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Modern databases often use the LIKE predicate to search text data. However, when the search condition is
interrupted by wildcards, the existing search structure can degrade to a worst-case complexity linear to full
table scale, resulting in poor performance. Traditional methods, such as B+-trees, fail to handle wildcards at
both ends efficiently. Recent advances in language models offer a promising solution. These models can decode
complex LIKE patterns into a small set of candidate values, which are then verified in dataset-size-invariant
time via hash table lookups, greatly improving efficiency. However, integrating LLMs into databases faces
challenges such as high latency, large storage requirements, and sensitivity to data distribution drifts.

To address these issues, we propose SMILE, a Small language Model Integrated LIKE Engine that learns
column-local character distributions through small but exquisite parameters. Our SMILE acts as a neural
translator that converts complex LIKE patterns into their corresponding result sets. Our approach achieves
asymptotic complexity improvements while preserving SQL LIKE logic. We conduct comprehensive evaluation
across diverse datasets to validate the efficacy of our approach. Our compact SMILE, with a parameter size 5
orders of magnitude smaller than large language models, achieves strong LIKE decoding efficiency and quality.
Specifically, SMILE obtains high recall ability while accelerating LIKE by 3 orders of magnitude compared
to large language models and sequential scans, 1.8-41.6 times faster than trigram indexes, and 2 orders of
magnitude faster than B+-trees. Moreover, our model demonstrates robustness against potential data and
query distribution drifts.
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1 INTRODUCTION

Modern database systems heavily rely on the LIKE predicate to efficiently retrieve and compute
relevant textual information in relational tuples [7, 50, 59, 60]. This operator is crucial for various ap-
plications, including substring matching [53], data cleaning [36, 68, 105], and entity recognition [26].

Despite the widespread applications of the LIKE predicate, optimizing it remains a formidable
challenge. Traditional B+-tree indexes work well for prefix/suffix patterns [23, 38] but struggle
with wildcard-surrounded queries such as "%keyword%" [29, 96]. While trigram indexes support
substring searches, they have high storage costs and limited wildcard flexibility [29]. When the
queried keyword is interrupted by wildcards, or when the retrieving keyword is a "stop-word"
present in all tuples [31], retrieval efficiency drops to O(N X £), where N represents the filtered
table size, ¢ is the average string length. Furthermore, trigram indexes are not universally supported
across databases [33, 75]. The fundamental limitation of existing approaches lies in their reliance on
partial unmasked segments of the LIKE pattern for filtering and search operations, neglecting the
holistic context of the query. This constraint significantly undermines their efficacy, particularly
when dealing with complex wildcard patterns.

While exact evaluation for arbitrary LIKE patterns inherently requires O (N x¢) complexity due to
unavoidable full scans for high-cardinality cases (e.g., pure "%"), a critical class of interactive applica-
tions requires only a small set of guaranteed matches with sub-second latency. For instance, in data
cleaning, in validating Pattern Functional Dependencies (PFDs) [78] such as [Name LIKE "%John%"]
— [gender = "M"], within a human-in-the-loop workflow [14, 35, 63]. In this setting, prohibitive
scan latencies disrupt the interactive loop, while IR-style approximations are unsuitable as they
return logically incorrect matches (e.g., "Joan"). This dilemma motivates an approach rooted in the
principles of Approximate Query Processing [15, 76], where trading exhaustive completeness for
interactive speed is a well-accepted compromise. We therefore propose a generate-and-validate strat-
egy. If we have a near-oracle predictor to generate a constant-sized candidate set, we can then verify
them in O(¢) time. This eliminates the dependency on dataset size N, delivering the performance
expected in interactive systems that present constant-sized result sets [9, 17, 18, 49, 61]. We therefore
investigate the feasibility of constructing such an oracle for efficient LIKE query processing.

Fortuitously, Large Language Models (LLMs) [13, 79, 80] approximately satisfy this oracle re-
quirement. Thanks to their pre-trained masked prediction capabilities [27, 69, 89], LLMs can infer
missing tokens from incomplete wildcard patterns, making them perfectly suitable for decoding
LIKE wildcards into candidates. Figure 1 illustrates the core idea of our approach. For a query such
as SELECT * FROM T WHERE Conference LIKE "%IGMO%", we may apply prompt engineering
to guide the LLM in understanding that the Conference column contains academic venue names.
LLMs can then infer that the pattern "%IGM0%" likely corresponds to the name SIGMOD. We can then
verify the presence of SIGMOD via a fast O(¢) hash lookup. Building on this potential, we proceed to
evaluate whether we can significantly reduce the worst-case O (N X ¢) runtime of such interactive
LIKE queries by using language models as efficient autocomplete keyboards—transforming patterns
into a fixed set of candidate strings which are verified in O(¢) time via hash-based lookups.

However, deploying LLMs to accelerate the LIKE predicate faces a huge obstacle. LLMs are too
large to fit into conventional DBMS [34, 70]. It therefore brings three barriers: (1) Latency gap
between DB applications and LLMs: The LLM’s response generation incurs second-level delays
per query, conflicting with database’s demands. For most OLAP scenarios with medium-sized
data, a full-table scan (1 second) may be completed before LLMs finish their first sentence (10
seconds). (2) Storage overheads of LLMs: The storage space occupied by LLMs is astonishing.
For example, DeepSeek-V3, with 671 billion parameters, requires nearly 1TB of storage [93]. This
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Fig. 1. Example for language model Approximated LIKE.

storage consumption can exceed the size of the entire database, significantly reducing the appli-
cability of the method. (3) Distribution drifts: In database systems, data evolve continuously,
necessitating frequent updates to model parameters [45, 66, 102]. However, fine-tuning LLMs is
computationally expensive. To conclude, the "large" nature of existing LLMs presents challenges
that hinder the direct deployment of translation LIKE predicates via LLMs. We have to explore
whether it is possible to achieve similar LIKE translation functionality with a smaller model.

Fortunately, we observe that the distribution of characters within a single column can be regarded
as a unique, special language with limited vocabulary combinations. This observation implies that
translating LIKE templates into this column’s sub-language can be learned via a small language
model with limited parameters, obviating the need for resource-heavy LLMs. This insight motivates
us to explore the use of lightweight Small Language Model(SLM) to learn the joint probability
distribution of these characters. SLM, with smaller parameter scale, consumes significantly less
memory and offers faster inference speed, making it well-suited for latency-sensitive database sce-
narios. Additionally, the lightweight nature of SLM makes it easier to manage through incremental
finetuning in dynamic environments. Therefore, this observation inspires us to investigate whether
we can leverage small-scale language models to learn the language distribution of a single
table while retaining the functionality of LLMs for decoding LIKE predicate.

Based on the above discussions, we propose SMILE (Small language Model Integrated LIKE
Engine), which leverages a lightweight character-level language model to translate LIKE queries
into their result sets. This approach tackles the key challenges of LIKE predicate optimization.
SMILE learns character distributions within specific column contexts, rather than across broad
natural language domains. Coverage in this specific domain needs just a 16MB network, which
is 5 orders of magnitude smaller than typical LLMs, yet it still translates LIKE patterns effectively.
This small yet powerful model significantly boosts inference efficiency and reduces maintenance
overhead. More importantly, SMILE transforms the inherently difficult LIKE matching problem
into a more manageable string candidate verification task. During query optimization, SMILE gen-
erates candidate strings that match the LIKE pattern’s logical constraints through autoregressive
decoding. These candidates are then verified against the database using hash-based lookups. This
hybrid approach converts the worst-case O(N X ¢) full table scans into O(¢) lookups for valid
candidates, achieving substantial complexity improvements while preserving approximate SQL
logic In summary, our work makes the following key contributions:

C1. A Novel Framework for LIKE Predicate Optimization: We introduce a new framework that
recasts LIKE predicate optimization as a sequence translation task. This approach employs language
models to directly generate candidate tuples from wildcard patterns, fundamentally shifting the
execution paradigm from costly linear scans (O (N x¢)) to an efficient generate-and-validate process.
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C2. Lightweight and Scalable SLM Architecture: To overcome the practical limitations of large
language models (LLMs), we design and implement SMILE, a lightweight (16MB) and column-
specific Small Language Model (SLM). SMILE acts as a specialized neural translator, efficiently
learning data distributions to decode LIKE predicates into result sets. We further propose a hybrid
strategy that enables our approach to scale to long text columns, which is a critical challenge for
existing methods.
C3. Theoretical Framework with Probabilistic Guarantees: We establish a theoretical frame-
work that provides probabilistic approximation guarantees for language-model-based LIKE decod-
ing. By introducing the concept of pattern entropy to quantify query complexity, our framework
formally bounds the sampling effort required to retrieve a target number of results with high confi-
dence, establishing a principled link between model capacity, query structure, and performance.
C4. Evaluation Guided by Real-World Workload Analysis: To ensure a realistic evaluation,
we first conducted a large-scale survey of 84,047 queries across 30 public databases to characterize
real-world LIKE predicate usage. Guided by the identified patterns, we designed a representative
benchmark on which SMILE achieves speedups of up to three orders of magnitude over sequential
scans, and outperforms specialized trigram and B*-tree indexes by 1.8-41.6x and two orders of mag-
nitude, respectively, while using a model five orders of magnitude smaller than mainstream LLMs.
Roadmap: This paper is organized as follows. Section 2 formalizes the SQL LIKE predicate as a
sequence-to-sequence task via neural machine translation. Section 3 evaluates state-of-the-art LLMs
on LIKE pattern decoding, assessing accuracy, efficiency, and practical viability in database contexts.
Section 4 introduces SMILE, a lightweight language model designed for efficient LIKE acceleration.
In Section 5, we establish theoretical guarantees and extend the method’s applicability. Section 6
presents experimental results comparing SMILE against baselines in accuracy, scalability, and
robustness. Section 7 surveys related work, and Section 8 concludes with a summary, limitations,
and future directions. The source code of SMILE and the Appendix are available at GitHub [4].

2 Preliminaries

In this section, we first provide an overview of the SQL LIKE predicate and language models
in Section 2.1. Subsequently, we introduce a novel perspective on the optimization of the LIKE
predicate from the viewpoint of neural language translation in Section 2.2. Section 2.3 explores
practical interactive scenarios.

2.1 Basic Concepts

In this section, we introduce the SQL predicate LIKE and the definition of language models. Firstly,
we delve into the definition of the LIKE predicate:

The LIKE predicate: The LIKE predicate facilitates the selection of tuples within a relational
structure where attribute values match a specified pattern string. Formally, given a relation table T
with attribute A, where the average string length of A is £, and N tuples in total, the LIKE predicate
P collects all tuples that satisfy P in result set Ry = {t € T | t[A] matches P}. As standardized
in ISO/IEC 9075-2:2023 (Section 8.5, General Rule 3.b.ii) [1], the predicate recognizes two meta
characters: (1) The percent symbol (%): Matches any substring of zero or more characters. (2) The
underscore (_): Matches exactly one arbitrary character.

To illustrate the functionality of LIKE predicate, we provide the following examples. (E1): Pattern
LIKE "SIGMOD" yields a condition where string matches "SIGMOD" string. (E2): Pattern LIKE "SIG%"
matches all strings with the prefix "SIG" through left-anchored pattern matching. (E3): Pattern LIKE
"S_GMOD" matches strings length of six with the first character being "s" and the last being "GMOD".

Problem Definition: Given a LIKE predicate , we propose to optimize its approximate pro-
cessing through dual objectives: minimizing query latency while maximizing recall of retrieved
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tuples. The recall metric is formally defined as: Recall = %, where R, is the retrieved tuples,

Ry is P’s ground truth result set.

Then, we proceed to provide the definition of language models.

Language model: Given vocabulary V = {xy, X, ..., Xv|-2, (SOS), (EOS)} and a sequence of
preceding tokens s<; = ({SOS), Xz1, Xr2, - . ., X7:-1), the language model M learns the conditional
probability Pr(x,; | X1, Xx2, - - -, Xzt—1) and samples the next token x,; based on this conditional
probability distribution. That is:

Xt ~ Pr(xirt | X1, X725+« s Xrrp-1)

Given a fixed-length string input, the language model performs autoregressive decoding token-
by-token iteratively. This iterative process begins with the start-of-sequence token (SOS) € V. In
the ¢-th iteration, given the input s<; = ((SOS), X1, Xx2, . . ., Xzt—1), the language model generates
the next token x,; based on s<;. The generated token x,, is then appended to the historical input
to form s<;1+1 = (5<4, Xz;). This updated string s<;4+; serves as the input for the next iteration. The
iterative process continues until x,; is the end-of-sequence token (EOS) € V.

2.2 LIKE Predicate Decoding: A Neuro-Linguistic Translation Perspective

We reconceptualize LIKE predicate evaluation as a specialized machine translation task. In this view,
a LIKE pattern P is a source-language query that must be translated into its logical equivalents
within the database’s string domain (the target language). Formally, let A be the target column
domain with N tuples. Conventional evaluation computes {s € A | s matches P} via deterministic
approaches and faces a worst-case sequential scan for patterns like "%keyword%" in O(N X £) time.
In contrast, our approach learns a translator M : # — A” C A, which translates the pattern into
its results, where:

A” =argmax Pr(s | P) subjectto s matches P
SEA

Here, Pr(s | ) represents the language model M’s learned distribution. The verification condition
s matches % ensures the correctness of the result, while the generation process leverages M’s log-
ical understanding to bypass exhaustive comparisons. This dual-phase approach achieves sublinear
complexity by restricting pattern matching to a probabilistically generated candidate set | A”| < |A].

This paradigm shift overcomes the fundamental limitations of traditional indexes through
logic-aware holistic decoding. While trigram indexes fail to fetch wildcard-broken or "stop-word"
patterns, and B+-trees stumble on non-prefix alignment, the translation language model exploits
distributional semantics to directly infer lexically valid matches. Our experimental validation in
Section 6 demonstrates that this approach maintains SQL-standard logic while reducing asymptotic
complexity from O(N X £) to O(€) + M gecodes Where M gecoqe represents the decoding overhead of
modern Transformer architectures.

2.3 The Case for Instantaneous, Approximate LIKE Applications

Instantaneous feedback on LIKE predicates presents a dilemma in modern data systems. Traditional
query processing guarantees completeness via exhaustive scans but suffers from high latency.
Conversely, information retrieval techniques—such as full-text indexing [65] or embedding based
reranking [46, 58] do not preserve the logical correctness of SQL LIKE patterns. We argue for a third
paradigm for interactive applications: one that trades completeness for speed while strictly preserv-
ing logical correctness. These applications need a small, guaranteed-correct subset in interactive
time—a capability current systems lack.
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Rule Validation in Interactive Data Cleaning: Interactive data cleaning [22, 68, 81] relies on rapid,
human-in-the-loop validation [14, 35, 63] of rules like Pattern Functional Dependencies (PFDs) [78].
For instance, when validating a rule such as [name LIKE "%John%"] -> [gender="M"], an
analyst needs immediate examples to check the logic. A slow full scan disrupts this cognitive
flow, while IR-style approximate matching returns logically irrelevant hits (e.g., Joan" or Johnny
Appleseed") that obscure logical correctness. Here, the trade-off is clear: sacrificing completeness
for the interactive speed needed to validate rules is a small price to pay. Our system delivers a small
set of guaranteed-correct matches, preserving the tight human-in-the-loop process.

Fast Maintenance of Learned Cardinality Estimators: Learned cardinality estimators for LIKE
predicates [7, 59, 88] must be continuously retrained on evolving data to mitigate "catastrophic for-
getting" [39, 55]. A cornerstone of this adaptation is experience replay [82, 112], which necessitates
frequent acquisition of ground-truth labels—i.e., actual query results—for diverse LIKE patterns
from the current dataset. However, full-table scans to obtain these labels incur prohibitive latency,
rendering online learning impractical. Our approach provides a remedy by generating a training-
batch-sized, logically correct sample in sublinear time. For this task, completeness is unnecessary,
but correctness is non-negotiable to avoid label noise, making the trade-off for speed ideal.

Pattern Induction in Information Extraction: Information Extraction (IE) relies on rapid "hypothesize-
and-verify" cycles to refine patterns [12, 20, 110]. An engineer refining a pattern LIKE "%John@%. edu%"
needs immediate feedback on its matches, but conventional query latency disrupts this iterative
process. Our method provides millisecond-level, logically correct responses. Here, the goal is not
completeness but to instantly receive a few logical witnesses to the pattern’s behavior, allowing
developers to validate and refine their logic without delay.

3 Large Language Models: Lessons Learned

In this section, we systematically evaluate the following hypothesis: Since modern large language
models(LLMs) have demonstrated remarkable zero-shot capabilities [30, 72, 103], could they serve as an
"off-the-shelf" solution for decoding complex LIKE predicates, bypassing the need for specialized indexes
or models? In this section, we systematically investigate this possibility. We evaluate mainstream
LLMs on both decoding quality and efficiency, treating them as a potential baseline. However,
our findings reveal fundamental limitations that preclude their direct use: (1) substantial storage
requirements, (2) prohibitive inference latency, and (3) a distributional mismatch leading to incom-
plete answers, which are unacceptable in a database context. These results thus serve as a crucial
motivation, demonstrating that a specialized approach is not just an alternative, but a necessity.

Experimental Setup: We evaluate eight state-of-the-art open-source LLMs (ranging from 1.5B
to 671B parameters) on LIKE predicate decoding. Our evaluation employs two real-world datasets:
TPC-H (lineitem) [97], comprising 24M natural-language-like strings, and a recent snapshot of the
IMDB (name) dataset [48], containing 15M real-world strings from the primaryName column.

To ensure practical relevance, our workload generation methodology is grounded in an analysis
of 84,047 real-world LIKE patterns (see Appendix A). We focus on scenarios where conventional
prefix/suffix indexes fail—specifically, patterns such as LIKE "%Keyword%" and LIKE "%Key%Key%".
We define two primary workloads:W1 (Syllable-based): Wildcards mask coherent phonetic syl-
lables, simulating partial recall of word spellings where users reconstruct terms via pronuncia-
tion. W2 (Morpheme-based): Wildcards obscure morphemes—the smallest meaningful linguistic
units—mimicking searches driven by semantic components. To enhance realism and complexity, we
randomly replace 0 to 5 characters in the non-wildcard segments of each pattern with underscore
("_") wildcards. This process yields 2,000 test queries. Additional details are provided in Section 6.1.

Decoding Quality Analysis: We measure recall—the fraction of relevant strings correctly
generated by each LLM for a given LIKE predicate. As illustrated in Figure 2, decoding accuracy
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Fig. 3. Computational cost of LLMs. Left: Inference latency. Right: Model size.

correlates positively with model scale. However, a significant performance ceiling is evident,
as no model approaches perfect recall. Even on the TPC-H dataset, where strings follow easier
patterns, the state-of-the-art 671B-parameter model achieves a recall of only approximately 0.8.
This persistent gap stems from a fundamental distributional mismatch, or more precisely, a bias
mismatch. The open-world knowledge in an LLM’s pre-training corpus instills an uncontrolled
and undesirable bias towards general natural language. This generalist bias causes the LLM to
generate numerous logically plausible strings that are valid in general language but do not exist
within the target table’s closed-world domain, thereby depressing recall. This issue is exacerbated
on the IMDB dataset, whose structured strings deviate more sharply from natural language priors,
leading to a more pronounced performance decline. Nevertheless, the core limitation persists even
on linguistically coherent data, highlighting a systemic challenge in applying generalist models to
specialized data retrieval tasks.

Computational Cost Analysis: Figure 3 quantifies the operational overhead of LLM-based
decoding. High-performing models incur substantial latency; notably, DeepSeek-V3—the top per-
former in recall—exhibits inference times approaching those of a full sequential scan, rendering
it unsuitable for latency-sensitive query processing. More critically, storage requirements pose
an insurmountable barrier: state-of-the-art LLMs demand gigabytes to terabytes of parameter
storage—often exceeding the size of the database itself. This inefficiency arises from the generalist’s
burden: LLMs are trained on diverse tasks (e.g., code generation [37], mathematical reasoning [111],
dialogue [19]), resulting in a model whose parameters are overwhelmingly biased towards knowl-
edge domains irrelevant to LIKE decoding. Although LLMs demonstrate zero-shot capability, their
immense computational and storage demands are fundamentally incompatible with the efficiency
constraints of database systems, where every CPU cycle and byte is carefully optimized.
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Key Insights: 1. Foundational Decoding Capability: LLMs can map wildcard patterns to
logically plausible completions, achieving high recall (up to 80%) on linguistically coherent
data by leveraging learned language distributions.

2. The Prohibitive Cost of Scale: High accuracy requires massive models, incurring severe
latency and storage overheads—a "success tax" that renders direct deployment economically
and operationally infeasible.

3. The Generalist’s Bias: General-purpose knowledge introduces an uncontrolled and ineffi-
cient bias; most model capacity is consequently irrelevant to LIKE decoding, violating core
database design principles of specialization and resource frugality.

These results offer a crucial insight. The initial enthusiasm for general-purpose LLMs is met by
the harsh reality of the "generalist’s burden"—their vast knowledge introduces uncontrolled bias
and prohibitive overhead, making them impractical for production database use. This realization
motivates a deliberate shift in design philosophy: we argue that a workload-aware, specialized solu-
tion is a more principled and efficient engineering choice. Consequently, we propose a lightweight
small language model designed to overcome the exact limitations identified in this section.
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Fig. 4. Overview on SMILE.

4 Small Language Models: An Economically Viable Alternative

To overcome the limitations imposed by the LLMs’ generalist bias, we propose SMILE (Small lan-
guage Model Integrated LIKE Engine), a cost-effective solution that leverages SLMs to enhance the
efficiency of LIKE predicate processing. SMILE is designed around a core principle: the intentional
learning of a potent inductive bias. Instead of relying on open-world knowledge, SMILE learns the
specific character-level distribution of a target column. This learned domain prior is the key to its
efficiency and high recall, enabling it to act as a specialized neural translator that operates within

the closed world of the database column.
4.1 SMILE Overview

As depicted in Figure 4, SMILE operates through three core stages: offline preparation of model
and training workloads, online small language model driven translation of LIKE predicates, and
hash-based validation of candidate strings. SMILE aims to optimize low-cardinality LIKE query
patterns where dataset-size-independent decoding acceleration via SLM becomes feasible. This
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section provides a concise workflow overview. We formally introduce SMILE’s SLM architecture
and decoding strategies in Sections 4.2 and 4.3, respectively. Section 4.4 discusses decoding optimiza-
tion techniques, while Section 4.5 details our query routing mechanism for identifying targetable
low-cardinality queries.

1. Offline preparation: We initially prepare the training workloads offline. Subsequently, we
train a classifier on the target column A and a character-level small language model using the
prepared workloads. Inspired by prior works on learned database [86, 104], we first cluster histor-
ical queries into high-cardinality and low-cardinality types. We then train a binary classifier that
classifies query patterns into these two categories. For low-cardinality patterns, we statistically
model their wildcard distributions ("%" and "_" placements) to generate synthetic training data.
We firstly sample N strings from A and obtain training sampling set S = {s | s € A}, |S| = N&.
Then, we inject wildcards into the sampling set S to form supervised training information (%, s;)
pairs where wildcard pattern $; constitutes a source language and original tuples s; form the target
language. We employ teacher forcing with cross-entropy loss to train SMILE’s SLM:

L =- Z Z xijlogM(SDi)j

(Pisi) Xij €Si

Here, x;; represents the true distribution of target string s;’s j-th token, and M(%;); represents
the language model’s output probability distribution for the j-th output token given wildcard input
;. The training approach mentioned above can be adapted for data updates. In scenarios where data
undergoes periodic changes, we can similarly generate training samples and wildcard patterns from
the new data distribution to fine-tune the model parameters. This training process enables SMILE to
acquire its inductive bias. By learning exclusively from the target column’s data, the model internal-
izes a domain-specific prior that constrains its predictive distribution to the statistical patterns of this
closed world, effectively eliminating the out-of-domain generation that plagues generalist models.

2. Online SLM translation: For unknown queries, we first utilize a character-level language
classifier to route testing query workloads. Subsequently, based on the classification outcomes,
we meticulously select wildcard patterns with low-cardinality from the testing workloads. These
low-cardinality wildcard patterns can be efficiently translated into candidate sets in O(¢) time. For
these low-cardinality queries, we employ a neural character Transformer to translate the source
LIKE patterns into target strings in the database. However, if the query has high-cardinality (e.g.,
pure "LIKE %"), even if language model can successfully decode such queries, the number of samples
generated by the language model is proportional to the scale of the entire database, which restricts
the space for the language-model-based optimization. Therefore, we directly deliver these query
patterns for the database to execute.

3. Hash verification: After we obtained the constant scale candidate set via the generation of our
SLM, we verified our candidate set using hash index, allowing results to be checked in O(¢) time.
4.2 Transformer: The Efficient LIKE Translator

We find the Transformer architecture [8, 51, 99], originally developed for machine translation, is
exceptionally well-suited for our LIKE predicate decoding task. This suitability stems from two of
its inherent properties:

(A1). Intrinsic Seq2Seq Architecture: The "%" wildcard implies that the length of a matching
string is independent of the pattern’s length. This input-output length mismatch renders fixed-size
architectures, such as standard MLPs, unsuitable for learning this mapping [8, 92]. The Trans-
former’s encoder-decoder structure naturally addresses this challenge. The encoder maps the
variable-length input pattern to a latent representation H € R™*¢. The decoder then autoregres-
sively generates the output sequence y; conditioned on H, terminating upon generating an (EOS)
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token. This mechanism effectively decouples the input and output lengths, making it ideal for the
variable-length translation required by LIKE predicates.

(A2). Dynamic Attention Mechanism: When decoding a LIKE predicate, different segments
of the input pattern have varying importance for generating the output string. The attention
mechanism enables the model to dynamically focus on the most salient input tokens for each
decoding step by adaptively weighting the input sequence. Formally, given an input sequence
of d-dimensional embeddings X = (x1,X3,...,Xn), attention computes Query, Key, and Value
matrices via learnable linear projections: Q = XWg, K=XWg, V =XWy, with projection
matrices W, Wk, Wy € R*4 The rows of Q. K, and V represent the query, key, and value vectors,
respectively. The core of the mechanism lies in computing relevance scores:

exp (qik;/\/g)
Y exp (qik}{/ ‘/3)

@ij =

where the scaled dot-product qik; /Vd measures feature compatibility. These normalized coeffi-
cients implement a soft reranking mechanism, where the attention coefficients assess the importance
of the current feature contribution to LIKE decoding. Based on the attention weights, the context
matrix Z € R™9 is computed via value aggregation as follows, where z; denotes the i-th row of Z:

m
Z; = E a;jv; fori=1,...,m,
Jj=1

This reweighting allows automatic emphasis on logically critical subpatterns (non-wildcard seg-
ments) while maintaining long-range dependency awareness - crucial for reconstructing masked
segments between wildcards. For example, given a LIKE pattern "SIG_O_" to decode, we need
to pay more attention to "SIG" than "O" as the prefix "Special Interest Group"("SIG") gives us
more details of the underlying matched result than "O". Therefore, these architectural advantages
make Transformers naturally suitable for LIKE predicate decoding: The dynamic length adaptation
handles arbitrary wildcard expansions, while the attention mechanism automatically focuses on
discriminative subpatterns to efficiently decode string patterns.

4.3 Capture LIKE pattern in a Seq2Seq manner

SMILE adapts Transformer to perform character-level translation of LIKE predicates. As illustrated
in Figure 4, the model processes a LIKE pattern through distinct encoding and decoding stages.

Encoding Stage: The encoding stage transforms an input LIKE pattern £ of length m into
a dense vector representation H € R™*? via three sequential operations: (1) Character-level
Embedding: Each character in the input pattern is mapped to a d-dimensional vector using a
trainable embedding matrix Emb € RIVI*?, where V is a column-specific vocabulary. (2) Positional
Encoding: To inform the model of the character sequence order, which is otherwise ignored by
the self-attention mechanism, we inject positional information. This is achieved by summing the
character embeddings with a standard sinusoidal positional encoding [99]:

PE (pos2i) = sin (pos X 10000‘%) ,
PE(pos,2i+1) = cos (pos X 10000‘%) R

where pos is the character’s position and i is the dimension index (i < d). This parameter-free
approach facilitates generalization to variable-length patterns, which is crucial for robustly handling
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Algorithm 1 Temperature annealed decoding for LIKE patterns

Input: Encoded LIKE pattern H € Rm*d temperature T, beam size K, decode length ¢, Hash
Verifier Hash
Output: Valid candidates Cyai9 € C

1: procedure DEcopeLIKE(H, T, K, ¢, Hash)
2 Hijle < repeat(H, K) > Tile pattern representation
3 st < [(SOS)]*K; done « FalseX; > Init sequences
4 fort =1to ¢ do
5: D; < Decoder(Hye, st) > Decode
6 P; « % > Temperature scaling
7 y; < sample(P;);
8 st < st + (y; - ~done); done « done V (y, == (EOS))
9 if all(done) then break
10: Cyalid < {s: € st | Hash[s;] = 1} > Hash verification
11: return Cy,jid

wildcards. (3) Self-attention Encoding: Finally, a Transformer encoder layer processes the result-
ing sequence. It employs a multi-head self-attention mechanism, followed by layer normalization
and a residual connection, to capture long-range dependencies between characters in the pattern.

Decoding stage: The decoder learns a scoring function that maps the encoded LIKE pattern
representation H € R™*d and the currently generated sequence s<; = ((SOS), Xz1, Xz2, - - - s Xz1-1)
to the vocabulary score distribution D; of the t-th token. This function is implemented via a
Transformer-based architecture, maintaining dimensionality consistency across layers. The decoder
then projects these hidden states to the score vector D, € RI"!:

D; = WohY +b,

where hY € R denotes the final layer’s hidden representation at step ¢, W, € R!V1*? is the out-
put weight matrix, and b, € RV is the bias vector with |V| being the vocabulary size. The resulting
weight vector from the decoder contains the likelihood scores for all tokens in the vocabulary. The
subsequent section discusses an efficient decoding strategy based on these scores.
4.4 Translating LIKE Via Temperature Annealed Importance Sampling

Translating a LIKE predicate that matches multiple strings requires generating a diverse set of
candidates. Standard greedy decoding, however, often yields repetitive outputs, as it consistently
favors high-probability tokens and fails to explore the full solution space [113].

To address this, we employ a temperature-annealed sampling strategy, a technique adapted from
large language model decoding [11, 13, 27, 113] to balance exploration and exploitation. Given a
LIKE pattern P over column A with vocabulary V, SMILE’s decoder computes a score distribution
D; € RIVI at each step t, conditioned on P and the prefix s.;. We then apply temperature scaling
to this distribution to promote diversity:

exp (D [k]/T)
Ye<iv) exp (D[] /T)

Algorithm 1 outlines this process. To generate K candidates concurrently, the encoded LIKE
pattern H is tiled, and each sequence is initialized with a (SOS) token (Lines 2-3). The algorithm
then iteratively samples tokens. In each step, the decoder generates logits D;, which are scaled by
temperature T to form a probability distribution P, (Line 5). A new token y; is sampled from P,

Pr(xz =xi) =
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and appended to each active sequence (Lines 6-7). The process terminates once all sequences have
generated an (EOS) token. Finally, a hash-based verifier validates each candidate string in O (£) time
(Line 10). The overall time complexity is O(D - £), where D is the decoder’s computational cost and
¢ is the decode length. This complexity is independent of the database size N, ensuring scalability.
4.5 Cardinality-Aware Classification

While SMILE achieves asymptotic acceleration for low-cardinality LIKE queries, high-cardinality
patterns (e.g., pure LIKE "%") pose challenges. To decode type LIKE "%" predicate would require
the sampling budget being linear to the table scale. Therefore, such exhaustive generation for
non-selective patterns approaches O(N X £) complexity, negating our complexity improvements.

To resolve this tension, we introduce a cardinality-aware classifier that dynamically routes queries
between the SLM translator and traditional execution methods. The classifier predicts whether
a given LIKE pattern will exceed predefined cardinality thresholds proportional to the sampling
budget, and we reuse the neural translator’s pre-trained encoder (described in §4.3) to obtain m X d
dimensional input patterns’ hidden representation H. We then use average pooling to map H into d
dimensional summarization vectors. This summarization captures both syntactic features (wildcard
positions, pattern length) and distribution characteristics (expected character distributions). A two-
layer MLP with ReLU activation then maps these representations to cardinality class probabilities:

Pr(high-card) = (W, - ReLU(W; - Avg(H) + b;) + b,)

where Avg(H) denotes average pooling of the input LIKE pattern’s encoded representation
H, and o represents the sigmoid function. The model trains on query logs annotated with true
cardinality values, optimizing binary cross-entropy loss. In practice, this lightweight classifier (6MB
parameters) introduces negligible overhead (0.1ms/query) while achieving accurate query routing
in our experiments, enabling reliable fallback to full scans for low-selectivity patterns without
compromising low-latency acceleration for targeted queries.

5 Guarantees and Extensions

Having established the architecture of SMILE, we now turn to its theoretical underpinnings and
practical extensibility. This section first develops a framework for probabilistic approximation
guarantees, formally quantifying the relationship between the sampling effort of our SLM-based
translator and the completeness of the query result. Building upon this theoretical foundation, we
then explore practical extensions of our methodology.
5.1 Probabilistic Guarantees for Approximation

To develop a principled understanding of our language model based approach for LIKE predicate
approximation, we construct a theoretical model. The goal of this model is to quantify the relation-
ship between a query’s complexity, the model’s capacity, and the number of samples, n, required
to retrieve at least K matching strings with confidence 1 - .

Our framework’s central premise is to contrast the language model’s objective with the conven-
tional LIKE execution, which is a discriminative process: given a fixed, finite set of stored strings,
the system identifies which ones satisfy the LIKE pattern. In contrast, our language model tackles
this a generative task: it must infer the syntactic constraints implicit in the pattern and synthesize
valid strings de novo. Hence, the difficulty of this task depends not merely on the empirical data
distribution of any specific database instance, but more on the intrinsic structural complexity of
the pattern itself.

Assumption 1 (Task Complexity as Generative Entropy). We model the complexity of a LIKE
pattern P by the difficulty of the generative task it represents. This difficulty is proportional to the
size of its corresponding language, L(#)—the space of all possible valid strings. To formally quantify
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this intrinsic generative complexity while abstracting away from the contingent data distribution
of any particular database, we employ the principle of maximum entropy. This leads us to assume
a uniform distribution over all syntactically valid strings in L(#), thereby isolating the complexity
inherent in the pattern’s structure.

Definition 1 (Pattern Entropy). Under this generative framework, for a LIKE pattern # over
an alphabet %, we define the pattern entropy, H(¥), as the Shannon entropy of the uniform
distribution over its language L(#), measured in nats:

H(P) =In|L(P)] (1)
This value serves as a proxy for the syntactic learning difficulty posed to the generative model.

THEOREM 5.1 (ENTROPY OF A LIKE PATTERN). Given a LIKE pattern of length x with p underscore

' ") and q percent ("%") wildcards over alphabet 2, no two percent signs adjacent, and a maximum
generated-string length of m, the pattern entropy H(P) is:

"N s+ g1\,
H(P) =pl[3[+In| > ( o1 )|2| )
s=0

The proof is detailed in Appendix I.1. Theorem 5.1 provides a closed-form method to compute
this complexity measure. The total entropy of a workload W is the sum of the entropies of its
constituent patterns: H(W) = X pcw H(P). Next, we model the language model’s capabilities in a
simplified manner.

Assumption 2 (Model Information Capacity). We followed Meta AT’s recent analyses [74], pos-
tulate that a model with |6| parameters has an effective information capacity, M, that is proportional
to its size, in a linear relationship:

M = a9 ®)

where « is an architecture-dependent constant. Within our framework, M represents an abstracted
upper bound on the total task complexity H(W) that the model can reliably internalize.
Assumption 3 (Capacity-Limited Performance). We postulate a relationship between the
model’s capacity and its generative success probability, p. We conceptualize this as a resource
allocation problem. If the model’s capacity M meets or exceeds the task’s complexity H(W), its
performance is primarily limited by other factors (e.g., training quality, decoding stochasticity),
which we bound with a universal constant ¢ € (0, 1]. If the model is under-capacitated (M < H(W)),
we assume its performance degrades proportionally to the ratio of available capacity to task demand.
This leads to the following lower bound on the success probability:

>c-min |1 M c-min |1 il 4)
. —|=c-min|1,

i H(W) H(W)

This assumption provides a tractable, albeit simplified, link between model scale and task complexity,

enabling the derivation of sampling bounds.

THEOREM 5.2 (SAMPLING COMPLEXITY FOR LIKE APPROXIMATION). Under the assumptions of our
theoretical model, for a query workload with entropy H(W), to retrieve at least K correct results with
confidence 1 — 6, the required number of samples n from a model with |0| parameters must satisfy:

% (K +1n(1/8) + /(2K + In(1/3)) 1n(1/5)) if H(W) < ||
n> 5)

H(W) (K +1n(1/8) + V(2K +1n(1/8) In(1/8)) ~ otherwise
c-alf|
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The proof is detailed in Appendix I.2. Theorem 5.2 is the central result of our model, establishing a
quantitative link between a workload’s intrinsic complexity (H(W)), the model’s abstracted capacity
(10|, ), and the sampling budget (n) required for a given performance target (K, ). Crucially, the
generative viewpoint of our model implies that for a consistent query distribution, the syntactic
rules learned from one data sample can generalize to entirely disjoint data partitions. This property
is instrumental for handling evolving databases and enables rapid model deployment, a claim we
validate empirically in Section 6.3 and 6.4.

5.2 Discussions

We discuss SMILE’s extensibility to long text columns and its broader applications.

Scalability to Long Text Columns. Deep sequence models for LIKE optimization struggle
with long text columns [7, 59, 88],! a limitation also present in our baseline full-string generation
approach. The core challenges are twofold: (1) long text implies longer m in Theorem 5.1, thus
greater entropy, impedes learning the data distribution for exact matches, and (2) the linear cost
of autoregressive inference becomes prohibitive. To address this, we propose a hybrid strategy
that reframes SMILE as a prefix-guided query rewriter. Instead of generating a full string, the SLM
produces a fixed-length, high-selectivity prefix. This prefix is then used to probe a standard index
(e.g., a B*-tree), converting a LIKE "%keyword%" query into an efficient LIKE "prefix%" lookup.
This design solves both issues: it lowers the target entropy (H(xXprefix) < H(xfu)), improving
sampling success per Theorem 5.2, and decouples inference cost from string length to ensure
scalability. We believe this is the first practical deep learning approach for LIKE acceleration that
scales to the maximum wildcard lengths (e.g., 8KB) supported by modern database systems.?

Generalization to Other Tasks. SMILE’s core methodology is broadly applicable to other tasks.
For instance, SMILE can accelerate approximate regular expression (regex) matching. By modeling
regex as a sequence-to-sequence task, it can significantly improve performance in interactive
data exploration and cleaning workflows. The approach also extends to optimizing fuzzy string
joins (e.g., "Orders.CustomerName" with "Customers.Name"). A trained SLM can act as a candidate
generator, mapping an input like "J. Smith" to high-probability matches such as "John Smith". This
transforms an expensive fuzzy join into a series of efficient, model-guided lookups. While primarily
designed for single-column approximate queries, SMILE can be readily extended to optimize com-
plex analytical queries, serving as a specialized form of Approximate Query Processing [15, 76]. We
employ SMILE as a query rewriter for queries with non-sargable "LIKE" predicates: it generates a
candidate set of matching strings and transforms the predicate into an equivalent "WHERE column
IN (...)" clause. This simple yet powerful rewrite makes the predicate index-friendly, enabling the
database optimizer to leverage efficient hash-based lookups instead of costly scans. If the cardinality
estimator in the database predicts high selectivity for this predicate, SMILE can be enabled to
perform the above rewriting. We validated this strategy end-to-end on relevant queries from TPC-H
and IMDB-JOB benchmarks in Sec 6.2 and Appendix H.

6 EXPERIMENTS

In this section, we provide an experimental analysis of SMILE in accelerating approximated LIKE
pattern. We use our experiment results to answer the following questions:

(Q1) Effectiveness: Can the proposed language-model-based LIKE predicate decoding strategy
significantly reduce the execution time and cost of LIKE predicates compared to traditional methods
and state-of-the-art large language models across multiple datasets? Can it generate sufficiently

Recent deep LIKE CardEst works use strings of 50-100 length in average, none exceeding 500. [7, 59]
2For example, 255 bytes in SAP [85], 4KB in DB2 [47], and 8KB in SQL Server [71].
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high-quality candidate sets to recall potential query results? Can it play a useful optimization role
in practical complex workloads? (Section 6.2)

(Q2) Scalability: Is the method’s scalability in training and inference time sufficiently effective? Is
the method’s space occupancy sufficiently low? How does SMILE’s performance and accuracy scale
with increasing workload entropy and string length, particularly on billion-record and long-text
datasets?(Section 6.3)

(Q3) Robustness: If data distribution drifts occur, can the method be updated in time to adapt to
data changes? If the query template distribution changes, can the method still effectively support
unknown query template estimation without retraining? (Section 6.4)

6.1 Experimental Setup

—
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(a) Baseline Configuration TuningﬁPartition=32).
(b) Hardware Hourly Rental Costs.

Hardware Configuration Hourly Rental Cost ($)

1 x AMD EPYC 9654 CPU (96 Cores) [21] $1.50

1 x AMD EPYC 9654 CPU (16 Cores) [21] $0.25

1 x NVIDIA H20 GPU + 1 x AMD EPYC 9654 CPU (16 Cores) [6] $0.98

Fig. 5. Configuration analysis and hardware cost.

Datasets: We evaluate LIKE predicate performance on six diverse datasets, with detailed statistics
summarized in Table 1. Four are standard benchmarks in string query research [7, 59, 107]: (1)
TPC-H [97], comprising 24 million rows from the comment column of the 1ineitem table (SF=4);
(2) IMDB [48], with 15 million entries from the primaryName column of the Name table of the real-
world IMDB dataset; (3) Reddit [73], containing 2 million real-world reddit usernames; and (4)
WIKI [101], consisting of 4 million real-world Wikipedia article titles. To further assess scalability
and robustness, we use two large-scale, real-world datasets: (5) RedPajama [95], a set of 1 billion
unique string windows (max length 40) extracted from a 1TB corpus; and (6) News Room [44],
used for long-text evaluation with 1.2 million articles averaging 3962 characters in length.

Table 1. Statistics for the datasets used in our evaluation.

Reddit | WIKI IMDB TPC-H Redpajama | NewsRoom
Total 2,000,000 | 4,000,000 | 14,757,614 | 23,996,604 | 1,000,000,000 | 1,212,741
Unique 1,999,847 | 4,000,000 | 11,278,588 | 15,189,929 | 1,000,000,000 | 1,200,762
Min Length | 1 1 1 8 1 27
Max Length | 20 257 105 43 40 18386
Avg Length | 11.00 19.91 13.51 26.23 36.61 3962.47

Workload Design. To evaluate the robustness of our method, we designed four LIKE workloads

(W1-W4) that span from realistic to challenging scenarios. Realism-Driven Workloads (W1
& W2). We derived W1 and W2 from an analysis in Appendix A based on our collected 84,047
production LIKE queries(available at [4]). The analysis revealed that challenging infix searches (e.g.,
%Keyword%, %Key1%Key2%) are prevalent. We found that in such queries, the substrings masked by
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wildcards often correspond to linguistic units like morphemes or syllables, rather than arbitrary
characters. Accordingly, we generate realistic patterns by splitting string into list of linguistic
units using [2, 3] and replacing 0-2 consecutive linguistic units with a single "%" wildcard. This
method covers over 50% of the production cases (Appendix A.3). We therefore define two specific
workloads: W1 (Syllable-based): Simulates phonetic recall by masking syllables, the basic units
of pronunciation [83]. For example, "SIGMOD CONFERENCE" can yield the pattern %MOD CON%ENY%.
W2 (Morpheme-based): Models semantic-driven searches by masking morphemes, the smallest
meaningful units in a language [32, 40]. This simulates users searching for concepts embedded
within larger words. The detailed construction algorithm of these workload is described in Ap-
pendix E. Benchmark Workloads (W3 & W4). To benchmark against established standards and
test performance boundaries, we include two additional workloads: W3 (CLIQUE Workload):
Adopts the standard suite of LIKE patterns from CLIQUE [59] (e.g., %Key, Key%, %Key%Key%) to
evaluate performance on common predicate forms. W4 (LPLM Workload): Uses the generator
from LPLM [7] to create challenging patterns with high wildcard density and low semantic content
(e.g., SO%S1%S2%. . . Sn%).

Finally, our analysis in Appendix A.4 and A.6 shows that single-character "_" wildcards are
statistically independent of "%" wildcards, and usually appear 0-5 times per query, with occurrences
of 6-7 times being less than 0.1%. Based on this finding, we augment all generated patterns across
W1-W4 by randomly replacing 0-5 characters in each key with a "_", enhancing the realism of the
final query predicates.

Baseline competitors: We select the following baseline competitors as they have proven
their effectiveness in realistic database LIKE pattern matching deployments of PostgreSQL, or
achieved state-of-the-art open-sourced text pattern understanding performance in relevant NLP
tasks [24, 93, 94]. The baselines include:

1. Prefix B+-tree: Accelerates prefix LIKE patterns through prefix-optimized B+-tree structure.

2. Suffix B+-tree: Accelerates suffix LIKE patterns using reverse-ordered B+-tree structure.

3. Prefix+Suffix B+-tree: Accelerates suffix LIKE patterns using combined prefix and suffix B+-trees.
4. Sequential scan: Baseline full-table scanning approach.

5. GIST index [29]: Accelerates LIKE via Generalized Search Tree.

6. GIN index [77]: Accelerates LIKE through Generalized Inverted Index.

7. GIN index (Approximate) [29]: Approximate LIKE matching using inverted index, following a
similarity filtering technique in [16, 43].

8. Qwen2.5-7B [94]: 7B-parameter LLM developed by Qwen-Team.

9. Qwen2.5-32B [94]: 32B-parameter LLM developed by Qwen-Team.

10. DeepSeek-V2.5 [24]: 236B-parameter LLM developed by Deepseek.

11. DeepSeek-V3 [93]: State-of-the-art open-sourced 671B LLM.

Experimental settings: The language model of SMILE is configured with a hidden layer size of
512 and a single attention layer. During training, we set the learning rate to 3 x 10™* and the batch
size to 16384. For the SMILE’s classifier, we maintain the same hidden layer size of 512 but adjust
the batch size to 2048 and the learning rate to 1 X 10™*. We establish a classification threshold of 16
for the query workload cardinality. When training the small language model, we utilize 200 sampled
batches to ensure effective learning and model convergence. During inference, we set the sampling
number being 64. Our SMILE is trained and evaluated on a server with a Nvidia H20 GPU and a
96-core AMD EPYC 9654 CPU. The PostgreSQL version is 16.3. To ensure a fair comparison, we first
tune the optimal configuration for baselines via W3 of the TPC-H dataset on the 96-core CPU. As
shown in Figure 5(a), their performance saturates at 16 parallel workers due to Amdahl’s Law [5].

non

Beyond this point, more cores offer no advantage. Consequently, we configured all CPU baselines
with 16 workers and 32 partitions for the main experiments. Our 96-core server’s resources can be
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Fig. 6. Evaluation on retrieval efficiency (Y-axis in log scale).

partitioned, simulating a multi-tenant environment. Therefore, to provide a practical and equitable
comparison of economic efficiency, our cost analysis for all methods is normalized to the price
of a 16-core CPU setting, which represents the most cost-effective hardware configuration. This
methodology ensures a fair comparison of economic efficiency (see Figure 5(b) and Appendix G).

Evaluation metrics: We assess method effectiveness along three principal dimensions. End-to-
end retrieval latency: Total query processing time. Recall: Result quality, defined as Recall =
%, where Ry denotes the ground-truth result set and R, the retrieved set. Uniformed-Cost: To
enable hardware-agnostic comparison, we adopt the rental-cost normalization from [87]. Results
are reported as estimated cost per one million queries ($/1M queries), using the hourly hardware
rental rates in Fig. 5(b); our full cost model is detailed in Appendix G.

6.2 Effectiveness Evaluation

In this section, we evaluate the effectiveness of multiple LIKE retrieval methods across four datasets
under four different workload patterns. We assess the effectiveness and quality of these methods
from two perspectives: efficiency and quality.

Efficiency Evaluation: We conducted a comprehensive efficiency evaluation on four diverse
datasets (IMDB, TPC-H, WIKI, and Reddit), assessing performance through two key metrics:
raw retrieval latency and a normalized query processing cost. As illustrated in Figure 6(a), SMILE
consistently demonstrates superior retrieval latency. It achieves a 1.88—41.56 X speedup over trigram-
based GIN indexes and surpasses both prefix/suffix B+-trees and full-table scans by two and three
orders of magnitude, respectively. This performance stems from SMILE’s design, which synergizes
O(¢)-time decoding with a lightweight, hash-based candidate validation mechanism. This approach
effectively circumvents the inherent bottlenecks of traditional methods, such as the O(log N)
complexity of tree-based indexes or the performance degradation of GIN when wildcards disrupt
trigram extraction. To ensure a fair comparison, particularly given SMILE’s use of GPU hardware,
we also introduce a normalized cost metric (USD per million queries) that accounts for hardware
and energy expenditure. This provides an equitable assessment against CPU-based baselines, with
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Fig. 7. Evaluation on retrieval quality and end-to-end (E2E) performance.

results shown in Figure 6(b). On large-scale, complex datasets like IMDB and TPC-H, SMILE’s
efficiency translates into a substantial cost advantage, proving to be one to two orders of magnitude
more cost-effective than all baselines. For instance, its cost on IMDB is significantly lower than that
of the GIN index. However, on smaller datasets like Reddit, where the overhead of our model is less
amortized, the cost advantage narrows. Under such smaller dataset, the highly-optimized GIN index
is 2X more cost effective than SMILE. In summary, while GIN remains a viable option for smaller
workloads, SMILE’s architecture delivers both superior speed and unparalleled cost-efficiency for
the large-scale, complex pattern matching tasks that are the primary target of modern data systems.
Quality evaluation: Figure 7(a) evaluates LIKE search quality across four datasets and query
patterns. While conventional deterministic indexes ensure perfect recall at a high computational
cost, approximate methods like GIN(Apx) falter on most datasets. LLM-based approaches show
performance scaling with model size; large models like DeepSeek-V3 (671B) achieve certain recall
up to 0.8 on simple patterns (W1, W2), but their performance collapses (<0.1) on complex ones
(W3, W4), revealing an inability to grasp data semantics in a database specific domain. In stark
contrast, our compact SMILE model consistently delivers high recall (>0.9) across all workloads.
This demonstrates the efficacy of a specialized, data-aware model for LIKE predicate evaluation,
positioning SMILE as a robust solution where both accuracy and efficiency are critical.

End-to-End Performance on Realistic Workloads. Figure 7(b) presents a comprehensive end-
to-end (E2E) evaluation of SMILE on complex queries from the TPC-H (T) and IMDB-JOB (J)
benchmarks, selected for their challenging LIKE predicates. As shown in Figure 7(b)(i), SMILE
consistently outperforms all baselines, achieving speedups of 1.18% to 9.51% over the next-best
method. This demonstrates its practical utility in accelerating full query plans that include complex
operations like joins and aggregations. Figure 7(b)(ii) confirms that this performance gain is
achieved while maintaining a consistently high recall of over 95%. This evaluation also highlights
the structural fragility of trigram-based approximate indexes. Notably, GIN(Apx) exhibits highly
inconsistent recall—near-perfect on TPC-H queries but collapsing to near-zero on several IMDB-JOB
templates. This discrepancy stems from the query structure: TPC-H queries often terminate with
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a GROUP BY operation, which can mask row-level filtering errors in the final aggregated output.
Conversely, the IMDB-JOB queries are direct selections where any filtering inaccuracy immediately
impacts the final result set. SMILE’s stable, high recall across both benchmarks underscores its
robustness. While the substantial speedup from accelerating the LIKE predicate is naturally diluted
by other system costs (e.g., I/O, joins) in E2E queries, the fundamental operator acceleration provides
significant practical value. A more granular analysis is available in Appendix H.

Takeaway: SMILE delivers both high efficiency and high recall for LIKE retrieval across diverse work-
loads. Efficiency-wise, it outperforms trigram indexes, B*-trees, and full scans, thanks to O(¢) decoding
and lightweight hash-based validation—avoiding the bottlenecks of tree traversal, index degeneration,
and LLM overhead. Quality-wise, SMILE achieves over 0.9 recall on all patterns, far surpassing LLMs
while matching deterministic indexes. Its compact design enables sub-20 ms inference without sacrificing
accuracy, making it practical for accelerating complex queries.

6.3 Scalability Evaluation

In this section, we empirically investigate the scalability of our approach through experiments,
analyzing storage overhead, training cost, and inference cost.

Space scalability: Figure 8a evaluates the storage overhead of SMILE against state-of-the-art
LLMs and traditional L IKE-optimized indexes. SMILE requires only ~16MB of parameter storage,
which is 3-5 orders of magnitude less than large LLMs (e.g., DeepSeek-V3, Qwen-32B). Compared
to GIN, GIST, and B+-trees, SMILE reduces space consumption by 23X, 82X, and 28X in average.
This efficiency arises from two factors: (1) our model’s use of attention mechanisms to compactly
encode workload distribution, and (2) its specialized design for database predicates, avoiding the
domain-agnostic parameter bloat of general-purpose LLMs. These results confirm that SMILE
achieves exceptional space efficiency without compromising task-specific effectiveness.
Training scalability: Fig. 8b evaluates SMILE’s training-phase scalability against traditional in-
dexes. On larger datasets (IMDB, TPC-H), SMILE’s construction time is comparable to GIN and five
times faster than GIST, though B+-tree remains fastest due to its batched, sorted-data indexing. GIN
and GIST incur overhead from tokenizing column data into triplets and building inverted/general
search trees over expanded token sets. SMILE exploits GPU parallelism via its attention mechanism,
enabling concurrent gradient computation and updates for 10* tuple pairs per batch. Its compact
parameter count further reduces convergence time. Consequently, SMILE achieves superior training
scalability through hardware parallelism and attention efficiency.

Inference scalability: Fig. 9a shows end-to-end latency under varying sample budgets. Latency
scales linearly with sample count: below 1ms for 8 samples, and close to 100ms for 512. At maximum
sampling (512), this 0.1s latency is competitive with existing baselines under equivalent workloads,
demonstrating superior throughput for high-volume inference.

Scalability with Cardinality. Figure 9b evaluates SMILE'’s decoding scalability with respect to
query cardinality on the TPC-H lineitem table. A fixed sample budget often suffices to achieve high
recall (> 90%), confirming SMILE’s efficiency. Moreover, the sample size needed to maintain high
recall scales approximately linearly with result cardinality. This aligns with Theorem 5.2: higher-
cardinality queries typically exhibit greater entropy and complexity, and the theorem predicts that
the required sample size must scale accordingly—empirically observed here as a linear dependence
on result size, thereby validating our theoretical bound.

Mitigating High-Entropy Challenges. High-entropy queries are inherently difficult, but our
theory (Eq. 4) suggests a remedy: increasing model capacity, |6|. To validate this, we study the
interplay among model size, query entropy, and recall. Figure 9c shows a representative result
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Fig. 8. Scalability on space and building time(Y-axis in log scale).

(Appendix C provide details). Entropy is calcualted using Eq. 2. Two insights emerge: (1) for a fixed
model size, recall degrades as entropy increases, confirming entropy as a performance boundary, as
predicted; and (2) this boundary is malleable—increasing model capacity significantly boosts recall,
especially in high-entropy regimes. This reveals a practical scaling law: the performance penalty
from high entropy can be effectively offset by larger models, offering a principled trade-off between
capacity and robustness on complex workloads. See Appendix C for a comprehensive analysis.
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Fig. 10. Scalability with respect to string length.
Scalability with String Length. Figure 10 evaluates the scalability of our approach with respect
to the length of the LIKE predicate. Figure 10a shows the performance of our standard 16MB SMILE
model on the IMDB dataset for short predicates (up to 45 characters). As expected, latency scales
linearly with predicate length, while recall remains consistently high. Figure 10b) demonstrates
our system’s ability to handle extremely long predicates, a significant challenge for traditional
DBMS [71, 85]. This experiment, conducted on W4 of the News Room dataset, utilizes an extension
of our prefix generation technique (Section 5.2) with a fine-tuned 124M GPT-2 model. As detailed in
Appendix B.2, we find that a remarkably small number of generated prefix samples is sufficient for
high accuracy. With just 8 samples, we achieve recall above 0.95 for predicates up to 8192 characters.
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This result is achieved with modest overhead: latency remains under 100ms, showcasing a highly
favorable trade-off between accuracy and performance. A comprehensive analysis of the interplay
between sample count, latency, and recall is provided in Appendix B.2.
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Fig. 11. Scalability on the billion-scale RedPajama dataset.

Scalability Across Billion-Scale Data. To evaluate the scalability and cost-effectiveness of our
approach, we conducted experiments on the billion-record RedPajama dataset. First, we trained a
16MB SMILE model on 1% of the data and tested its generalization on an unseen, disjoint subset.
As shown in Figure 11a, the model effectively learned the data distribution for simpler workloads,
achieving over 0.9 recall for W2 with an inference sample size of 512. However, performance on the
more complex workload W4 was lower, indicating the need for more training data. To determine
the sufficient data scale, we trained models on progressively larger fractions of the dataset, focusing
on the challenging W4 workload. Figure 11b shows that recall improves significantly as the training
data proportion increases from 0.1% to 10%. Critically, we found that training on 10% of the data
is sufficient to achieve excellent performance, yielding 0.9 recall with 512 samples. These results
demonstrate that our method is both scalable and data-efficient. This finding corroborates that
high performance does not require the full dataset or oversized models. Since query workload
distributions are similar, the model can learn a generalizable mapping from a representative subset,
making performance largely independent of absolute data scale once sufficiency is reached.

Takeaway: Our evaluation confirms SMILE is a practical and resource-efficient solution for LIKE
queries, demonstrating superior scalability: 1. On Space: 3-5 orders of magnitude smaller than LLMs. 2.
On Time: Achieves competitive build times and comparable inference latency to traditional methods,
while scaling gracefully to long predicates. 3. On Data Efficiency: Generalizes on billion-scale data by
training on only a small fraction (e.g., 10%), validating its efficiency.

6.4 Robustness Evaluation

The effectiveness of SMILE primarily derives from two key factors: the learned joint character
distribution across database columns and the query patterns extracted from historical workloads.
To systematically evaluate the robustness of SMILE under deviations from normal conditions, we
conduct controlled experiments simulating both query drift and data drift scenarios using the
realworld IMDB dataset (15M tuples with maximum string length attributes). This dataset presents
significant robustness challenges due to its complex string patterns and scale.

Robustness to Data Drifts. We evaluate SMILE’s robustness to data drifts by simulating periodic
data ingestion. The IMDB-name table is partitioned into five segments, and we test three variants:
Stale (no updates), FastUpd (fine-tuned on 10 batches from each new partition), and LongUpd
(fine-tuned on 100 batches).

As shown in Fig. 12, the results highlight an effective trade-off between performance and update
cost. Remarkably, the Stale model maintains 84% recall on the final partition, demonstrating strong
generalization from its initial training. The FastUpd strategy offers an efficient compromise, restoring
recall close to 95% with a lightweight fine-tuning process that totals only 75 seconds. For maximum
precision, LongUpd achieves near-perfect recall at a higher computational cost. This experiment
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Fig. 12. Performance of SMILE under data drifts, showing the trade-off between update cost and recall.

confirms three key properties of SMILE: (P1) Inherent Robustness: It naturally generalizes to
data with similar distributions, even without updates. (P2) Efficient Adaptation: Lightweight
fine-tuning provides a cost-effective method to maintain high accuracy on evolving data. (P3)
Flexible Precision: The architecture allows for more intensive retraining to achieve maximum
precision when resources permit. These validate SMILE’s suitability for dynamic environments.
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Fig. 13. Robustness on wildcard patterns against inverted index.

Latenc

Robustness on patterns. To evaluate robustness, we compare our method against inverted
index across three workloads shown in Figure 13. The workloads are designed around keyword
selectivity, where a keyword is defined as high-selectivity if its data frequency is below 0.5%
and low-selectivity if above 2%. Type-A queries ("%low%low%") conjoin two common keywords.
Type-B ("%high%low%") contains at least one rare keyword. Type-C ("%word%") contains single
keyword with equal mix of high and low selectivity keywords. To simulate real-world complexity,
we inject a varying number of "_" wildcards (0-7) into each pattern. The results highlight a clear
performance trade-off. For Type-A queries, our generative approach is substantially faster, as it
holistically processes the pattern, bypassing the GIN index’s expensive intersection of large posting
lists. On Type-B and Type-C queries, performance is comparable since GIN can leverage a highly
selective keyword or perform a direct lookup. Critically, Figure 13 shows that GIN’s latency degrades
significantly with more "_" wildcards, as they fragment the trigrams the index relies on. In contrast,
our method’s performance remains stable, demonstrating superior robustness to the complex and
fragmented patterns that challenge traditional n-gram indexes. See Appendix D for a more analysis.
Robustness to Query Drifts. In Fig. 14, we investigate SMILE’s OOD generalization by cross-
evaluating on workloads with varying structural characteristics (W1-W4). Our analysis reveals
two primary findings. First, a model trained on the diverse patterns of the W3 workload acts as
a robust "generalist," adapting effectively to the realistic query structures of W1 and W2. This
indicates that SMILE learns fundamental wildcard logic, not just template-specific features. However,
generalization proves challenging when faced with the highly arbitrary and hard patterns of the
W4 workload, which represents a significant structural shift and defines the model’s performance
boundaries. Second, and more importantly, this generalization gap can be substantially mitigated
by increasing the inference-time sampling budget. As shown by comparing Fig. 14a and Fig. 14b, a
larger sampling scale boosts recall by 10-20% on OOD templates. This highlights a key practical
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advantage of our approach: the ability to trade computational resources for enhanced robustness
against unforeseen query drifts, effectively adapting to new patterns without retraining [25, 90, 93].
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Fig. 14. Query drift evaluation.
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Fig. 15. Decoding/Classification robustness.

Robustness of Different Decoding Methods. Fig. 15a evaluates the robustness of four decoding
strategies for SMILE trained on templates from W1-W4 and tested on a disjoint set from the same
wildcard workload distribution. Greedy decoding demonstrates poor generalization, frequently
generating repetitive outputs and failing. Maximum likelihood and low-temperature (T = 0.5)
decoding provide only slight improvements and remain ineffective on the more demanding W3
and W4 workloads. Conversely, high-temperature (T = 1.4) decoding achieves an optimal trade-off
between quality and diversity, maintaining high recall across all workload patterns.

Robustness of the cardinality classifier: Fig. 15b assesses the classifier’s ability to identify
high-cardinality queries (threshold: 16) under varying wildcard patterns. Four classifier variants,
each tuned to a specific workload pattern, achieve F1-scores >90% across all configurations. This per-
formance arises from the SLM encoder’s semantic representation, which maps query patterns into a
latent space where high-cardinality queries become linearly separable. The resulting features enable
the neural classifier to reliably identify and route such queries, enhancing processing efficiency.

Takeaway: SMILE exhibits strong robustness to both data and query drift. It generalizes effectively to
evolving data, enabling a flexible trade-off between accuracy and fine-tuning cost. Unlike traditional
inverted indexes, its performance remains stable across complex wildcard patterns. Meanwhile, SMILE
mitigates query drift by trading inference-time computation for generalization: increasing the sampling
budget significantly improves zero-shot recall on unseen query templates, offering a practical alternative

to expensive retraining.

7 Related Work

Learned cardinality estimation on LIKE predicates: Cardinality estimation refers to the problem
of predicting the result size of a query without executing it [45], leveraging either data distribu-
tions [67, 108, 109] or query patterns [54, 66]. Recently, learned approaches have become prominent
in this domain, offering superior accuracy compared to traditional histogram or sampling-based
methods [109]. In terms of string LIKE predicates, many works target estimating the cardinality of
such predicates using learned models [7, 50, 59, 60]. However, there exists a fundamental difference
between the cardinality estimation problem studied in prior work and our focus on accelerating
LIKE predicates. While cardinality estimation aims to predict the number of matching tuples, LIKE
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predicate acceleration focuses on optimizing the end-to-end execution efficiency of queries involv-
ing LIKE operations. Prior methods addressing LIKE cardinality estimation do not address the core
challenge of reducing the computational overhead inherent in pattern-matching operations, which
is the central objective of our proposed solution.

Learned query acceleration: Recent research efforts increasingly replace traditional data struc-
tures with machine learning components [28, 41, 56, 57, 84, 98, 102]. Learned indexes revolu-
tionize query processing by substituting logarithmic-time tree traversals with constant-time ML
model inference [41, 56, 102]. For relational data, the Recursive Model Index (RMI) [56] employs
multi-layer perceptrons to predict record locations, while the Fitting-Tree [41] achieves error-
bounded performance through piecewise linear regression. Current learned string indexing ap-
proaches [91, 100, 107] optimize for variable-length storage and full/prefix matches, but they fail to
support arbitrary LIKE wildcard patterns (e.g., %keyword%). This limitation arises from the complex
challenge of modeling substring distributions under variable wildcard configurations. Our solution
bridges this gap by adapting neural sequence-to-sequence models from NLP [8, 51, 92, 99]. Rather
than relying on recursive tree structures, our approach resembles neural machine translation,
transforming complex LIKE wildcard templates into candidates that are easy to verify. This also
fundamentally differs from generative retrieval in NLP [42], which generates hypothetical docu-
ments for high-quality dense retrieval; in contrast, our work performs constrained database-specific
generation to accelerate matching of complex LIKE patterns.

Efficient LIKE Processing & Approximate String Matching: The LIKE predicate is ubiquitous
in databases [7, 52, 59] but hard to optimize, especially for wildcard-surrounded patterns (e.g.,
"%keyword%") [29, 96]. While B*-trees support prefix/suffix matches [23, 38], n-gram-based indexes
(e.g., trigrams) are commonly used for general patterns via inverted [52, 77, 114] or tree struc-
tures [29]. Approximate substring matching, often based on edit distance [10, 16, 43, 62, 64, 106],
addresses vague queries in interactive systems [9, 18, 49, 61]. Unlike prior work focusing on fixed-
threshold, wildcard-free patterns [62], we accelerate LIKE execution by adopting Approximate
Query Processing principles [15, 76], trading completeness for speed. Our method returns a high-
quality subset of guaranteed-correct matches, avoiding costly full scans on string columns when
prefix-index optimization fails, especially given LIKE’s prevalence in benchmarks like TPC-H
(02,9,13,14,20) [97].

8 Conclusion

This paper introduces SMILE, a novel framework that leverages a small language model to accelerate
complex LIKE queries with complex wildcards. Our evaluation shows that SMILE outperforms
traditional indexing structures by up to three orders of magnitude in execution time and remains
robust to shifts in both data and query distributions, highlighting its potential for modern DBMS.
Our work suggests several promising directions for future research. First, the core idea: casting
complex query execution as neural translation—can be extended beyond wildcard matching to
other costly operations, such as regular expression evaluation and similarity joins. Second, while
our current transformer-based SLM is effective against LLMs, more lightweight or database-native
architectures may reduce inference overhead, particularly for high-entropy workloads where exist-
ing decoding struggles. In the future, we aim to develop more effective learned structures, enabling
controllable trade-offs between performance and accuracy across diverse situations.
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