning across queries. Fig. 5(c) shows sq for a



TABLE III: Hit Ratio, Average Recall, and Average Statement
Encoding Time of Different Representation Methods

Test None Sq2v Pq2v Simple GrASP

Auction Hit Rate 94.11 94.42 94.66 94.15 95.26
Recall 57.94 71 71.37 71.63 72.01

Auction 20%
size ratio

Hit Rate 91.22 92.37 92.75 96.11 96.58
Recall 54.56 58.79 58.53 59 60.01

SDSS Hit Rate 97.89 98.56 97.6 98.1 97.91
Recall 73.41 72.87 72.45 75.2 74.12

SDSS 10%
size ratio

Hit Rate 97.89 98.08 97.51 98.37 98.37
Recall 72.56 71.83 70.63 75.52 76.57

Avg preparation time/q(ms) NA 2.72 2.69 0.45 0.52

given query with two filter conditions on table A.
We focus on table-level details because including every

column from all tables in the database results in a sparse high-
dimensional query representation, as most queries access only
a small subset of columns. We deliberately exclude lower-level
plan details such as join strategies or operation order, as they
introduce unnecessary specificity and reduce generalizability.

We evaluate our query representation by comparing GrASP
to variants with alternative encodings: no statement features
(None), SQL-Query2vec (Sq2v), Plan-Query2vec (Pq2v) as in
§II-D, and a partial representation that includes query type and
accessed tables only (Simple). We assess the prefetcher’s hit
ratio and average recall across four test datasets (The datasets
and the metrics are provided in § V-B and § V-D, respectively).

Table III shows that our plan-agnostic method (GrASP)
and its partial version (Simple) achieve the best performance,
especially compared to None. In datasets with size ratio, where
the prefetcher is trained on a sampled dataset and tested on a
larger one, GrASP yields the largest gains over None.

2) LBA-context Creator: The LBA context is derived from
recent queries’ !q . Large databases have a vast set of possible
delta values, increasing model complexity and reducing accu-
racy if all are included. To address this, we select a subset of
these deltas to define the model output and the LBA context.

GrASP predicts future accesses by modeling deltas. Because
deltas define the input features, the output classes, and the
overall model complexity, their selection is central to the
design. Since most queries use a small set of frequent deltas
(§III-C), using those frequent values simplifies the prediction
and ensures the model focuses on the most impactful values.

To construct the global delta vocabulary D, we analyze !q

from the training workload, discard table identifiers, and retain
IID deltas, denoted as Dq . We compute delta frequencies and
select the top ds most frequent values where ds = |D| is the
delta vocabulary size (i.e., the number of delta classes). The
impact of ds values is evaluated in §VI-E, with 1500 chosen as
the optimal setting, which performs well on a 155GB database.

To handle infrequent deltas not included in D, we introduce
a default class to ensure full coverage. Dq is then encoded as
a binary vector, denoted as dq , of length ds, where dq[i] = 1
if D[i] ↔ Dq . If no value of Dq is in D, only the default class
is set. Fig. 5(d) shows dq of a sample query with ds = 8.
dq describes recent delta patterns to the model, computed

relative to a minlba value using (2). To enrich the LBA-based
context and enhance delta modeling, we also one-hot encode
|Dq| and include the table ID of the minlba.
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Fig. 6: Predictor architecture and sample outputs. Context fea-
tures are encoded separately and merged into the LSTM layers.

D. Delta Modeling
1) Input: GrASP uses the last nlookback query contexts to

capture temporal dependencies across queries. This accounts
for the impact of one query’s results on subsequent queries
formation, particularly in exploratory workloads [10], [46].

2) Output: The multi-task model predicts three aspects of
the next query qt+1 to form Lqt+1 : the accessed tables, the
delta classes for values in Dqt+1 , and their count.

a) Accessed Tables: We encode accessed tables as a
bitmap where each field corresponds to a specific table and
bit j=1 iff the query touches table j. GrASP estimates the
probability of each table being accessed in qt+1, and converts
these probabilities into binary values using a threshold ω .

Since workloads evolve, a static threshold is unsuitable.
GrASP updates ω at each step using the minimum predicted
probability of accessed tables and the count of false negatives,
as defined in (3) with ε = 0.01 (evaluated in §VI-E). This
adaptation prioritizes recall to capture all positive tables.

ω =

{
ω ↓ ε↗ |False Negatives|, if ω < min(P(Accessed Tables))

ω + ε/10, otherwise
(3)

b) Delta Count: SOTA prefetchers prefetch a fixed num-
ber of blocks after each access, such as 9 blocks per access [1],
[2] or 40 partitions (128 blocks each) per query [3]. In contrast,
GrASP predicts the delta count (|Dq|) for the next query and
dynamically adjusts the prefetch size to better accommodate
variable query result sizes.

Accurately predicting |Dq|, is challenging as it depends on
factors such as data distribution and query predicates. More-
over, since delta predictions are not perfectly precise, some
extra blocks must be prefetched to ensure a high performance.
To address this, GrASP scales the predicted delta count by a
factor kdc and prefetches |̂Dq|↗ kdc blocks.

c) Delta Values: The final output predicts the likelihood
of each delta class in dqt+1 . The predicted deltas are combined
with the predicted tables to generate candidate table-based
deltas. However, using all such combinations is inefficient,
and complex filtering is impractical within the limited time
before the next query. Thus, GrASP filters deltas based on
their occurrence frequency in the system history. It maintains a
per-table lookup of frequent deltas, dynamically updated with



recent queries, ensuring that only commonly observed deltas
are used to construct LBAs for prefetching.

3) Model Architecture: To capture temporal dependencies
in delta patterns, GrASP employs an LSTM-based architec-
ture. LSTM networks are a type of RNNs capable of learning
sequential dependencies in data by maintaining an internal
state over time. This makes them particularly suitable for
modeling sequences in prediction tasks, including prefetching
[1], [3], [18], [21]. We also evaluated other sequence modules
(GRU, TCN, and bidirectional variants) across diverse work-
loads and found that LSTM consistently delivers the best, or
among the best, performance.

Although more complex models like Transformers have
become popular, LSTMs remain a strong choice for systems
requiring faster and simpler training and inference. In addition
to the LSTM-based model, we implemented and evaluated
GrASP using two other models, a three-layer MLP network
and a two-layer CNN. Results show that the LSTM architec-
ture achieves comparable or better recall while prefetching up
to 18% fewer blocks, demonstrating its ability to capture tem-
poral patterns effectively for accurate and efficient prefetching.

The prediction model in Fig. 6 takes →c(qi)↑ti=t→l and com-
presses each context component with time-distributed Dense
layers. The resulting embeddings are concatenated into a
sequence of 128-dimensional vectors and passed to the LSTM
layers. The LSTM output summarizes the recent workload and
serves as a shared representation for the Dense heads, each
producing a certain output with task-specific inputs.

The delta count is produced by a Dense layer with Softmax
activation, which additionally takes in the encoding of the last
|Dq|. Accessed tables and delta values are predicted by Dense
layers with sigmoid activation that additionally incorporate the
embedding of the minlba table ID and dq , respectively.

4) Training Configuration: Binary cross-entropy (BCE)
suits multi-label classifications such as our prefetching prob-
lem since it treats each label as an independent binary decision,
optimizing predictions for each label separately [1], [3], [19].
However, the prefetching task usually faces significant class
imbalance that necessitates adjustments to this loss function.

a) Class Imbalance Challenge: In query workloads, the
blocks are accessed unevenly. Our delta analysis (§III-C)
reveals that even among the frequent deltas, certain values
occur more often. This leads to an uneven class distribu-
tion, where majority classes are overrepresented and minority
classes are sparse. Predicting frequent classes becomes easy,
while minority classes are treated as harder cases.

To address this imbalance, we employ Focal Binary Cross-
Entropy Loss (FL), which extends standard BCE by adding
a modulating factor that down-weights easy examples and
focuses training on hard, misclassified ones. FL is defined as:

FL(ŷ) = ↓ε(1↓ ŷ)ω log(ŷ) (4)

ŷ is the predicted probability for the true class; ϑ > 1 reduces
the loss contribution from easy cases, focusing on harder ones;
ε adjusts the overall loss contribution of the class, with higher
ε increasing the weight of the minority class in the total loss.

Fig. 7: FL setup impact on hit rate of 100-query windows.

Fig. 7 presents the hit ratio under different FL setup, where
ε=1, ϑ=0 shows plain binary cross-entropy (BCE) loss. Poor
BCE performance stresses the need for better handling of class
imbalance. Increasing ϑ improves hit ratio but also causes
greater training and prediction instability. Although ϑ=5 has
the highest hit ratio, we select ϑ=3 for a better trade-off
between accuracy and stability.

b) Overfitting Challenge: Imbalanced classes can cause
overfitting by making the model overly biased toward the
frequent classes, resulting in poor generalization for the mi-
nority classes. Additionally, using FL loss, the model may
overemphasize the minority classes and overfit to rare cases,
reducing overall performance. To mitigate this, we incorporate
dropout layers to regularize learning, use a low learning rate
for stable convergence, and employ a large batch size to reduce
gradient noise and enhance generalization.

E. Tune and Generalize

System tuning is crucial in dynamic environments where
both data and workloads evolve. GrASP adapts its components
to accommodate these changes, ensuring stable performance.

1) Block Encoding: The IPCA module identifies shifts in
data distribution by comparing the cosine similarity of princi-
pal components before and after fitting new data. Small data
batches typically leave similarities greater than 0.8. For simi-
larities below 0.8, GrASP fine-tunes the table’s autoencoder on
the new data and re-encodes only the new blocks, leaving prior
encodings intact to save time. Query semantics help mitigate
any inconsistencies and maintain performance.

2) Deltas: Frequent deltas change with workload shifts.
The tuner tracks delta frequencies and updates the lookup
tables. After ltune queries, GrASP refreshes D with the most
recent frequent deltas, while keeping the vocabulary size fixed
at ds. Since modifying D alters the model’s output, GrASP
fine-tunes the model by freezing all layers but the final dense
layers and retraining on the recent workload using 15 epochs,
with a low learning rate.

3) Generalizability: GrASP’s tuning capabilities allow it
to be trained on a smaller dataset and deployed on a much
larger one. It gradually adjusts the IPCA and autoencoders to
the new data and updates the prediction model to handle new
delta values. Larger databases typically have a wider range of
frequent deltas (§ III-C), requiring a larger output size for the
prediction model compared to the training dataset. To address
this, GrASP includes ds void classes, initially unassigned,
during training so newly detected deltas can be mapped to
these classes after deployment, enabling faster fine-tuning and
better adaptation to the larger database.



F. Putting It All Together
Consider query qt in Fig. 5. GrASP collects Lqt and

computes !qt using min(Lqt→1) (Fig. 2-c). It generates rqt by
aggregating the embeddings of the blocks from tables A and B
(Fig. 5-b). For sqt , it activates bits for the query type and the
accessed tables, encodes the filter conditions after stripping
literals, and keeps the join segments zero (Fig. 5-c). dqt is
constructed by marking the deltas present in D (Fig. 5-d),
and the table of min(Lqt→1) is encoded as a one-hot vector.

Using these, GrASP predicts the next tables {B, C} and
deltas {1, 5} (Fig. 6), combines them, filters low-frequency
deltas, and fetches candidate LBAs into the cache in advance.

V. EXPERIMENT SETTINGS

GrASP is evaluated across a wide range of real-world and
benchmark datasets with analytical read-only workloads and
mixed read/write query streams (hybrid). This section explains
the experimental setting and the used databases.

A. Implementation and Configurations
GrASP is implemented in python using TensorFlow/Keras

framework [47]. LSTMs are configured with 64 cells and
trained in batches of 128, using early stopping on delta
prediction loss (validated on 10% of the training data) or
a maximum of 25 epochs. The prediction model is trained
using FL loss (ε = 0.75, ϑ = 3), while the autoencoders use
mean squared error; both are optimized with Adam [48], using
learning rates of 0.0001 and 0.001, respectively.

GrASP is deployed on PostgreSQL, and uses pg prewarm
to fetch blocks by their CTID as a background task. After
each query, it selects candidate blocks, computes contiguous
CTID ranges, and issues prewarm commands. It terminates
early if a new query arrives to avoid interfering with its I/O.
Table-based LBAs translate directly to CTID ranges usable by
pg prewarm. For example, to fetch LBA 2 4 in Fig. 6, we
issue pg_prewarm(B, from=4, to=5).

Unless stated otherwise, experiments are configured as
follows: cache size = 8GB for datasets larger than 21 GB
and 4 GB otherwise, ds= 1500, block size = 32 kB, lbsize = 32
blocks, nlookback = 2, table ε = 0.01, and kdc = 25. All values
are selected based on our sensitivity analysis in §VI-E.

We evaluate GrASP on single-node PostgreSQL, and leave
distributed integration to future work. In distributed deploy-
ments, the core prediction task remains the same: inference
and prefetching can run locally per node, with periodic syn-
chronization of model parameters and delta statistics.

TABLE IV: Datasets and Workload Summary

Property SDSS Genomes Birds TPC-H Skew TPC-C Auction Wiki
Scale Factor - - - 30 250 50 100
Size (GB) 155 10 8 70 25 16 21
Tables 95 13 6 8 9 16 9
Read-only queries 100% 100% 100% 100% 8% 55% 92%
Avg(|Lq|) 9.74 20.7 7.3 29699 2.44 42.9 48.5
Min(|Lq|) 1 1 1 11 1 1 1
Max(|Lq|) 643 607 201 125000 108 12500 3171
Train workload 220k 10k 10k 10k 15k 100k 15k
Test workload 1000 450 300 50 500 400 600

Hardware. Experiments run on an Ubuntu server equipped
with 48 Core at 2.4GHz, 1.1TB RAM, 10K RPM disk, and
one 16GB NVIDIA V100 GPU. To isolate prefetching effect,
the operating system cache is flushed after each query.

B. Datasets and Workloads
Table IV lists our datasets and their workload characteristics.
1) Analytical: Three real-world datasets are used for ana-

lytical tests: SDSS, Birds, and Genomes. SDSS (read-heavy)
is a subset of the seventh Data Release (DR7) of Sloan
Digital Sky Survey [49] extended from MyBestDR7 [50] using
SciScript library [51]. Birds and Genomes are datasets from
the SQLShare project [52], containing primarily textual data
on bird species and genomic information, respectively.

2) Hybrid: We use Benchbase [53] to generate three bench-
marks: TPC-C (update-heavy), AuctionMarket (Auction or
read-update balanced), and Wikipedia (Wiki). To get their
test workloads, we run Benchbase with its default settings for
2 minutes and collect all executed queries.

3) Generalized: To evaluate generalization, we use the
databases in Table IV as test targets and train on smaller
versions of each dataset. Training sizes are: 16GB and 90GB
for SDSS, scale factors (SF) 1, 10, 50, 100, 150, 200 for TPC-
C, SF 1, 10, 25 for Auction, and SF 1, 10, 25, 50 for Wiki.

4) Skewed: For completeness, we evaluate GrASP on
skewed data using TPC-H Skew benchmark [54]. We generate
four datasets with SF = 30 and zipf factors from 0.5 to 3.

C. Baselines
GrASP is compared against traditional prefetchers used in

mainstream DBMS and SOTA learning-based data prefetchers.
• Lookahead (LA) [5]: A simple prefetcher, used in many

DBMSs, sequentially fetches blocks after the accessed ones.
• Random Readahead (RandR) [6]: If a predefined number

(lRR) of an extent blocks are accessed within its LBA trace
window, the prefetcher fetches the entire extent.

• Naı̈ve prefetcher [8]: Fetches blocks by repeatedly adding
the most frequent delta to the last accessed LBA.

• SGDP [19]: This SOTA prefetcher models interactions
among delta streams with a weighted graph and learns delta
patterns using a gated graph network (GGNN).

• SeLeP [3]: This SOTA database prefetcher partitions and
fetches blocks based on data semantics.
Since GrASP’s prefetch size is dynamic, we bound it to k

blocks for fair comparison. LA, Naı̈ve, and SGDP are extended
to prefetch k blocks instead of one. The RandR model, orig-
inally implemented in MySQL, uses default settings. SeLeP
fetches k/pSize partitions, where pSize is the partition size; we
use pSize=128, reported to balance cache use and performance.

D. Metrics
We evaluate three metrics. Hit ratio (6) is the proportion of

cache hits to total accesses, reflecting overall cache effective-
ness. Prefetch recall (7) assesses the accuracy of immediate
predictions (blocks prefetched for the next time step). Since
a system with no prefetcher (NP) achieves some hits through



Fig. 8: (a) Hit ratio and (b) average recall with 95% confidence interval in
generalization tests. X-axis represents the size ratio of the train and test datasets.

TABLE V: Average Miss Coverage of
GrASP and Baselines on Generalized
Datasets and Two Selected Size Ratio.

Dataset size
rate

GrASP GrASP-NT SeLeP SGDP

SDSS 10% 79.41 75.42 9.59 7.23
60% 78.93 78.66 7.6 4.6

TPC-C 20% 86.35 87.1 1.33 1.03
60% 87.62 87.6 1.16 1.56

Auction 20% 77.97 69.77 36.88 2.75
50% 71.42 63.59 18.88 2.7

Wiki 10% 84.18 55.42 40.31 3.74
50% 88.27 70.68 33.5 2.1

block reaccess, miss coverage (8) measures the fraction of NP
cache misses eliminated by the prefetcher, isolating its impact.

Hit Ratio =
Hits

Hits + Misses
(6) Recall =

Correct Prefetches
Accessed Blocks

(7)

Miss
Coverage =

MissesNP ↓ Misses
MissesNP

(8)

We also evaluate the prefetcher’s runtime impact by compar-
ing total execution time, total I/O time, throughput, and 95th
percentile latency across workloads with simulated delays.

VI. EXPERIMENTAL RESULTS

We evaluate GrASP through the following key questions:
• How does GrASP generalize its prediction on an enlarged

dataset compared to other learning-based methods?(§VI-A)
• How does GrASP improve database performance compared

to traditional and SOTA baselines?(§VI-B)
• How does GrASP perform on skewed datasets and shifting

workloads?(§VI-C1)
• What is the time complexity of GrASP?(§VI-D)
• How do hyperparameters affect the performance?(§VI-E)

A. Generalization Experiment

We assess generalization of learning-based prefetchers on
four datasets by training them on smaller databases and testing
on larger ones (§V-B3). After training, GrASP and SeLeP are
fine-tuned on 5000 queries from the target database; GrASP-
NT (no tuning) is included to isolate the impact of tuning.

Fig. 8 shows (a) hit ratio and (b) average recall across
varying train-to-test dataset size ratios, with k=50. A 100%
size ratio indicates training and testing on the same database,
where prefetchers achieve their best performance. Results are
averaged over 8 sessions with 95% confidence interval (CI).

Fig. 8(a) shows that GrASP consistently achieves the highest
hit ratio across datasets, reaching over 92% on hybrid work-
loads even with minimal training. Its CI remains below 10%
in all cases except SDSS, where greater variability in query
templates and access patterns leads to wider variation.

While collecting block requests from the training datasets,
we observed that the DBMS generates different execution
plans for similar queries across dataset scales, even with
identical indexes and schema. For instance, the Auction access
patterns in size ratios 20% and 100% are similar, while size

ratios 50% and 100% differ. Despite these variations, GrASP
maintains robust performance across scales.

GrASP-NT attains hit ratios close to GrASP in most tests, as
frequent deltas in smaller training datasets often overlap with
those in the target dataset, enabling effective prefetching. Also,
similar data distributions and access patterns also preserve
query representations and block encodings, supporting gen-
eralization without fine-tuning. Consequently, GrASP shows
stable performance and narrow CIs, largely unaffected by
size ratio. By contrast, GrASP-NT varies more and has wider
CIs—especially on Wiki—where diverging delta distributions
and high access rates make prediction without tuning harder.

Despite its adaptability, SeLeP underperforms relative to
GrASP, especially in hybrid workloads. Even at a 100% size
ratio, some test blocks are absent from the training set, limiting
SeLeP’s ability to generalize and achieve high accuracy. This
limitation persists across all ratios, contributing to consistently
low performance and a similar CI. The 5000 tuning queries are
also insufficient to capture complex access patterns, especially
in SDSS. In contrast, GrASP effectively uses these queries to
refine delta values and adjust predictions.

SGDP, based on delta modeling, is designed to generalize
as the dataset size increases. However, it consistently fails to
scale and struggles with accuracy even at a 100% size ratio due
to its reluctance to prefetch under uncertainty. This highlights
the limitation of relying solely on LBA-based information
for access prediction in complex workloads. Additionally, we
observed its recursive delta prediction approach is inefficient
and significantly increases prediction time.

Fig. 8(b) shows that GrASP achieves the highest average
recall with a narrow CI. At a prefetch size of k=50, this
metric reflects the average per-query hit ratio in a 400MB
cache. Thus, higher recall is critical when the memory budget
for prefetching is limited. Achieving a high hit ratio with
low recall means that cache hits are primarily due to blocks
prefetched in previous steps that were not promptly accessed.

Table V shows miss coverage of prefetchers in two different
size ratios. GrASP consistently outperforms the baselines,
achieving an average miss coverage of 83.75% with fine-
tuning and 71.25% without it. In contrast, SeLeP and SGDP
fail to surpass 40% miss coverage. A low miss coverage
indicates an inability to anticipate and prefetch upcoming
accesses not already present in the cache.



Fig. 9: (a) Hit ratio across different prefetch sizes, k; (b) breakdown of execution, prefetch, and idle time in simulations at
5 qps with k = 50; and (c) I/O time for the same simulations. Analytical workloads are on top and hybrid ones are below.

TABLE VI: Average Recall (Rec) and Miss Coverage (MC)
in Analytical and Hybrid Workloads With k = 50.

SDSS Genomes Birds TPC-C Auction Wiki
Method Rec MC Rec MC Rec MC Rec MC Rec MC Rec MC
Naı̈ve 2.4 15.3 1.2 26.4 1.12 41.7 2.6 8.1 0 0.2 0 1.02
LA 9.6 27.9 1.3 3.3 1.9 12.1 0.8 1.02 2.2 3.9 7.9 2.24
RandR 3.8 9.3 1.18 2.06 27.6 15.3 0 0.4 0 0.6 8.23 2.3
SGDP 1.5 1.97 1.7 27.5 4.1 66 1.4 1.97 1.6 1.3 0.9 0.6
SeLeP 38.3 60.3 82.8 76.65 16.8 78.7 7.7 17 42.1 11.4 77.9 17.2
GrASP 90.8 91.5 83.6 89.7 99.1 99.8 72.2 87.4 61.9 95.3 91.9 91.2

B. Analytical and Transactional Experiment

This section compares GrASP with baselines on analytical
and hybrid workloads over various performance metrics.

1) Correctness and Coverage: Fig. 9(a) shows hit ratios
across prefetch size k, guiding our choice of k for other tests.
Table VI reports average recall and miss coverage at k=50.

Analytical workloads, which do not modify data, are gener-
ally easier to predict. In smaller datasets like Birds, LBA-based
prefetchers perform well. With larger datasets or higher block
access rates, LBA-based and traditional methods struggle to fill
the cache effectively. In contrast, semantic prefetchers excel,
with GrASP consistently outperforming all baselines.

Hybrid workloads challenge prefetchers, especially LBA-
based and traditional ones. While SeLeP struggles with dom-
inant transactional queries, GrASP performs well across all
workload types. It achieves its best hit ratio near k=20 for low-
access workloads (Birds, TPC-C) and k=40 for high-access
ones (Wiki, Auction, Genomes). Since other baselines perform
similarly around k=50, we use this value in all evaluations.

Table VI highlights the superiority of semantic prefetchers
in terms of prefetching recall and miss coverage, where GrASP
is always the best and SeLeP ranks second. However, GrASP
shows significantly better performance than SeLeP in most
datasets, by up to 83% in recall and 84% in miss coverage.

2) Runtime Impact: Fig. 9(b) reports simulation time
breakdown at 5 queries per second (qps) rate, corresponding to
a maximum query interarrival delay of 250 ms. It shows total
execution time (patterned gray), combined prediction and
prefetch time (green), and system idle time (pink). The simula-
tions run until the full workload is processed, while prefetching
is non-blocking and stops as soon as the next query arrives.

GrASP yields the largest execution time reduction across
all datasets. Compared to NP, it saves over 85% on Birds
and TPC-C, 65% on SDSS, 50% on Wiki, and up to 30% on

others. It outperforms SeLeP by 9–55%, with the largest gains
on TPC-C (55%), SDSS (28%), Wiki (22%), and Birds (14%).

GrASP’s prefetch time is lower than other learning-based
methods, as it estimates and adjusts prefetch size (bounded
by k) rather than using a fixed size. In our tests, GrASP
prefetched the same or fewer blocks per query than Se-
LeP—On average 19.13% fewer overall and up to 93.42%
fewer on some queries—reducing prefetch time by 37% on
Wiki, 19% on SDSS, and up to 14% on other datasets.

Since a non-blocking prefetcher utilizes idle time without
adding overhead, the true end-to-end latency excludes prefetch
time. Fig. 9(b) shows GrASP effectively using idle periods to
prefetch relevant blocks, resulting in lower end-to-end latency.

Prefetching reduces query response time by reducing I/O
delays, as computation time is unaffected. To isolate the
impact on I/O overhead, we also report I/O time for the same
simulations in Fig. 9(c), where a value of zero indicates the
ideal case for I/Os with all data served from the cache.

Across all tests, GrASP achieves the lowest I/O time,
reducing I/O delays of an NP system by up to 96% in
analytical workloads and up to 94% in hybrid ones. SeLeP
ranks second but struggles with hybrid workloads, achieving
less than a 51% I/O reduction even in the ones with mainly
analytical queries. Traditional prefetchers perform close to NP,
offering at most a 48% improvement in I/O time.

Although higher miss coverage generally lowers I/O time,
absolute gains depend on where blocks reside. Some blocks
need more movement or processing, leading to variation in
I/O times for systems with similar statistics.

Moreover, prefetchers primarily reduce cache misses, so
relative improvement trends are expected to be consistent
across storage backends, though absolute runtimes vary with
device characteristics. We confirmed this by re-running NP
and GrASP on both HDD and NVMe under same workloads.

Throughput and latency. We extend our runtime analysis
by evaluating the prefetcher impact on system throughput and
95th percentile query latency across varying query arrival
rates. Fig. 10 shows results from 120s simulations on the
Auction hybrid high-access workload and the SDSS analytical
workload (Table IV). The tested rates correspond to maximum
interarrival delays (d) ranging from 25 to 250 ms, with actual
delays sampled from [d/2, d] and biased toward d, averaging
7d/8—similar to the skewed arrival in [55].



Fig. 10: Throughput on (a) Auction and (b) SDSS; 95th percentile latency per query type at (c) 45 qps (25 ms max delay),
(d) 25 qps (50 ms max delay), and (e) 5 qps (250 ms max delay). Higher throughput and lower latency are better.

Fig. 11: (a) Hit ratio, (b) recall, and (c) miss coverage in
original and indexed TPC-H Skew with variable z and k=1500.

Fig. 10(a) shows Auction throughput. At low query rates,
methods achieve similar throughput because simple or re-
peated queries complete quickly, balancing more complex
or longer-running ones. Nonetheless, Fig. 9(b) reveals large
execution time differences for the same query count, with
GrASP completing them up to 85% faster. As load increases,
some prefetchers degrade throughput by fetching irrelevant
blocks, falling below NP, while GrASP maintains the highest
throughput. At 45 qps, the system saturates and throughput
drops due to minimal available time (<25 ms) for prefetching.

The throughput results of the SDSS in Fig. 10(b) follow a
similar trend. However, due to the lower block access rate in
SDSS, GrASP leads even at 45 qps, executing 20–85% more
queries. At higher qps however, all prefetchers fail to keep up.

Fig. 10(c-e) reports 95th percentile latency per query type
(Auction has few DELETEs) at 45, 25, and 5 qps, matching d
values of 25, 50, and 250 ms. GrASP consistently yields lower
latency with up to 57% for selection and 32% for transactional
queries, even under high loads. In contrast, SeLeP’s latency is
less stable, and some methods degrade performance by pol-
luting the cache. Note that at higher qps, prefetchers execute
different numbers of queries, which can affect their latency.
C. Adaptivity Experiment

Real-world database workloads often exhibit non-uniform
data distributions and changing query patterns, as user interests
shift over time [10], [56]. In this section, we evaluate how
GrASP performs under these realistic and dynamic conditions.

1) Skewed Dataset: This subsection evaluates the prefetch-
ers on skewed TPC-H datasets with varying Zipf factors (z).
Models are trained on a dataset with SF=10 and z=0.5, and
tested on datasets with SF=30 and z={0.5, 1, 2, 3}. In TPC-H
Skew, higher z values correspond to more pronounced skew-
ness, where some customers place more orders and certain
parts are ordered more frequently. The test workloads run
similar queries across datasets, with GrASP and SeLeP fine-
tuned using 500 queries from the target dataset.

Fig. 12: Hit ratio for consecutive non-overlapping 60-query
batches in a shifting SDSS workload with k=50.

Fig. 11 shows (a) hit ratio, (b) recall, and (c) miss coverage
of the skew tests. Since TPC-H queries access significantly
more blocks than other workloads, achieving high performance
demands prefetching many more blocks (k =1500).

Fig. 11 shows that GrASP, after tuning on a few queries,
achieves over 93% hit ratio and recall, and up to 80% miss
coverage. Data skewness does not drastically impact GrASP
as it includes LBA details in its input context, while SeLeP,
relying solely on semantics, is more affected and performs
similarly to the LBA-based SGDP. Since both semantic and
LBA contexts shift in these tests, GrASP-NT performs signif-
icantly worse and fine-tuning is critical.

For completeness, we evaluate the methods under a modified
physical schema using TPC-H Skew (z=3), augmented with
indexes derived from HMAB [31] (“3-Idx.” in Fig. 11). By
reducing the number of blocks touched, indexes raise block
reaccess rates and improve prediction accuracy, enhancing
performance for all methods (NP included). GrASP remains
the best and stays stable, owing to its plan-agnostic encoding.

2) Shifting Workload: To evaluate adaptivity, we simulate
evolving workloads on the SDSS dataset. The cache is first
warmed up, followed by three staged shifts: at sequence
number (SN)=1k, 25% of blocks are unseen; at SN=3k, 40%
of blocks, 50% of tables, and 50% of templates are new; and
at SN=5k, all tables change and unseen blocks are accessed
using entirely new templates. GrASP updates delta classes
every ltune = 0.5k queries, fine-tuning only if deltas change,
with 5.54s average overhead. SeLeP also tunes every ltune
queries, taking 46.42s due to the costly repartitioning.

Fig. 12 plots hit ratios over batches of 60 consecu-
tive queries up to SN=10k. GrASP drops less sharply and
recovers faster, maintaining a relatively consistent perfor-
mance—especially in the first shift, where it improves even
before tuning. After the final shift, the fully unseen work-
load increases uncertainty, leading GrASP to skip prefetching
for some queries, while SeLeP issues inefficient random



Fig. 13: Effect of (a) model config, (b) block size, (c) tuning query count, (d) cache size on GrASP’s hit ratio with 95% CI.

TABLE VII: Time overheads of model initialization (split
into sub-operations), block encoding, model training, delta
prediction, block fetching, and tuning with ltune = 5000.

Operation SDSS Wiki Auction TPC-C TPC-H
Skew

One-off model
initialization

Block encoding of
100 blocks (s) 20.71 3.6 59.17 49.04 75.89

Model training (s) 570.17 27.98 37.41 250.86 27.78
Other operations (s) 561.94 27.96 17.78 144.63 132.82

Delta prediction per query (ms) 3.06 6.57 4.57 2.4 27.29
Block prefetching per query (s) 0.25 0.06 0.36 0.15 2.2
Fine-tuning (s) 23.25 27.14 21.6 21.8 40.21

prefetches that occasionally succeed by chance. Upon tuning
at SN=5.5k, GrASP’s average hit rate rises from 53% to 81%,
while SeLeP peaks below 75% despite tuning. Due to the
stochastic nature of the workload, all prefetchers struggle to
stabilize until SN=7k, where only GrASP and SeLeP converge.

D. Time Analysis
Table VII reports GrASP’s time overhead across datasets.
1) One-off Model Initialization: This phase includes all

one-time setup steps before deployment, such as block encod-
ing, delta set collection, context generator setup, and model
training. Table VII lists them separately to highlight the main
costs of encoding and training. Initialization time mainly scales
with training workload size (Table IV) and query complexity,
with SDSS and TPC-H Skew showing the highest overheads.

Block encoding cost depends on schema characteristics.
Datasets with fewer columns (Wiki) or mostly numeric val-
ues (SDSS) incur lower cost. Training cost reflects model
complexity: compared to GrASP, SeLeP’s deeper model with
extra Dense layers, and SGDP’s complex graph-based model,
increase training time by up to 9.7↗ and 418.4↗, respectively.
For reference, SeLeP’s training times are 5573, 60, 30, 1369,
and 31 s, while SGDP’s are 4340, 147, 1245, 449, and 11715 s.

2) Delta Prediction: This involves context creation and
model inference, both influenced by query complexity and
block selectivity. Thus, TPC-H Skew, which accesses 30k
blocks with complex queries, exhibits the highest prediction
time. However, this time stays within the millisecond range
and does not impact database interactivity.

3) Block Prefetching: It computes LBAs from predicted
deltas and retrieves them from storage. Latency decreases if
the block is already cached and grows with the number of
fetches. Except for TPC-H Skew with high block access rate,
prefetching completes in under 400 ms, ensuring interactivity.

4) Tuning: Fine-tuning time includes delta set adjustment
and prediction model tuning. TPC-H Skew, with its higher
query encoding time, has the longest tuning time. However,
tuning takes under a minute and can be run asynchronously.

Unlike SeLeP, GrASP does not require encoding new blocks
during fine-tuning. SeLeP must encode all newly inserted
blocks and assign them to partitions at each tuning event,
incurring overheads orders of magnitude higher than GrASP.

E. Sensitivity Analysis
To assess parameter impact, we evaluate GrASP under

various settings on the SDSS and hybrid workloads. The hit
ratios shown in Fig. 13 confirm that the settings in §V-A ensure
stable and robust performance across datasets and workloads.

Model Parameters impact is shown in Fig. 13(a). Small
delta vocabulary size (ds) fails to cover all frequent deltas,
reducing performance, while large ds adds too many classes,
making accurate predictions harder. Higher table ε values
distort ω , which degrades the performance. Using query history
(i.e., nlookback>1) improves predictions, but long histories in-
crease model complexity and reduce performance. For datasets
with high block access rates, a larger kdc boosts performance,
but overly high values risk selecting irrelevant blocks.

Block size (lbsize). Increasing block size reduces the number
of deltas, improving prediction accuracy (Fig. 13(b)). How-
ever, very large lbsize populate the cache with unused data.

Tuning query count (ltune). Fig. 13(c) shows GrASP adapts
deltas and predictions after tuning on at least 2500 queries, or
as few as 500 queries for datasets with low access like TPC-C.

Cache Size is evaluated in Fig. 13(d). Larger caches preserve
longer access histories, increasing block reaccess chances and
extending the impact of prefetches. GrASP maintains a high hit
ratio with a 2GB cache across datasets from 16GB to 155GB.

VII. CONCLUSION

This paper presents GrASP, a learning-based semantic
prefetcher designed to enhance database interactivity by lever-
aging both LBA patterns and data semantics. GrASP combines
queries LBA-Delta with their encoded semantics to predict
future delta values and optimize prefetching hit ratio across a
diverse range of workloads. Our evaluation on analytical and
transactional workloads demonstrates that GrASP significantly
improves performance, outperforming SOTA methods with up
to 45% higher hit ratio, 60% lower I/O time, and 55% lower
execution latency. Additionally, our experiments on enlarged
datasets demonstrate that GrASP, through delta modeling and
lightweight fine-tuning, generalizes its high performance to
datasets up to 250↗ larger, and with different skewed data dis-
tributions—capabilities not achievable by SOTA prefetchers.
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