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Abstract

Pandas programs often perform more Python level work than neces-
sary due to row-wise apply calls, small control loops, and repeated
constant computations. These patterns break vectorization and
introduce significant interpreter overhead on large datasets. We
present a lightweight partial evaluation framework for Python that
automatically simplifies Pandas code before execution. The system
uses a compact Pandas-oriented DSL, a two-point binding-time
analysis to separate static and dynamic expressions, and an online
interpreter-based specializer to execute static work early and emit
optimized residual code. The prototype performs constant folding,
loop unrolling, UDF inlining, and apply fusion. Across synthetic
workloads, the specialized programs achieve up to 112X speedups
on apply-heavy pipelines while preserving full Pandas semantics.
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1 Introduction

Pandas library is widely used for data cleaning, feature engineering,
and exploratory analysis in Python [6, 9]. While many operations
are internally vectorized, real-world workloads frequently use row-
wise apply calls, small loops over fixed ranges, or repeated constant
expressions. These patterns force Python-level interpretation and
limit performance, especially on large datasets [11].

Partial evaluation (PE) [3, 5, 7] precomputes expressions that
depend only on static inputs, leaving a residual program with only
dynamic computation. Because many Pandas pipelines contain
static elements, such as literal lists, loop bounds, and column names,
PE can simplify computation significantly before a DataFrame is
even touched.

Modern DataFrame accelerators such as Dask [15], Modin [12],
Vaex [2], Polars [13], and cuDF [14] improve execution or memory
layout, but they assume the program is written in a vectorized style.
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Our goal is complementary, which is to transform un-vectorized
Pandas code into an efficient vectorized form before it runs.

In this paper, we introduce a lightweight PE framework that (1)
parses a Pandas-oriented Domain Specific Language (DSL) into a
normalized Abstract Syntax Tree (AST), (2) performs binding-time
analysis (static vs. dynamic), and (3) interprets the program online
to evaluate static work early and produce optimized residual Pandas
code. This paper focuses on lightweight specialization of common
Pandas patterns and does not aim to cover the full Python language.
We target practical pre-processing workloads where static structure
and small control loops are prevalent.

In the rest of the paper, we motivate this research in Section 2,
explain the approach in Section 3, show our experimental result
in Section 4, and discuss related works in Section 5. The code and
data of this paper are available at https://github.com/uwm-se/PE.

2 Motivation

Pandas scripts commonly mix two kinds of information:

e Static context: constants, literal lists, and small ranges (e.g.
range(3)).

e Dynamic data: DataFrame contents and values known only
at runtime.

This mixture leads to unnecessary interpretation overhead.

e Row-wise overhead: Series.apply calls invoke a Python
callback per row.

¢ Tiny static loops: static loops iterate over small fixed ranges
unnecessarily.

e Repeated constants: expressions like "T" + str(i) or
df["x"] * 3 repeat static work.

For example, the code below includes a small loop and applies a
User-Defined Function (UDF) to a DataFrame column.

def square(x): return x*xx
for i in range(2):
df[f"Z{i}"] = df["POP"] + i
df["sq"] = df["COUNT"].apply(square)
After optimization, the loop is unrolled and the UDF is converted
into a vectorized expression with no user annotations.
df["ze"] = df["POP"] + @

df["Z1"1 = df["POP"] + 1
df["sq"] = df["COUNT"] % df["COUNT"]

3 Approach

Our framework processes input programs in three steps.
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3.1 AST Normalization

We define a small DSL with assignments, expressions, column read-

s/writes, simple functions, Series.apply, and basic control flow

(if, for,while). The DSL parser converts the program into a uni-

form AST that makes the analysis and specialization deterministic.
For example, below are a column update and its AST node.

df["sq"] = df["x"].apply(square)

("col_op", "df", "sq",
("method_call", ("col_access", "df", "x"),
“apply", [("var", "square")1))

3.2 Binding-Time Analysis (Static vs Dynamic)

A two-point lattice {S, D} determines when an expression is known
during specialization: S C D. Static expressions (constants, literal
lists, static loop bounds) become S. Any dependency on DataFrames
or Series becomes D. Static loops and branches may be executed
immediately, while dynamic ones remain in the residual program.

3.3 Online Partial Evaluation

We use an interpreter-driven online PE strategy [5]. During the
traversal of the AST, we perform the following tasks:

Static expressions are evaluated immediately.

Dynamic expressions become residual code.

Static loops are unrolled.

Pure single-expression UDFs used in apply are inlined.
Function calls with static arguments are specialized.

The result is clean and executable Pandas code with the same
semantics but less Python-level overhead.

3.4 Design Principles

Our design follows three principles that make partial evaluation
effective for Pandas:

(1) Deterministic rewriting. Transformations are applied only
when binding-time information guarantees correctness, avoid-
ing unpredictable changes.

(2) Separation of concerns. The DSL frontend normalizes syntax,
while the interpreter performs specialization. This keeps
each component small and modular.

(3) Readable output. The residual code remains standard Pandas,
enabling users to inspect, debug, or further optimize using
existing tools.

Properties. The analysis is flow sensitive at the statement level,
while path insensitive overall. Recursion is disallowed in the DSL,
ensuring predictable specialization. Loop unrolling is explicitly
bounded, and all dynamic control flow is residualized, guaranteeing
termination of the specializer.

3.5 Pandas-Specific Optimizations
Constant Folding. Static arithmetic, range expressions, string

concatenation, such as the one below, are computed early.

tag = "T" + str(7) -> tag = "T7"
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Loop Unrolling. Loops with static bounds (e.g. range(3)) are
expanded to straight line assignments.

UDF Inlining for Series.apply. Single expression UDFs like
lambda v: vxv become vectorized Pandas expressions.

Apply Fusion. Consecutive apply operations are fused:

df["x"] = df["x"].apply(f1).apply(f2)
=> df["x"] = df["x"].apply(lambda v: f2(f1(v)))

Function specialization. When a function is called with one or
more static arguments, the specializer creates a specialized version
in which these static values are substituted directly into the function
body. This avoids repeated interpretation of constant parameters
and exposes further optimization opportunities, such as constant
folding and dead code elimination.

To prevent unbounded creation of specialized versions (a clas-
sical problem in online partial evaluation), we maintain a memo-
ization table keyed by the tuple of static argument values. If an
identical specialized instance was previously generated, the spe-
cializer reuses it rather than creating a new one. This polyvariant
caching strategy ensures both termination and predictable special-
ization behavior, following standard techniques described by Jones
et al. [7] and Cook and Lammel’s online PE model [5].

For example, function call scale_and_tag(df1,2,7), as shown
below, yields a specialized function def scale_and_tag__S1(df)
where 2 and 7 are embedded as constants. Further calls with the
same static arguments reuse the cached specialized definition.

def scale_and_tag(df, scale, tag):
df["VAL"] = df["VAL"] * scale
df["TAG"] = "T" + str(tag)

scale_and_tag(df1, 2, 7)

def scale_and_tag__S1(df):
df ["VAL"] = df["VAL"] * 2
df["TAG"] = "T7"

scale_and_tag__S1(df1)

4 Evaluation

We evaluate six micro-benchmarks and one macro-benchmark
on Python 3.11.14 and Pandas 2.3.3 on a Linux server (x86_64,
kernel 6.14.0-1014-azure) running on AMD EPYC 9004 CPU. The
micro-benchmarks test constant folding, loop unrolling, UDF lift-
ing, apply fusion, function specialization, and column assignment.
The macro-benchmark is a groupby and aggregation pipeline over
semi-synthetic event data. Table 1 reports, for each benchmark
and input size, the original running time Tz (in seconds) and the
speedup Torig/ Tresia Obtained by partial evaluation.

The six micro-benchmarks correspond to the transformations
implemented by our system. These patterns reflect the most com-
mon sources of Python-level overhead in real Pandas workloads.
The Pandas performance guide explicitly identifies row-wise apply
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Table 1: Original running time T,z (seconds) and speedup
(SU = Torig/Tresia) for six microbenchmarks and one groupby
macrobenchmark.

10° rows 5 X 10° rows 10° rows

Torig SU | Touig SU Torig SU

Constant folding | 0.0015 1.04 | 0.0048 1.03 | 0.0039 1.02
Loop unrolling 0.0031  1.05 | 0.0059 1.01 | 0.0041 0.98
UDF lifting 0.31 321 | 1.57 1092 | 2.89 1399
apply fusion 0.61 1.78 | 2.70 1.58 | 5.68 1.78
Function special. | 0.0012 1.10 | 0.0022 1.02 | 0.0037 1.02
Column assign. 0.0012  0.78 | 0.0034 0.80 | 0.0054 0.78
Groupby & agg. | 0.069  4.09 | 0.32 566 | 0.64 5.67

Benchmark

calls, small Python loops, and repeated constant computations as
typical bottlenecks [11]. Empirical studies of real notebooks simi-
larly report heavy use of per-row UDFs and non-vectorized control
flow in everyday data preparation [1, 10], consistent with earlier
observations about Pandas usage patterns [9].

Each of the microbenchmarks isolates a single transformation in
isolation while the groupby macrobenchmark exercises PE on the
Python-level filtering and weighting logic surrounding an already
vectorized groupby operator and serves as a sanity check that
specialization does not regress performance on library-optimized
kernels. At 10° rows, for example, UDF lifting reduces runtime from
2.895t00.00207 s (a 1399x speedup), while the groupby aggregation
drops from 0.64 s to 0.11 s (a 5.67X speedup) after specialization.

5 Related Work

Classical PE foundations come from Jones, Gomard, and Sestoft [7],
Consel and Danvy [3], and Cook and Lammel [5]. Staged interpreta-
tion and lightweight modular staging [8, 16] demonstrate efficient
specialization in dynamic languages.

Dataframe accelerators such as Dask, Modin, Vaex, Polars, and
cuDF [2, 12-15] improve execution but assume well vectorized code.
Our work complements these by rewriting unvectorized Pandas
scripts automatically. In addition to classical PE techniques, hybrid
or selective partial evaluation approaches have been proposed to
balance static analysis with online decisions, notably Shali and
Cook’s hybrid PE framework [17] and the Tempo system for con-
trolled specialization of real programs [4].These systems emphasize
predictable specialization and effect awareness, ideas that influ-
ence our design of bounded loop unrolling, purity checks for UDF
inlining, and memoized function specialization.

Recent work on Pandas optimization also explores transparent
rewriting. Dias [1] dynamically rewrites Pandas pipelines at run-
time, primarily targeting expression fusion and projection pruning.
Our approach is complementary, whereas Dias focuses on execution
time rewrites, our method removes Python level overhead before
execution through static specialization.

6 Conclusion

We presented a lightweight partial evaluator for Pandas that sim-
plifies Python level operations through constant folding, loop un-
rolling, UDF inlining, apply fusion, and function specialization. The
residual program preserves Pandas semantics and remains readable,
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while achieving substantial performance gains on apply-heavy
workloads. Our DSL only covers a small subset of Python. Fea-
tures such as classes, decorators, generators, and closures with side
effects are intentionally excluded to maintain predictable binding-
time analysis. UDF inlining is limited to pure, single expression
functions. Complex Pandas operators, including joins, grouped ag-
gregations, and window operations, require additional effect and
alias analysis. As future work, we plan to extend our DSL to cover
richer Pandas behaviors, incorporate optional user annotations for
advanced transformations, and integrate with engines such as Dask
and Modin to enable backend-aware specialization.
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