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Many bioinformatics algorithms, such as sequence alignment and structure prediction, can be expressed as
recurrence equations over a dynamic programming matrix. Efficient implementations of these algorithms for
large-scale biological data often require changing the order in which matrix cells are calculated and pruning
ineffectual regions of the matrix from consideration altogether, but these techniques typically complicate
implementation. We introduce Filtr, a domain-specific language (DSL) and compiler framework for bioinfor-
matics recurrences. Filtr keeps the core recurrence rules separate from the pruning and scheduling strategies,
where pruning acts as an approximation to limit where in the DP matrix cells are computed, and scheduling
determines the iteration order for how cells are explored. Filtr compiles these high-level descriptions into
optimized C++ code that matches the performance of hand-tuned implementations while enabling rapid
exploration of new heuristics. Filtr is competitive with hand-optimized sequence-alignment libraries, ranging
from 0.95× to 30× faster across biological benchmarks.
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1 Introduction
Living organisms are built from sequences of recurring sub-components. DNA consists of repeating
nucleotides, genes contain recurring sequences, proteins are chains of repeating amino acids, and
larger structures like cells and tissues are composed of recurring molecular building blocks [15,
42, 45]. Hence, modeling bioinformatics problems is often reduced to identifying and comparing
recurring sequences and structural patterns [3, 38, 62, 74, 82]. Examples include comparing two
DNA sequences to see how similar they are [3, 11], predicting how an RNA folds [49, 50, 57, 89],
identifying shared patterns across genes [12, 40, 58, 85], and inferring evolutionary relationships
between species [18, 25, 30, 64].
Recurrences decompose sequence modeling problems into overlapping sub-problems. A recur-

rence equation defines a sequence where each value is calculated in terms of its preceding terms.
A classic example from bioinformatics is the Smith Waterman algorithm [68] that determines
local alignment by identifying similar regions between a reference and a query sequence. Another
example is the Needleman Wunsch algorithm [56] that finds the similarity between sequences of
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comparable length such as complete genes or proteins. Both are ubiquitous in practice and form
the crux of critical computational pipelines [3, 7, 38–40]. Recurrences are typically implemented
with dynamic programming (DP). In both Smith Waterman and Needleman Wunsch, the core
operation is a two-dimensional DP that generates an optimal alignment by computing a matrix
of possible edits, in which individual DP cells track the minimum cost of replacing, deleting, or
inserting characters to morph, or align, the query string into the reference string.

Real-world deployment of bioinformatics sequence algorithms relies on both semantics-preserving
performance optimization and non-semantics-preserving algorithmic approximation to scale to
millions or, in the case of the human genome, billions of base pairs [3, 9, 55, 63, 74]. Moreover, dif-
ferent application pipelines require different accuracy thresholds—for example, finding a mutation
requires the exact differences, while finding the regions onto which subsequences map requires
only approximate matching. Since the design space of dynamic programs in bioinformatics is
large and varied, bioinformaticians have invested substantial effort in creating optimized variants
of alignment algorithms. Variants may be designed to algorithmically prune large parts of the
computation [9, 13, 17, 20, 29, 31, 32, 47, 48, 76, 87, 88], to make more efficient use of the underlying
hardware [2, 4, 5, 26, 43, 44, 53, 59, 69, 72, 80, 84], or a combination of both. The global alignment
algorithm, for example, admits several variants, such as banded alignment where only the band
around the primary diagonal is computed as this is the most relevant part [9, 76]. Even for this
particular pruned variant, many important optimization decisions remain. For instance, computing
the matrix row by row exposes little parallelism but exhibits good cache locality, whereas com-
puting along antidiagonals (the diagonals running from the bottom-left to the top-right) enables
parallelization and vectorization at the cost of poorer cache behavior [22, 83].
Implementations of bioinformatics sequence algorithms that are widely used in practice are

hand-written and bundled in large libraries of different variants for different situations [14, 27,
31, 39, 40, 61]. These implementations entangle algorithmic implementation, optimizations, and
pruning approaches and must typically be rewritten for new pruning approaches or new platforms.
Researchers have also developed programming systems for recurrence problems. The closest to our
work are Recuma [71] and Bellman’s Gap [65]. Recuma compiles recurrences over dense and sparse
arrays but lacks support for algorithmic approximation through pruning optimizations as well as
the diagonal iteration pattern that enables vectorized implementations. Bellman’s Gap is a logic
programming system whose focus is on reducing exponential search to polynomial algorithms.
Like Recuma, it does not support diagonal iteration or dynamic pruning, although it has limited
support for pruning by placing a static band around the diagonal.

In this paper, we show how to compile a simple but expressive recurrence language to efficient C++
code that implements the machine-level optimizations and approximate pruning optimizations that
are used in modern bioinformatics. The optimizations are specified with two distinct optimization
languages: a semantics-preserving scheduling language that controls both the order of iteration
and the order of result storage, and a semantics-breaking pruning language that controls what
parts of the iteration space to prune, presumably because it does not sufficiently contribute to the
result. By separating the specification of recurrences from the specification of their optimization, a
user can write a recurrence once in a simple syntax and then optimize it for different machines and
data sets. Our technical contributions are:
• A recurrence-based intermediate representation that can express a wide range of bioinformatics
recurrences along with iteration and pruning optimizations.

• An iteration order scheduling language that supports shearing and value-based iteration (search).
• A pruning language that applies semantics-breaking heuristic optimizations.
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• A compiler that applies the iteration order and pruning languages to the Recurrence IR and
produces efficient C++ code.

We implemented our ideas in the Filtr compiler for bioinformatics recurrences, which generates
native C++ code. Compiled recurrences achieve performance speedups of 0.95× to 30× against
recurrence compilers and hand-optimized, often hand-vectorized libraries. We also show that
Filtr can explore combinations of optimizations to find the best configuration for a given dataset.
Filtr’s composable design further enables optimizations unsupported by existing systems: the same
pruning program, written once, can be applied across recurrences to produce novel pruned variants
that would otherwise require separate hand-written implementations.

2 Motivating Example
Sequence alignment is a core algorithm in bioinformatics that captures how genomic sequences
diverge across organisms or across evolutionary time, through three fundamental mutational events:
substitution, insertion, and deletion. Regardless of the optimizations applied in a particular use
case, the core computation is a series of edit distances expressed as the recurrence:

𝐹𝑖, 𝑗 =min


𝐹𝑖−1, 𝑗−1 + [𝑞𝑖 ≠ 𝑟 𝑗 ], match or mismatch (substitution)
𝐹𝑖−1, 𝑗 + 1, deletion
𝐹𝑖, 𝑗−1 + 1, insertion,

where [𝑞𝑖 ≠ 𝑟 𝑗 ] denotes an Iverson bracket whose value is 1 when the query sequence 𝑞 and
reference sequence 𝑟 mismatch (differ) and 0 when they match.

Fig. 1. Edit distance example.

Figure 1 shows the dynamic program-
ming matrix 𝐹 that results from comput-
ing the edit distance. Each cell (𝑖, 𝑗) in
the matrix represents the minimum cost of
transforming the 1. . .𝑖 prefix of the query
string (labeled as q) on the vertical axis into
the 1. . . 𝑗 prefix of the reference string (la-
beled as r) on the horizontal axis. As spec-
ified by the edit distance recurrence, this
cost decomposes into three operations—a
match/mismatch (diagonal move), an inser-
tion (horizontal move), or a deletion (ver-
tical move)—where each corresponds to a
genetic variation: substituting, inserting, or deleting a single base pair (A, C, T, or G) in the sequence.
Thus, each matrix entry or DP cell represents how the recurrence jointly arrives at the prefixes 𝑟1... 𝑗
and 𝑞1...𝑖 from smaller prefixes. The shaded cells and traceback path encode an optimal alignment—a
sequence of three mutations (insertions, deletions, and substitutions) that transform the query
string into the reference string, with the final edit distance equal to the number of mutations. An
insertion corresponds to introducing a gap (denoted “-”) in the query and a deletion corresponds to
introducing a gap in the reference. While this recurrence equation fully specifies the computation,
production aligners rarely evaluate the full 𝑂 (𝑁 2) DP as this is prohibitive for genomics pipelines
that run such a DP over millions of separate sequence pairs [34, 39, 78]. For example, aligning one
million 1,000-base pair sequences requires 1012 DP cell computations.
Therefore, real-world implementations optimize by controlling the order of computation and

by pruning out work that is unlikely to contribute to the result. Figure 2 shows three variants of
the edit distance recurrence. These approaches share the same recurrence equation but have very

Proc. ACM Program. Lang., Vol. 10, No. OOPSLA2, Article 372. Publication date: October 2026.



372:4 Bala Vinaithirthan, Shiv Sundram, Sneha Goenka, and Fredrik Kjolstad

(a) Standard alignment. (b) Banded alignment. (c) X-drop alignment.

Fig. 2. Three edit distance alignment variants that differ in where cells are computed and what order. Blue
cells indicate the active region. (a) Row-major standard alignment. (b) Banded alignment restricts computation
to a static diagonal band. (c) X-drop proceeds in antidiagonal order, marks cells as ∞ if they are unlikely, and
prunes along the diagonal boundary established by∞, producing data-dependent, dynamic pruning.

different implementations due to different optimization strategies. The first variant (Figure 2a) is a
standard vanilla implementation that executes the whole recurrence in row-major order.
The second variant (Figure 2b) is the banded alignment algorithm used in BWA-MEM [40] and

other production aligners [14, 31, 39, 41]. Related biological sequences tend to align near the main
diagonal of the dynamic programming matrix because large, sustained insertions or deletions are
rare [9, 52]. Intuitively, aligning identical sequences would result in a path that lies exactly along
the main diagonal of the matrix because there are no insertions and deletions. In this case, only
diagonal cells would need to be computed. Assuming sequences are similar but not identical, only
cells near the main diagonal must be explored. Banded alignment exploits this observation by
restricting evaluation to a fixed-width diagonal band, as shown by the DP cells colored in Figure 2b.

The third variant (Figure 2c) is the X-drop alignment algorithm used in BLAST [3], minimap2 [39],
and others [31, 61, 72, 84]. When alignments contain long stretches of insertions or deletions, such
as the alignments found in evolutionary analysis between distantly related species, a fixed band
may be too narrow to capture the optimal alignment or too wide to be fast. At the cost of more
complicated control flow and data-dependent behavior, X-drop improves on fixed banding by
making the pruning data dependent. Rather than assuming a fixed diagonal bound, X-drop allows
the alignment to dynamically determine which regions are promising based on the observed scores
and which can be ignored. X-drop processes the alignment one antidiagonal at a time. As the
recurrence advances, the algorithm tracks the best score seen on the previous antidiagonal. Any
diagonal whose score falls more than a threshold 𝑋 below this score is marked inactive (shown as
a red∞ in Figure 2c) and is not extended further along the diagonal (dotted line).

Methods such as above have been developed in bioinformatics to avoid evaluating the complete
matrices, especially as the number of alignments [39] or length of the sequences increase signifi-
cantly [31]. These make the computational time tractable while giving up minimal accuracy. As a
result, most of the implementation effort goes into reducing the number of matrix cells evaluated
and the order of evaluation, not writing the recurrence itself. This creates two problems. First, trying
new pruning heuristics typically means reimplementing the whole algorithm, which discourages
experimentation. Second, performance optimizations must be repeated for each pruning variant.

3 The Recurrence Language
Bioinformaticians reason about algorithms in terms of their recurrence equations. These equations
are the shared language of the field, appearing in papers and lectures as the canonical description
of how an algorithm models biological reality [18, 30, 56, 68].
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Prog ::= Rec+

Rec ::= TA = Expr
TA ::= 𝑡 [Idx(, Idx)∗ ]
Idx ::= 𝑣 + 𝑛 (𝑛 ∈ Z)

Expr ::= TA | const
| Expr Op Expr
| ReduceOp𝑣, Cond∗ Expr
| 𝑓 (Expr(, Expr)∗ )

Op ::= + | − | ∗ | /| max | min
ReduceOp ::= Σ | Π | max | min | argmax | argmin

Cond ::= Expr CmpOp Expr
CmpOp ::= < | ≤ | > | ≥ | = | ≠

Fig. 3. Grammar of recurrence language.

Table 1. Example recurrences for different biology problems.

Topic Example Recurrence

Sequence
Alignment

𝑀𝑖,𝑗 =max(𝑀𝑖−1, 𝑗−1, 𝐼𝑖−1, 𝑗−1, 𝐷𝑖−1, 𝑗−1 ) + in1𝑖,𝑗
𝐼𝑖,𝑗 =max(𝑀𝑖−1, 𝑗 − 𝑐1, 𝐼𝑖−1, 𝑗 − 𝑐2 )
𝐷𝑖,𝑗 =max(𝑀𝑖,𝑗−1 − 𝑐1, 𝐷𝑖,𝑗−1 − 𝑐2 )

Sequence
Chaining 𝐶 𝑗 = in1𝑗 +max𝑖< 𝑗 𝐶𝑖

RNA
Folding

𝐹𝑖,𝑗 =max(𝐹𝑖+1, 𝑗 , 𝐹𝑖,𝑗−1, 𝐹𝑖+1, 𝑗−1 + in1𝑖,𝑗 ,

max𝑖≤𝑘< 𝑗 (𝐹𝑖,𝑘 + 𝐹𝑘+1, 𝑗 ) )

Sequence
Prediction

𝑀𝑖,𝑗 = in1𝑖,𝑗 · max(𝑀𝑖−1, 𝑗−1 · 𝑐1, 𝐼𝑖−1, 𝑗−1 · 𝑐2, 𝐷𝑖−1, 𝑗−1 · 𝑐3 )
𝐼𝑖,𝑗 = in2𝑖 · max(𝑀𝑖−1, 𝑗 · 𝑐4, 𝐼𝑖−1, 𝑗 · 𝑐5, 𝐷𝑖−1, 𝑗 · 𝑐6 )
𝐷𝑖,𝑗 = in3 𝑗 · max(𝑀𝑖,𝑗−1 · 𝑐7, 𝐼𝑖,𝑗−1 · 𝑐8, 𝐷𝑖,𝑗−1 · 𝑐9 )

Filtr’s recurrence language serves as the primary user-facing input to Filtr, capturing the mathe-
matical structure of a bioinformatics model exactly as described in the literature, without imple-
mentation detail about how or where it is evaluated. Filtr’s recurrence language is based on the
Recuma language [71], and follows the grammar described in Figure 3. The language is made up of
one or more recurrence equations, each of which defines the value of a cell in a multidimensional
array as a function of previously computed values, input data, and scalar constants. The function
can be composed of arithmetic operators, aggregation operators such as max, reductions over index
ranges, and side-effect-free user-defined functions.

A set of recurrence equations is valid in Filtr if every dependency points to a cell computed earlier
in the iteration order. For example, computing 𝑆𝑖 = 𝑃𝑖 where 𝑃𝑖 = 𝑆𝑖−1 + 1 is admitted because the
dependency relies on a past iteration step, as index variables like 𝑖 proceed from lower to higher
values. The equation 𝑆𝑖 = 𝑃𝑖 where 𝑃𝑖 = 𝑆𝑖 is rejected due to an immediate cyclic dependency. More
generally, Filtr follows the Recuma model of correctness, in which a recurrence’s dependencies are
statically analyzed within the context of the loop nest that encapsulates the recurrence expression;
each dependency must be a value produced earlier in the same loop iteration, or a value produced
in a previous loop iteration. By extension, Recuma can handle mutually recursive recurrences, as
long as they follow this dependency model. For example, while 𝑆𝑖 = 𝑃𝑖−1 and 𝑃𝑖 = 𝑆𝑖−1 are mutually
recursive, they are permissible because 𝑃𝑖 and 𝑆𝑖 ’s dependencies are from the previous iteration
𝑖 − 1: 𝑃𝑖−1 and 𝑆𝑖−1. Recuma’s dependency analysis is described in detail in Sections 5 and 6 of the
original Recuma paper [71].
Table 1 shows representative recurrences from four major classes of bioinformatics problems.

Though they model different biological processes, they share several structural properties. First,
dependencies follow regular patterns: cells reference neighbors along rows, columns, diagonals,
and antidiagonals. Second, many recurrences are mutually defined: affine gap alignment (shown
as Sequence Alignment example recurrence in Table 1) and sequence prediction each couple
three arrays (𝑀 , 𝐼 , 𝐷) that reference one another at each step [19, 28]. Third, some recurrences
involve reductions over variable-length ranges—RNA folding maximizes over 𝑘 , and sequence
chaining reduces over all predecessors. In all cases, a global optimization problem decomposes into
overlapping subproblems evaluated over a rectangular or triangular index space.

4 System Overview
The Filtr system compiles simple recurrence equations to efficient C++ code. Figure 4 gives an
overview of the compilation process. Recurrence equations expressed in the language of Section 3
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are lowered to a recurrence intermediate representation (Recurrence IR), which is a more sophisti-
cated recurrence language that can express the optimized iteration order and iteration pruning
optimizations needed for state-of-the-art bioinformatics kernels. Two optimization languages
(shown in green) are used to specify rewrites on the Recurrence IR. While the Recurrence Language
(shown in blue) specifies what is computed, the Iteration Ordering Language specifies how to order
the computation, and the Pruning Language specifies where computation should be skipped.

Fig. 4. The recurrence language is lowered to the Recurrence
IR, which is then optimized by user-specified iteration and
pruning rewrites before C++ code generation. We include an
antidiagonal-iterated banded edit distance example.

This separation of concern lets a user
write down a bioinformatics recurrence
using simple intuitive Cartesian coordi-
nates and bounds, and then vary iteration
order optimizations and pruning strate-
gies depending on the characteristics of
the target machine and sequence data.
To illustrate, the base edit distance re-
currence, using Cartesian coordinates, is
𝐹𝑖, 𝑗 = min(𝐹𝑖−1, 𝑗−1 + [𝑞𝑖 ≠ 𝑟 𝑗 ], 𝐹𝑖−1, 𝑗 +
1, 𝐹𝑖, 𝑗−1 + 1) where 0 ≤ 𝑖 ≤ 𝑀 and
0 ≤ 𝑗 ≤ 𝑁 . The user varies iteration order
by providing a list of coordinate indices
(e.g., loopOrd(i, j)). Because the Cartesian indices 𝑖 and 𝑗 map directly to traditional matrix rows
and columns, evaluating this form in index order results in a standard row-by-row sweep of the
matrix. The equivalent antidiagonal form of this recurrence is 𝐹𝑘,𝑚 = min(𝐹𝑘−2,𝑚−1 + [𝑞𝑘−𝑚 ≠

𝑟𝑚], 𝐹𝑘−1,𝑚+1, 𝐹𝑘−1,𝑚−1+1) where 0 ≤ 𝑘 = 𝑖+ 𝑗 ≤ 𝑀 +𝑁 and max(0, 𝑘−𝑀) ≤𝑚 = 𝑗 ≤ min(𝑁,𝑘).
Following index order, the antidiagonal form sweeps one antidiagonal at a time. Antidiagonal
traversal is vectorizable and thus more performant, but more complex for users to express and
understand. In Filtr, the user can provide the simpler version of edit distance in the Recurrence
Language, and transform it into an antidiagonal form in the Recurrence IR (Section 5) with the
command 𝑠ℎ𝑒𝑎𝑟 (𝑘 = 𝑎𝑛𝑡𝑖𝑑𝑖𝑎𝑔(𝑖, 𝑗),𝑚 = 𝑗) from the Iteration Ordering Language (Figure 4).

The Iteration Ordering Language (Section 6) lets the user control how a recurrence is executed by
specifying the order in which its matrix cells are traversed. It is a semantics-preserving language,
which means it guarantees the same final values of the recurrence and the traceback path. As an
optimization, the chosen traversal order also automatically determines the storage layout: cells are
stored so that consecutively visited cells are contiguous in memory. Storage optimizations arise
naturally from traversal strategy and in practice, bioinformatics workloads do not require storage
and iteration to be specified independently as is common in, e.g., tensor algebra [35].
The Pruning Language (Section 7) is a semantics-breaking approximation language that lets

the user remove points in the recurrence’s iteration domain from the computation. Users express
constraints that define a region of the iteration domain, and only result cells within this region
are computed. These constraints may be simple inequalities over the iteration domain coordinates
(static pruning) or they may take the form of recurrences over the iteration domain whose values
evolve during execution (dynamic pruning).
Both the iteration and pruning languages are rewrites on the RIR. Iteration ordering rewrites

run before pruning, because pruning can be written in terms of loop variables that exist only after
an iteration order is chosen. For example, a recurrence may be expressed in terms of Cartesian
coordinates 𝑖 and 𝑗 , but the chosen loop order may involve the new variable 𝑘 = antidiag(𝑖, 𝑗),
which can also be used in the pruning language. Each time a rewrite transforms the RIR, the
compiler re-checks that the recurrence’s dependencies are satisfied in the new coordinate space
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using Recuma’s dependency checking approach. The validity conditions of each Filtr rewrite are
described in Sections 6 and 7.

Filtr has several limitations in scope, optimization, and hardware support. In scope, Filtr compiles
individual recurrences rather than a full pipeline. For example, Filtr targets the core dynamic
programming kernel of a modern alignment pipeline. Filtr does not address the surrounding
pipeline stages, such as the initial seeding stage, which are important but comprise a much smaller
percentage of runtime. Filtr also computes over dense matrices with regular access patterns, and
cannot express recurrences over sparse matrices. In optimization and hardware, Filtr runs on a
single CPU core and leaves vectorization to the C++ compiler. It does not produce code that runs
across multiple cores, GPUs, or FPGAs, and it does not support cache blocking. Finally, Filtr stores
the full value in every cell and does not use the memory-saving tricks of packing cells into one
machine word or storing only the difference between cells. Targeting more architectural backends
and supporting more optimizations is left as future work.

5 Recurrence IR
The Recurrence IR (RIR) is a language expressive enough to fully describe an optimized bioinfor-
matics algorithm, including its recurrence logic, its traversal order, and pruning of the iteration
domain. The Recurrence Language from Section 3 was deliberately designed to describe only
the mathematical model, and to say nothing about how or where the recurrences are evaluated.
This simplicity allows the Recurrence Language to express a large number of algorithms from
the bioinformatics literature in a simple and intuitive way, but prohibits it from representing the
banding, dynamic pruning, and non-standard iteration orders that optimized kernels require.

RIR ::= TA : Region+

Region ::= Stmt+ domain : Cond+

Stmt ::= Rec
| TA = Expr if Cond else Expr

Expr ::= . . . (as in Figure 3)
| ReduceOp ( Expr if Cond+ )

Fig. 5. Grammar of Recurrence IR, extending the
Recurrence Language (Figure 3). Each region car-
ries its own domain conditions, enabling domain
splitting. Domain boundsmay be expressions over
outer index variables and recursive.

The RIR extends the Recurrence Language with
the grammar in Figure 5 that introduces features
to allow for exploration of iteration and pruning
strategies—explicit domains and conditional defini-
tions. The RIR allows domain bounds on iteration
variables to be expressions over outer index vari-
ables and to be defined by their own recurrences.
These allow the iteration space to vary with the
outer loop index and to contract at runtime based on
previously computed values. The RIR also supports
conditionally defined recurrence equations and set-
builder reductions. A recurrence equation may produce different values depending on a condition,
and a reduction may aggregate over indices satisfying a condition. Figure 6 illustrates these addi-
tional features through three progressively more complex formulations of edit distance.

An algorithm in the RIR consists of one or more recurrence equations that jointly compute one
or more tensors. Each recurrence equation is paired with a domain that specifies the values over
which its index variables range. When a recurrence is first lowered from the Recurrence Language,
the compiler infers a simple domain from the index variables; the scheduling and pruning languages
then embellish both the equations and the domain.

5.1 Recurrence Domains
Every recurrence in the RIR is paired with a domain that specifies the bounds over which its
index variables range. Domains in the RIR may be static (e.g., −3 < 𝑖 < 3), or dynamic (e.g.,
col_loi< 𝑗 < col_hii), where col_loi and col_hii are dynamically calculated (via separate recurrences)
on each new row 𝑖 .
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In the simplest case—a rectangular domain—the bounds are constants. The original edit distance
(Figure 6, left) is defined over 0 ≤ 𝑖 ≤ 𝑀, 0 ≤ 𝑗 ≤ 𝑁 . When a recurrence is first lowered from the
Recurrence Language, the compiler infers constant bounds on each index variable, producing a
simple domain. This works well for straightforward Cartesian formulations.
Many optimized algorithms require more complex iteration spaces, beyond the simple bounds

that can be expressed with constants. The RIR thus allows bounds on inner index variables to
be symbolic expressions over outer index variables. For instance, antidiagonal-major traversal,
where cells are grouped by the sum 𝑘 = 𝑖 + 𝑗 , produces a domain in which the number of cells
per antidiagonal first grows (until hitting the middle antidiagonal), and then shrinks. The correct
bounds, shown in Figure 6 (center), are max(0, 𝑘−𝑀) ≤ 𝑚 ≤ min(𝑁,𝑘), where𝑚 is the position
along antidiagonal 𝑘 . These derived bounds are the result of a Cartesian to diagonal coordinate
transform that our compiler handles automatically (Section 6).

Some algorithms require the domain itself to change during execution. X-drop and other dynamic
pruning strategies from literature contract the active region based on the actual scores that have
been so far calculated. To support this, the RIR allows recurrences to determine the domain, not
just the output data. More specifically, data recurrences (the recurrences seen up to this point) like
edit distance are merely evaluated over cells within a given domain. A domain recurrence, on the
other hand, is a recurrence whose computed values define the domain—the bounds over which
data recurrences are evaluated. This makes the iteration space itself programmable—what cells
the algorithm computes next can depend on what it has computed so far. The X-drop formulation
(Figure 6, right) illustrates this: diag_lo𝑘 and diag_hi𝑘 are domain recurrences that narrow the range
of𝑚 at each antidiagonal based on which cells were dynamically pruned on previous antidiagonals.

Fig. 6. Progressive refinement of the edit distance Recurrence IR. (Left) The original Cartesian formulation
indexes by (𝑖, 𝑗) with row-major traversal. (Center) After changing to antidiagonal coordinates (𝑘,𝑚), the
same values are computed along antidiagonals. Dependencies are shown in green. (Right) The full X-drop
formulation adds conditional and domain recurrences; the active region narrows as cells exceeding the score
threshold are set to∞ and the bounds diag_lo, diag_hi contract accordingly.
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The lower bound on𝑚 incorporates diag_lo𝑘−1, and the upper bound incorporates diag_hi𝑘−1, so
the active region shrinks as computation proceeds.

Domain recurrences and data recurrences may be mutually recursive, meaning their calculations
are interdependent. In X-drop, the data recurrence for 𝐹𝑘,𝑚 determines which cells are given tangible
scores or set to ∞; the domain recurrences for diag_lo and diag_hi analyze the spatial distribution
of these∞ values on the current antidiagonal and then update the domain bounds, which define
which cells of 𝐹 will be evaluated on the next antidiagonal. This mutual recursion—in which data
values influence future domain bounds, and domain bounds determine which cells are computed—
is exactly what enables data-dependent pruning at runtime. The Pruning Language (Section 7)
provides the user-facing constructs for specifying such strategies to be applied to the RIR.

5.2 Recurrence Equations
In the simplest case, a recurrence equation in the RIR directly computes an array element from
previously computed values, exactly as in the Recurrence Language. The original edit distance in
Figure 6 (left) is an example. The RIR extends the Recurrence Language with conditional definitions
and set-builder reductions.
A recurrence equation may be conditionally defined: a single array element is given by one

of several expressions, each guarded by a Boolean condition built from comparisons over index
variables, constants, input data, or previously computed values. Simple index-only conditions
(such as 𝑖 = 0) are useful for representing base cases. More powerfully, conditions that depend on
computed values enable pruning within the recurrence itself.

The X-drop formulation in Figure 6 (right) demonstrates this: 𝐹𝑘,𝑚 =∞ if val > min_score𝑘−1+𝑋 ,
else val. If the candidate score exceeds the best score seen on the previous antidiagonal by more
than the X-drop threshold, the cell is pruned by setting it to ∞. In Figure 6, the cells marked ∞ at
antidiagonal 𝑘=7 are the result of this pruning. Otherwise, the cell keeps its computed value.

The RIR also adds a set-builder reduction, which reduces an expression over all indices satisfying
a condition. For example, diag_lo𝑘 = max

(
diag_lo𝑘−1, min( 2𝑚 − 𝑘 if 𝐹𝑘,𝑚 ≠ ∞)

)
. This finds the

smallest diagonal index among non-pruned cells on antidiagonal 𝑘 . The analogous formula for
diag_hi𝑘 uses max in place of min to find the largest active diagonal index. These values tighten—via
the outer max and min with the previous antidiagonal’s bounds—to narrow the active region of
the matrix. Together with the data recurrence tracking the min_score, these set-builder reductions
complete the data-domain loop that allows for dynamic pruning.

6 Iteration Ordering Language
Prog ::= Trans∗

Trans ::= LoopOrd | Shr | Search
LoopOrd ::= loopOrd(Vars)

Shr ::= shear(CoordDef(,CoordDef)∗ )
CoordDef ::= 𝑣 = CoordExpr

Search ::= search(score,CoordDef(,CoordDef)∗ )
CoordExpr ::= antidiag(Vars) | diag(Vars) | 𝑣

Vars ::= 𝑣 (, 𝑣)∗

Fig. 7. Grammar of Iteration Ordering Language.
loopOrd, antidiag, and diag are abbreviations.

A recurrence’s iteration space is the geometric shape
of its domain. Its iteration order is the order in
which points in that space are visited. Filtr provides
three index-space transformations—loop ordering,
shearing, and searching—whose grammar is given
in Figure 7. These transformations rewrite the re-
currence’s iteration order and, as an automatic op-
timization, its storage layout and iteration space.
Choosing a traversal order and a storage layout are
tightly intertwined decisions because the order in which cells are visited informs which values
should be kept in memory and cache. Performance of a recurrence program depends on the order
in which cells are evaluated: different traversal orders can expose parallelism, improve memory
locality, or eliminate impossible states entirely.
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Ordering commands are named rewrites on the RIR and leave the recurrence’s traceback and
final value unchanged, i.e., are correctness preserving. Each transformation takes an RIR as input
and produces a rewritten RIR in a new coordinate system. loopOrd, the simplest case, swaps the
nesting of index variables. Shearing introduces new coordinates as linear combinations of the
originals, reshaping the iteration space so that independent computations become contiguous. This
transformation both changes traversal order and reorders data layout to be antidiagonal major,
as opposed to row major or column major. Search converts the indices of the original matrix so
that position becomes the stored quantity, and score or cost (i.e., edit distance) becomes an index,
intuitively converting a DP matrix traversal into a search that visits only possible states. This
transformation changes traversal and reorders data layout to be score-major, meaning the traversal
follows higher scores.
The loopOrd rewrite is allowed when the resulting loop order visits every dependency of a cell

before the cell itself. Likewise, shearing is allowed when the combined indices, such as the combined
antidiagonal index 𝑖 + 𝑗 , do not break the recurrence’s dependency structure. Search is possible
when the recurrence computes a score using min or max, and the score changes monotonically as
it moves from one cell to another, either remaining the same or changing by a fixed amount.

A rewrite whose preconditions are satisfied and that leaves dependencies satisfied produces a well-
formed RIR. A sequence of rewrites is therefore valid when each step’s precondition holds locally.
In the subsequent sections, we first describe the user-facing specification of each transformation,
the compiler rewrites that implement it, and the conditions under which the compiler admits it.

6.1 Loop Order
A recurrence permits multiple valid evaluation orders. In edit distance, row-major traversal, iterating
over 𝑖 in the outer loop and 𝑗 in the inner loop, visits cells row by row, producing good cache
locality for row-major storage. This and other valid orderings compute the same values; however,
the order in which the DP matrix is filled determines memory access patterns, parallelism, and
compatibility with pruning strategies. A loopOrd is valid if the new order maintains the invariant
that dependent cells get computed before the current cell that requires them.

Language Feature. The simplest transformation reorders loop nesting. A recurrence over indices
(𝑖, 𝑗) admits multiple valid evaluation orders. The user specifies the desired nesting with the loopOrd
construct: loopOrd(i, j) produces row-major traversal; loopOrd(j, i) produces column-major.

RIR Rewrite. Given a requested loop order, the compiler rewrites the domain by solving the
bound constraints for each variable in nesting order: the outermost variable’s bounds are solved as
constants or expressions independent of inner variables, and each subsequent variable’s bounds
are solved in terms of the enclosing variables. For simple domains, this amounts to swapping the
order of the bound expressions. For more complex domains produced by subsequent shearing
transformations (Section 6.2), the compiler re-solves the symbolic inequalities in the new variable
order. After rewriting the domain, the compiler verifies that the loop order respects the recurrence’s
data dependencies. If a user specifies a loop ordering that violates a dependency, the compiler
rejects the program with an error.

6.2 Shearing
In the edit distance recurrence, neither rows nor columns offer straightforward parallelism. Each cell
(𝑖, 𝑗) in the edit distance recurrence depends on (𝑖−1, 𝑗), (𝑖, 𝑗−1), and (𝑖−1, 𝑗−1), neighbors in both
the row and column directions. Iterating along a row, every cell depends on the cell immediately
to its left; iterating down a column, every cell depends on the cell immediately above it. In either
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case, cells within the same loop iteration are linked by dependencies, preventing straightforward
parallel evaluation.

Fig. 8. (a, left) Cells on the same antidiagonal (constant i+j)
are independent but lie in different rows. (b, right) After
shearing, each antidiagonal maps to a contiguous row in
the storage layout. Shearing couples traversal and storage
(antidiagonal becomes sequential in memory).

However, all three dependencies share a
property: they have strictly smaller values
of 𝑖 + 𝑗 . This means that every cell on a
given antidiagonal—the set of cells where
𝑖 + 𝑗 equals some constant 𝑘—depends
only on cells from earlier antidiagonals.
All cells on the same antidiagonal are mu-
tually independent and can be computed
in parallel (Figure 8).

Antidiagonal traversal solves the paral-
lelism problem but introduces a memory
locality problem. If the DP matrix is stored
in row-major order, consecutive cells on
an antidiagonal lie in different rows and
typically in different cache lines. Each step
along the antidiagonal jumps to a new row,
producing strided memory accesses. Filtr
controls the storage layout of the tempo-
rary dynamic programming matrices and the shearing transformation reorganizes the layout so
that the storage order coincides with the iteration order, as this ensures good spatial locality. That
is, it both reshapes the iteration space so that antidiagonals are traversed in sequence and also
reshapes storage so that each antidiagonal occupies a contiguous block in memory. After shearing,
the cells of each antidiagonal are contiguous in memory, so parallel traversal benefits from good
locality. Figure 8 illustrates this: panel (a) shows the strided access pattern of antidiagonal traversal
over the original matrix, while panel (b) shows the sheared storage layout where each antidiagonal
𝑘 maps to a contiguous row.

loopOrd (Section 6.1) reorders the loop nest and leaves the storage layout unchanged. shear
introduces new coordinates, setting both the storage layout and a default traversal order. When the
two are combined, shear sets the storage layout and loopOrd sets the traversal order, replacing the
default that shear would use.

Language Feature. The user requests a shearing transformation using the shear command, where
the new coordinates are defined as linear combinations of the original coordinates. For antidiagonal
storage in edit distance, the user writes shear(𝑘 = antidiag(𝑖, 𝑗), 𝑚 = 𝑗) where the first coordinate 𝑘
is the antidiagonal index 𝑖 + 𝑗 and the second coordinate𝑚 is the position within that antidiagonal.
Filtr provides built-in names for coordinate functions common in bioinformatics: antidiag(i,j)

groups cells by antidiagonal index, diag(i,j) groups cells by diagonal index. Users may also define
custom linear combinations, though antidiagonals and diagonals cover the common cases in two-
dimensional sequence alignment, sequence prediction, and RNA folding.

RIR Rewrite. The shearing transformation rewrites the RIR from the original coordinate sys-
tem into the sheared coordinates (𝑖, 𝑗) ↦→ (𝑘,𝑚). For edit distance, the RIR before and after the
transformation is:
RIR Before:

𝐹𝑖, 𝑗 =min
(
𝐹𝑖−1, 𝑗−1 + [q𝑖 ≠ r𝑗 ], 𝐹𝑖−1, 𝑗 + 1, 𝐹𝑖, 𝑗−1 + 1

)
0 ≤ 𝑖 ≤ 𝑀, 0 ≤ 𝑗 ≤ 𝑁
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RIR After:
𝐹𝑘,𝑚 =min

(
𝐹𝑘−2,𝑚−1 + [q𝑘−𝑚 ≠ r𝑚], 𝐹𝑘−1,𝑚 + 1, 𝐹𝑘−1,𝑚−1 + 1

)
0 ≤ 𝑘 ≤ 𝑀 + 𝑁, max(0, 𝑘 −𝑀) ≤𝑚 ≤ min(𝑘, 𝑁 )

The values computed are identical, but the recurrence expression has completely changed its
indexing. Every occurrence of 𝑖 has been replaced by 𝑘 −𝑚 and every occurrence of 𝑗 by𝑚. The
dependency geometry has changed. In the original RIR, dependencies point to (𝑖 −1, 𝑗 −1), (𝑖 −1, 𝑗),
and (𝑖, 𝑗 − 1), a mix of row and column neighbors. In the rewritten RIR, all dependencies point to
antidiagonals 𝑘 − 1 or 𝑘 − 2. DP cells within the same antidiagonal 𝑘 are independent. The domain
has also changed shape: the original rectangle has become a parallelogram, with inner bounds on
𝑚 that depend on the outer variable 𝑘 .

Two features of the RIR enable this transformation. First, the RIR represents domains as symbolic
bounds that may depend on outer loop variables, so the non-rectangular iteration space that results
from shearing—where the range of𝑚 changes at each antidiagonal 𝑘—can be expressed. Second,
shearing merely modifies the index variables inside array accesses and leaves the surrounding
mathematical operations untouched. Therefore, the rewrite applies uniformly across recurrences.
At a high level, the rewrite introduces a new index variable 𝑘 = antidiag(𝑖, 𝑗) representing

the antidiagonal, substitutes the original indices with expressions in the new coordinates, and
adjusts the loop bounds to reflect the reshaped iteration space. Because shearing is an invertible
coordinate change, the compiler can compute an inverse mapping from new coordinates to old. For
shear(𝑘 = 𝑎𝑛𝑡𝑖𝑑𝑖𝑎𝑔(𝑖, 𝑗),𝑚 = 𝑗), the inverse is 𝑖 = 𝑘 −𝑚, 𝑗 =𝑚.

The original domain is a rectangle: 0 ≤ 𝑖 ≤ 𝑀, 0 ≤ 𝑗 ≤ 𝑁 . Substituting the inverse mapping
yields constraints on the new variables: 0 ≤ 𝑘 −𝑚 ≤ 𝑀, 0 ≤ 𝑚 ≤ 𝑁 . These constraints define a
parallelogram in (𝑘,𝑚) space, and the compiler must express it as nested loop bounds in loop order.
For loopOrd(𝑘,𝑚), the compiler first solves for the outer variable 𝑘 by eliminating𝑚, then solves
for the inner variable𝑚 given 𝑘 .

Shearing is valid when two conditions hold. First, the coordinate map must be invertible over the
integers. The compiler builds themap from the user’s shear arguments and computes its determinant
symbolically with SymPy [51], admitting the map only when the determinant is ±1 (unimodular),
which affirms the map is invertible. Second, under the chosen loop order, every dependency of the
rewritten recurrencemust point to a cell visited earlier. The compiler substitutes the new coordinates
into the recurrence and re-runs the dependency analysis. For shear (𝑘 = antidiag(𝑖, 𝑗),𝑚 = 𝑗), the
sheared edit distance recurrence depends on 𝐹𝑘−2,𝑚−1, 𝐹𝑘−1,𝑚 , and 𝐹𝑘−1,𝑚−1, which all lie on earlier
antidiagonals 𝑘 − 2 and 𝑘 − 1. Under loopOrd (𝑘,𝑚), these cells are computed before 𝐹𝑘,𝑚 , so the
loop order is legal. If the chosen loop order placed any dependency after the cell that reads it, the
compiler rejects the program (Section 6.1).
Loop reordering and shearing both reorganize how cells are visited and stored, but they still

visit every cell in the matrix. For edit distance between two sequences of lengths (M) and (N), this
means filling all (𝑀 × 𝑁 ) entries, even when the sequences are nearly identical and the answer is a
small number of edits compared to the matrix length. This waste compounds at scale. Production
pipelines pick regions within a genome and run the DP aligner only on those, each up to tens of
thousands of base pairs [27]. Within such a segment, the edit distance is typically small relative
to the segment dimensions: a segment of length (10,000), for example, may contain only a few
dozen edits. The optimal alignment therefore occupies only a small fraction of the DP matrix. Thus,
the vast majority of cells contain large edit distances that play no role in the optimal alignment,
making their computation unnecessary.

As illustrated in Figure 9, there is a more natural way to think about traversal, described in the
literature [48, 54, 76]. Instead of sweeping through positions and computing costs, the iteration
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can sweep through costs and discover positions. The search starts with zero edits and sees how far
it gets. Then it allows one edit and sees where that takes it, then two edits, and so on. Once the
search has reached the end of the matrix, it has found the edit distance (which is very small for
similar sequences like the sequences in Figure 9).

6.3 Value-Based Iteration through Search

Fig. 9. Search iteration for edit distance. Each cell
is colored by the number of edits needed to reach
it.

The transformation applies to recurrences that find
an optimal alignment or path by minimizing or max-
imizing a score, because these are fundamentally
shortest-path problems: each possible alignment cor-
responds to a path through the DP matrix. Search
requires that the score changes monotonically along
every path. Each dependency must leave the score
unchanged or move it in a single direction, allowing
search to sweep scores in order. Therefore, the re-
currence can be reformulated to find the path with
the lowest (or highest) total cost to the endpoint.
For example, as described in Section 9.3, Needleman
Wunsch and affine gap alignment both search for an
optimal alignment by choosing, at each cell of the
DP matrix, the best among matching, mismatching,
inserting, or deleting. This same structure holds for
many biology problems and in particular applies to
recurrences whose aggregator is a min or max, and
in which all costly transitions have strictly positive
weights (for min) or strictly negative weights (for max), ensuring that scores change monotonically
along any path through the matrix.

Language Feature. The search transformation implements this by inverting the roles of in-
dex and value in the recurrence. The standard edit distance recurrence indexes by position—cell
(𝑖, 𝑗) stores the edit distance between the first 𝑖 characters of the query and the first 𝑗 charac-
ters of the reference. The user requests the inversion through the search command: for example,
search(score, 𝑑=diag(𝑖, 𝑗)).
The keyword score tells the compiler to use the value computed by the original recurrence—i.e.

the edit distance—as the new outer index. Instead of sweeping through all positions and discovering
costs, the transformed recurrence sweeps through costs and discovers positions. The remaining
coordinate, diag(𝑖, 𝑗), organizes (e.g., indexes) cells within each score level.
The score argument is fixed—it is always the value of the original recurrence—but the second

argument is a user-specified index variable. The constraint is that transitions of cost zero must
preserve whatever indexing variable is chosen. For edit distance, a character match advances both 𝑖
and 𝑗 by one. The transition from 𝐹𝑖−1, 𝑗−1 to 𝐹𝑖, 𝑗 does not incur a scoring cost during a match (as
per the edit distance recurrence), and the diagonal 𝑑 = 𝑗 − 𝑖 is unchanged. Therefore, diag(𝑖, 𝑗)
satisfies the constraint. The compiler can verify the constraint automatically: it checks that every
zero-cost transition in the original recurrence leaves the chosen index variable unchanged.
The derived recurrence is a non-obvious transformation; the intuition for why this works, and

how the compiler derives the new recurrence, are described over the course of this section. The
result of this transformation is that for similar sequences the algorithm terminates as soon as it
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Fig. 10. Step-by-step search expansion. Each panel shows one score level’s frontier over the original (𝑖, 𝑗)
matrix (top) and the corresponding row in the cost-indexed recurrence (bottom). The color of each cell on the
top corresponds with the color of the cell on the bottom. Notice that the upper matrices store score and the
lower ones store indices.

reaches the end of both sequences and only explores cells with less cost than the final edit distance
as seen in Figure 9.

RIR Rewrite. The transformation hinges on a distinction that some transitions are free and some
are costly. In edit distance, a diagonal step where the characters match costs nothing—the alignment
advances in both sequences without spending an edit. The other transitions—substitution (mis-
match), insertion, deletion—each cost exactly one. Any recurrence amenable to this transformation
has the same two-part structure.

This partition maps naturally onto a graph perspective. The alignment matrix is analogous to a
directed graph in which each cell is a node. Costly transitions—insertions, deletions, mismatches—
are weighted edges (cost 1). Free transitions—character matches—are zero-weight edges. The search
transformation is then a form of Dijkstra-like [16] exploration on this graph: it processes nodes
in order of cost, expanding outward from the origin one score level at a time until it reaches the
endpoint (endpoint is the bottom-right corner of the original matrix).

But the structure of the edit distance graph allows something more efficient than generic shortest-
path search. Free transitions have a nice geometric property: they preserve the diag(𝑖, 𝑗) coordinate.
A match advances both 𝑖 and 𝑗 by one, so 𝑑 = 𝑗 − 𝑖 is the same before and after. Furthermore, the
score does not change during a match. In the edit distance equation, this can be observed because
the diagonal transition is defined by 𝐹𝑖, 𝑗 = 𝐹𝑖−1, 𝑗−1 + [𝑞𝑖 ≠ 𝑟 𝑗 ]. During a match, 𝑞𝑖 = 𝑟 𝑗 , meaning
𝐹𝑖, 𝑗 = 𝐹𝑖−1, 𝑗−1. This means a run of consecutive matches stays on a single diagonal and preserves the
score, so the entire run can be collapsed into one number—the furthest row reached. For example
in Figure 9, the long run of 7s and 9s along diagonal 0 corresponds to a run of matches.
Costly transitions, by contrast, shift the diagonal by a fixed amount. A deletion steps right ( 𝑗

increases), shifting to diagonal 𝑑 + 1. An insertion steps down (𝑖 increases), shifting to diagonal
𝑑 − 1. A mismatch steps diagonally on a non-matching pair, staying on diagonal 𝑑 . The complete
set of diagonal shifts is {−1, 0,+1}, and each shift contributes one term to the three-way max in
the transformed recurrence.
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Figure 10 walks through the transformation on a concrete sequence pair. Each panel shows one
score level’s expansion over the original matrix (top) and the corresponding row in the cost-indexed
recurrence (bottom). The storage order (bottom) follows naturally from the iteration pattern (top).

Score 0. The search begins at a single node: the top-left corner of the alignment matrix, sitting
on diagonal 0 at row 0.
Score 1. From every position on the score-0 wavefront, the iteration asks “what are the neigh-

boring cells or edges that can be reached by spending exactly one edit?” There are three kinds of
moves—a substitution (step diagonally, staying on the same diagonal 𝑑), an insertion (step down,
shifting to diagonal 𝑑 − 1), or a deletion (step right, shifting to diagonal 𝑑 + 1).

Score 2. The iteration repeats: each score 1 point generates three edit neighbors, reaching new
diagonals at score 2. When two paths arrive at the same diagonal, only the one that reaches further
survives—the other is dropped, since it spent the same number of edits but made less progress
towards the endpoint. After creating this initial set of neighbors, each surviving DP cell can move
forward through consecutive character matches for free. Next, the points on diagonals −2, −1, and
1 each advance through matching characters (G=G, GT=GT, and TG=TG) without spending an
edit. The purple point at (𝑑 = +1, score 1) is an illustrative example. It fans out to diagonals 0, +1,
and −1 at score 2 (Figure 10). The move to 𝑑 − 1 is dropped—that diagonal was already reached at
score 1 with fewer edits; however, the moves to 𝑑 and 𝑑 + 1 continue. Move 𝑑 can advance through
the two matching characters (TG=TG).
The storage layout and the recurrence definition follow naturally from the search intuition. At

each score level, the iteration strategy only touches a small set of diagonals—three at score 1, at
most five at score 2, and so on. The iteration never revisits a lower score. So the optimized storage
can be just an array per score level, indexed by diagonal, where each entry holds one number:
the furthest row reached, since the goal of the algorithm is to reach the last (row, col). In the
original recurrence, the algorithm terminates after filling all𝑀 × 𝑁 entries; the answer sits in the
bottom-right corner 𝐹𝑀,𝑁 . In the transformed recurrence, it terminates as soon as some score 𝑠
reaches that same corner—i.e., when 𝐹𝑠, 𝑁−𝑀 ≥ 𝑀 . That score is the edit distance.
RIR Before:

𝐹𝑖, 𝑗 =min
(
𝐹𝑖−1, 𝑗−1 + [q𝑖 ≠ r𝑗 ], 𝐹𝑖−1, 𝑗 + 1, 𝐹𝑖, 𝑗−1 + 1

)
0 ≤ 𝑖 ≤ 𝑀, 0 ≤ 𝑗 ≤ 𝑁

RIR After:
𝐹𝑠,𝑑 =max

(
𝐹𝑠−1,𝑑 + 1, 𝐹𝑠−1,𝑑+1 + 1, 𝐹𝑠−1,𝑑−1

)
+ extend(𝑠, 𝑑)

0 ≤ 𝑠 ≤ 𝑀 + 𝑁, diag_min𝑠 ≤ 𝑑 ≤ diag_max𝑠
diag_min𝑠 = diag_min𝑠−1 − 1, diag_max𝑠 = diag_max𝑠−1 + 1

The indices are now score 𝑠 and diagonal 𝑑 instead of positions 𝑖 and 𝑗 . The min has become a
max: the original recurrence minimizes cost, while the new one maximizes position (the furthest
row reached on each diagonal). The three terms inside the max correspond to the three edit
operations—mismatch, insertion, deletion—but expressed as shifts between diagonals rather than
steps between cells. An extend function follows the max, greedily advancing through consecutive
character matches for free. And the domain is no longer a fixed rectangle; it expands at each score
level, with recursive bounds that widen by one diagonal in each direction per score.

Two features of the RIR make this expressible. First, the RIR allows domain bounds that depend
on the previous level (domain recurrences) and are computed by auxiliary recurrences, so the
expanding diagonal range can be represented directly as recursive bounds. Second, the RIR separates
recurrence expressions from domain constraints, allowing the compiler to replace the position-
indexed recurrence with a cost-indexed one while independently deriving the expanding domain.
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The partition into free and costly transitions of the original recurrence determines the structure.
Every free transition—those with zero cost in the original recurrence—goes into the extend function,
since these are the moves that can be followed greedily without increasing the score.

The transitions determine the terms of the new recurrence. Each such transition shifts the non-
score coordinate by a fixed amount; the compiler collects these into a shift set. For edit distance, the
shifts are {−1, 0,+1}, producing three terms in the max. A recurrence with different edit operations—
say, one that also allowed swapping of adjacent characters—would have a different shift set and a
correspondingly different number of terms.

The shift set also determines the expanding domain. At score 0, only the origin diagonal is active.
Each transition can shift the diagonal by at most 1, so the range of active diagonals widens by at
most 1 in each direction per score level—the recursive domain bounds in the RIR. A recurrence
whose transitions could shift by up to 𝑘 would see its domain widen by 𝑘 per level instead.

Finally, the termination condition follows from the coordinate mapping: the original recurrence
terminates when it fills cell (𝑀, 𝑁 ); the transformed recurrence terminates when diagonal 𝑁 −𝑀

reaches row𝑀 , which is the same cell expressed in the new coordinates.
Search safely applies to a recurrence provided four conditions hold. These conditions rely on

the recurrence’s transition costs—the change in score when moving from neighboring, dependent
cells to the current cell. First, the recurrence must aggregate over neighboring cells’ integer-valued
scores with a min or max expression. Second, transitions must change the score monotonically:
for min the score may only increase or stay equal, and for max it may only decrease or stay equal.
Third, a zero-cost transition must leave the second argument passed to search unchanged. Fourth,
score-changing transitions must shift that secondary coordinate by a constant.

7 Pruning Language
PruneProg ::= PruneConstruct∗

PruneConstruct ::= PruneAxis | Stmt (from Figure 5)
PruneAxis ::= Expr CmpOpCoordExpr CmpOp Expr
CoordExpr ::= diag(𝑣, 𝑣) | antidiag(𝑣, 𝑣) | 𝑣 | | ...

Fig. 11. Grammar of the Pruning Language. Prun-
ing language is syntactically RIR statements but
written in user coordinates and compiled into loop
order coordinates by the compiler.

In two-dimensional sequence alignment, each dy-
namic programming recurrence corresponds to an
alignment matrix. Matrix cells near the main diag-
onal represent alignments with relatively few inser-
tions or deletions, while cells far from the diagonal
correspond to large deviations between the refer-
ence and query sequences. When two sequences are
expected to be similar, exploring far-off-diagonal
cells is both unnecessary and wasteful. This reflects a basic biological intuition: mutations tend to
be rare and spread out, and alignment recurrences should focus computation on regions where the
sequences align well. More generally, many bioinformatics recurrences have large regions of the
matrix that are unlikely to contribute to the final answer.

Pruning restricts which parts of the matrix get computed, skipping these regions entirely. Because
pruning discards cells that the original recurrence computes based on heuristics, it is a non-
semantics-preserving transformation (final recurrence values and traceback path may be different
to the unpruned, unscheduled version). The user is therefore responsible for ensuring—based
on biological intuition—that the omitted regions do not significantly affect the final result. The
grammar for Filtr’s pruning language is given in Figure 11.

The pruning language provides a language feature—the prune axis—which is an inequality that
restricts iteration to a geometric sub-region of the matrix. For example, a band around the main
diagonal is denoted by prune axis: −𝐵 ≤ diag(𝑖, 𝑗) ≤ 𝐵. The user writes an inequality that bounds a
coordinate expression (e.g., diag(𝑖, 𝑗)) over the loop indices, and only cells satisfying that inequality
are ever visited. The coordinate expression can be any function of the indices that is invertible,
but generally is just diag(𝑖, 𝑗) or antidiag(𝑖, 𝑗). The bounds of a prune axis may also be recurrence
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expressions rather than constants, allowing the geometric region to evolve dynamically at runtime.
Therefore, a pruning program may be either static, with constant bounds, or dynamic, where the
user can specify domain recurrences that update the prune axis bounds at runtime.

The prune axis requires the coordinate expression (e.g., diag(𝑖, 𝑗)) to be a linear combination of
the loop indices. This linearity allows the compiler to automatically calculate the new loop bounds
and guarantees that the remaining valid cells always form a single, contiguous band. When the
bounds are recurrences (dynamic pruning), each bound governing a frontier may read only cells
computed on strictly earlier frontiers.

The Pruning Language serves two purposes: (1) it separates concerns (pruning, iteration, and base
recurrence) for the user, and (2) it allows for a flexible mixing of coordinate systems. Figure 12 shows
𝑘 and𝑚 from the antidiagonal coordinate system being used in tandem with 𝑖 and 𝑗 . Specifically, the
recurrences should be indexed by 𝑘 and𝑚 (i.e., the loopOrd variables) but coordinate expressions
(e.g. diag(𝑖, 𝑗)) can be defined in either coordinate system (e.g., diag(𝑖, 𝑗), 𝑗 − 𝑖 , or 2𝑚 − 𝑘).

The pruning model focuses on supporting real-world heuristics but does not allow for arbitrary
pruning. Specifically, it targets pruning techniques over contiguous geometric regions, assuming
that at each step there is a single continuous active region and that pruning decisions rely only
on information available at the current step rather than future values. In practice, we have not
encountered algorithms that violate either assumption, and the language can be easily extended to
support additional pruning needs in the future.
Although pruning programs are often longer than those in the Recurrence Language or the

Iteration Ordering Language, each one is still small (Figure 12 shows the five-line X-drop pruning
program) and can be applied to many different recurrence equations. This same X-drop pruning
program, for example, can be composedwith edit distance, affine gap alignment, or other recurrences
as described in Section 9.

7.1 Static Pruning
In static pruning, the bounds are fixed at compile time before execution. For example, in banded
edit distance, if the user knows in advance that the best alignment will stay within 𝐵 diagonals of
the main diagonal, then they can use static pruning. The pruning program is a single prune axis:
−𝐵 ≤ diag(𝑖, 𝑗) ≤ 𝐵.

The user can write this constraint in whichever coordinate system is most natural, as long as the
expression can be algebraically rewritten in terms of the loopOrd variables. To illustrate, the compiler
internally knows that𝑑𝑖𝑎𝑔(𝑖, 𝑗) = 𝑗−𝑖 and 𝑎𝑛𝑡𝑖𝑑𝑖𝑎𝑔(𝑖, 𝑗) = 𝑖+ 𝑗 . Filtr automatically converts the user-
provided constraints so they are defined strictly in terms of the desired loop iteration variables (using
the SymPy computer algebra system). The compiler then intersects the rewritten constraint bounds
with the existing domain bounds. For column-major traversal with loopOrd( 𝑗, 𝑖), the compiler solves
diag(𝑖, 𝑗) = 𝑗 − 𝑖 for 𝑖 , yielding 0 ≤ 𝑗 ≤ 𝑁, max(0, 𝑗−𝐵) ≤ 𝑖 ≤ min(𝑀, 𝑗+𝐵). Under loopOrd(𝑘,𝑚)
where 𝑘 = 𝑎𝑛𝑡𝑖𝑑𝑖𝑎𝑔(𝑖, 𝑗) and𝑚 = 𝑗 , the compiler algebraically solves diag(𝑖, 𝑗) = 𝑗 − 𝑖 for𝑚 and
𝑘 , which resolves to diag(𝑖, 𝑗) = 2𝑚 − 𝑘 , yielding 0 ≤ 𝑘 ≤ 𝑀 + 𝑁, max

(
0, 𝑘 −𝑀, ⌈(𝑘 − 𝐵)/2⌉

)
≤

𝑚 ≤ min
(
𝑁, 𝑘, ⌊(𝑘 + 𝐵)/2⌋

)
. Under a search(score, d=diag(i,j)) transformation, the constraint maps

to −𝐵 ≤ 𝑑 ≤ 𝐵 in the (𝑠, 𝑑) loop space.

7.2 Dynamic Pruning
To compute dynamic prune axis bounds at runtime, the Pruning Language provides three additional
constructs—recurrence equations, conditional recurrences, and set-builder reductions—that are
syntactically a subset of the RIR but written with respect to the Recurrence Language input.
These equations allow the user to describe the domain as a recurrence (domain recurrence), track
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auxiliary information such as a running minimum score, and conditionally override a cell’s value
(e.g., replacing it with∞ when a pruning condition is met).

Fig. 12. Pruning specification for X-drop.

In dynamic pruning, the boundaries adapt at
runtime based on computed values. This requires
all the constructs working together, as shown in X-
drop in Figure 12; an auxiliary recurrence analyzes
the most recently computed cells (𝑚𝑖𝑛_𝑠𝑐𝑜𝑟𝑒𝑘 =);
a conditional recurrence uses this analysis to mark
cells for removal (𝐹𝑘,𝑚 = ∞ if ); and set-builder
reductions calculate the new bounds based on
these markings (min(diag(𝑖, 𝑗)) if 𝐹𝑘,𝑚 ≠ ∞). The
result is a feedback loop—what is computed (data recurrence) determines where computation
happens next (domain recurrences).
To ensure this feedback loop executes safely, dynamic pruning must meet two preconditions.

First, the pruning bound area must be defined by one upper and one lower linear bound. Second,
current bounds can only be calculated using data from completed previous iterations.
Other pruning programs follow a similar structure. Z-drop, for instance, replaces the X-drop

conditional with one that measures distance in addition to score and is described in Section 9.3.
Similarly, after applying a search transformation to a recurrence, the user can derive a pruned
version of the resulting search algorithm, such as WFA-Adapt, which prunes diagonals based on
distance from the diagonal closest to the target endpoint (also described in Section 9.3).

The compiler lowers this pruning program into the Recurrence IR by converting all expressions
into the loop order coordinate scheme, introducing min_score𝑘 as a recurrence, splitting the main
recurrence into conditional regions, and substituting the domain recurrences for static loop bounds.
The resulting RIR is the X-drop formulation shown in Figure 6 (right). The domain bounds diag_lo𝑘
depend on 𝐹𝑘,𝑚 , while the iteration of 𝐹𝑘,𝑚 is controlled by those same bounds at the previous
timestep—this bidirectional dependence betweenwhat is computed andwhere computation happens
is what distinguishes dynamic pruning from static banding.

8 Code Generation
The Filtr compiler transforms the rewritten RIR into C++ code. We adopt the general approach
of the Recuma recurrence compiler [71], which constructs a dependency graph from recurrence
definitions and lowers it into loop code. In our case, the RIR serves as the input to this lowering.
Figure 13 shows the complete pipeline for X-drop edit distance: the user-facing Filtr input (left),
the generated C++ (center), and the code generation algorithm (right).
The Filtr compiler first applies iteration rewrites and then applies pruning rewrites. Applying

iteration rewrites first allows the compiler to verify that the transformed traversal order respects
the recurrence’s data dependencies against the full, unpruned recurrence. Applying pruning second
is necessary because dynamic pruning strategies like X-drop decide what to prune based on what
has been computed so far, meaning their behavior depends on the order in which states are visited.
As such, pruning recurrences must be expressed in the coordinate system produced by the iteration
rewrites. For example, an X-drop specification references antidiagonal indices, which only exist
after the shearing transformation has been applied.
The main challenge of lowering the RIR to C++ is the dependency between data and domain

recurrences. Domain variables such as diag_lo and diag_hi are defined by recurrences that read
from the main DP array, yet those same variables determine the loop bounds over which the DP
array is computed. Filtr resolves this through staged code generation within a single loop body,
organized into three stages. As shown in the codegen algorithm in Figure 13 (right), the compiler
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Fig. 13. End-to-end example of Filtr compiling X-drop edit distance, showing the user-facing input specification
(left), simplified generated C++ (center), and the code generation algorithm (right). The C++ code is generated
code slightly cleaned for readability.

first classifies each equation by its role: data recurrences are the main DP arrays (e.g., 𝐹 , or𝑀 , 𝐼 , 𝐷
in affine gap), and domain recurrences are arrays that appear in loop bounds (e.g., diag_lo, diag_hi).
It then topologically sorts the non-domain equations to determine the order in which they are
emitted. A domain recurrence is emitted immediately after all of its data dependencies are satisfied
(i.e., after the respective data recurrences that it depends on have been emitted).

The final output arranges arrays according to the iteration order’s indexing scheme: for antidi-
agonal traversal, arrays are indexed by antidiagonal number and offset; for score-based indexing,
by score layer and diagonal. Filtr relies on vectorization hints and autovectorization to generate
performant C++ code.

9 Evaluation
Our evaluation supports three claims: (1) Filtr-generated code matches or exceeds the performance
of hand-optimized bioinformatics libraries and existing recurrence compilers; (2) Filtr’s composable
interface lets users explore combinations of pruning and traversal strategies to find the best
configuration for a given dataset; and (3) pruning specifications written for one recurrence transfer
directly to others, making it easy to construct new heuristics.

9.1 Experimental Methodology
There are four broad classes of bioinformatics algorithms that rely on recurrences: sequence
alignment, RNA folding (predicting how an RNA molecule folds into a three-dimensional structure),
sequence prediction models (used to identify patterns such as genes within a sequence), and
sequence chaining (linking short matching alignments into a longer alignment). There is a diverse
set of recurrences used in the evaluations, but they generally resemble the examples in Table 1.
Needleman Wunsch extends edit distance by allowing arbitrary substitution and gap scores. Affine-
gap alignment is the three-state sequence-alignment recurrence shown in Table 1. Nussinov is the
RNA-folding recurrence shown in Table 1. Viterbi is the sequence-prediction recurrence shown in
Table 1. Zuker minimum-free-energy folding is similar to Nussinov, but it minimizes energy rather
than maximizing the number of base pairs. McCaskill sums contributions from many possible
structures instead of choosing among a fixed set of four cases. Although these recurrences have
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Fig. 14. Filtr versus Recuma and Bellman Gap. Runtime (log-log) across four recurrences: edit distance, affine
gap penalty (left), Nussinov RNA folding, and Viterbi sequence prediction (right).

more complicated dependency structures than edit distance, we can still apply the same diagonal,
antidiagonal, and search transformations.

All experiments were conducted single-threaded on an Intel Core i9-285K machine with 64 GiB
RAM using GCC 13.3.0 (Ubuntu 24.04), CMake 3.28.3, and C++23. Filtr was compiled with -O3
-march=native -mavx2 -flto -funroll-loops -ffast-math. The two highest and two lowest
measurements were discarded, and the reported runtime is the mean of the remaining six runs.

We report runtime in milliseconds and, where applicable, alignment accuracy as the percentage
difference between exact and approximate results. Library and compiler comparisons use synthetic
sequences so that divergence level, sequence length, and mutation profile can be controlled indepen-
dently, isolating performance differences. The evaluation of design-space exploration (Section 9.4)
and heuristic transfer (Section 9.5) uses a wide variety of real DNA and RNA sequences to assess
how Filtr behaves under authentic biological conditions.

9.2 Filtr vs. Recurrence Compilers
Recuma, the primary compiler baseline, represents the current state of the art in recurrence
compilation. It generates efficient code for standard row-by-row and column-by-column traversals
of the DP matrix but lacks support for alternative traversal orders, pruning strategies, or score-
indexed traversal. Our evaluation datasets include synthetic query–reference sequence pairs that
are 90% similar and representative of many real genomic datasets [33, 86].
Figure 14 plots the runtime against the problem size for different configurations across four

recurrences: edit distance, affine gap penalty, Nussinov [57] (RNA folding), and Viterbi (sequence
prediction). Unoptimized Filtr serves as an ablation baseline. On a standard row-wise traversal,
Filtr matches Recuma’s runtime closely at all tested sizes, confirming that Filtr’s code generation
introduces no overhead relative to an existing recurrence compiler. Antidiagonal iteration, which
exposes automatic SIMD parallelism, yields a 7–13× speedup over Recuma and unoptimized Filtr at
medium to large sizes for affine gap penalty, and a 6–8× speedup for edit distance on asymmetric
problems. With the search transformation applied, edit distance achieves 14–20× speedups and
affine gap achieves 25–50×. However, as we show in Section 9.4, these gains depend on the input
data. For example, search performs best on similar sequences and its advantage diminishes as
divergence increases. We also compare against Bellman’s Gap, which performs comparably to
Recuma; however, it is similarly slower than Filtr kernels.
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Fig. 15. Filtr versus hand-optimized unpruned align-
ment libraries (Ksw2, Parasail, SeqAn) on edit distance.
Log scale.

Fig. 16. Filtr search vs. WFA2. We can additionally
apply this search to longest common subsequence,
dual gap, chaining, and RNA folding. Log scale.

Table 2. Reptile speedup over unoptimized Filtr using
the best tile size, for sequence lengths 64–1024.

64 320 512 768 1024

NW 1.09× 0.90× 0.88× 0.88× 0.86×
SW 1.26× 1.20× 1.19× 1.17× 1.18×

Tiling Compiler. We also compare Filtr
against Reptile [73], a compiler that automat-
ically tiles recurrences. Table 2 shows Rep-
tile’s performance relative to unoptimized
Filtr. Reptile provides modest improvements
for Smith Waterman (SW) and slightly slows
down Needleman Wunsch (NW). Sequence
alignment kernels are primarily compute-
bound rather than memory-bound, leaving little opportunity for cache tiling to improve per-
formance. In contrast, optimized Filtr achieves 2.5× to 30× speedups over unoptimized Filtr, with
shear delivering a 6× speedup. Combining Filtr with cache-aware tiling is a promising direction for
future work, particularly on GPUs and other architectures.

9.3 Filtr vs. Hand-Optimized Libraries
Sequence alignment is one of the most performance-critical operations in bioinformatics, and the
community has invested heavily in hand-tuned, library-level implementations [14, 39, 48, 61]. We
compare Filtr against four widely used libraries: SeqAn [61] (which provides unpruned, banded,
and X-drop alignment), Parasail [14] (which provides unpruned and banded), Ksw2 [39] (which
provides a Z-drop variant), and WFA2 [48] (which provides a search variant). Parasail, WFA2, and
Ksw2 are hand-vectorized implementations.

Unpruned Comparison. The Needleman Wunsch algorithm and its simpler edit distance variant
use a recurrence to compute the optimal global alignment between two sequences. As shown in
Figure 15, Filtr’s antidiagonal shearing iteration is the fastest among the general recurrence-based
implementations, outperforming baseline methods by 5–30× because its shearing transformations
ensure consecutively traversed cells are contiguous in a cache-efficient memory layout.

For the restricted task of edit distance, we also compare against Edlib [69], which packs multiple
DP cells into each machine word and updates them with bitwise operations. Edlib’s specialized
approach does not generalize to broader bioinformatics recurrences like Needleman Wunsch and
affine gap, but within its supported setting it is highly optimized, running approximately 7.5× faster
than Filtr’s shear and 1.6× faster than search on average ( Table 3). Edlib’s packing optimization
could be incorporated into Filtr, although it would apply only to the subset of recurrences whose
neighboring cell scores differ by at most one. We leave this extension as future work.
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Fig. 17. Filtr vs. banded alignment libraries and com-
pilers. Log scale.

Fig. 18. Filtr vs. dynamic pruning libraries. Log scale.

Table 3. Speedup of optimized Filtr and
Edlib over unoptimized Filtr baseline.

Size Filtr+Search Filtr+Shear Edlib

1000 22.3× 4.2× 10.6×
3000 16.0× 4.9× 15.6×
5000 18.7× 4.0× 34.4×
8000 17.6× 3.5× 33.9×
10000 18.6× 3.4× 47.2×

We also compare Filtr’s search transformation
against the hand-optimized WFA2 library since this
is another exact method. The search transformation
corresponds to the wavefront algorithm (realized
in WFA2 [48]). Figure 16 compares Filtr and WFA2
across three scoring models—Needleman Wunsch,
edit distance, and affine gap penalty. Filtr remains the
best. Because Filtr formulates the wavefront traversal
as a standard recurrence over score coordinates, the
compiler can apply automatic vectorization.

Static Pruning. Filtr’s banded Needleman Wunsch kernel substantially outperforms SeqAn and
Parasail across all tested band sizes (16, 32, and 64). Figure 17 shows that Filtr’s antidiagonal banded
kernels (green) outperform both Parasail (blue) and SeqAn (red) across all band widths and sequence
lengths, often by an order of magnitude at larger sizes. Filtr also outperforms the Bellman’s Gap
compiler. Filtr’s speedup is due to its shearing transformation over memory layouts, enabling
efficient access along antidiagonals, whereas other libraries use a hard-coded row-major layout.
Filtr’s row-wise banded kernels (green) are competitive with or faster than the hand-tuned libraries.

Fig. 19. Filtr vs. WFA-Adapt. Log scale.

Dynamic Pruning. Next, we compare heuristic methods
that prune computed cells dynamically based on align-
ment scores rather than a fixed band based boundary. X-
drop stops extending the alignment when the current score
drops more than a fixed threshold below the best score seen
so far. Z-drop is similar but additionally penalizes distance
from the best-scoring diagonal, making it more tolerant of
extended gaps and score fluctuations that arise from long
insertions or deletions. In our language, the conditional
recurrence in the pruning program would be:

𝐹𝑘,𝑚 = −∞ if max_score𝑘−1 − 𝑣𝑎𝑙 > 𝑍 +
��diag(𝑖, 𝑗) − diag_best𝑘−1

��
This condition corresponds to the Z-drop heuristic. Since affine gap is a max recurrence, cells

that violate the Z-drop condition are invalidated by assigning them a score of −∞. Here, max_score
denotes the best alignment score, at coordinate diag_bestk (which is determined with argmax data
recurrences). Figure 18 shows that Filtr’s X-drop and Z-drop variants (green) outperform both
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Ksw2 (blue) and SeqAn (red) by one to two orders of magnitude across all sequence lengths. Both
Ksw2 and SeqAn traverse without shearing the storage structure. Notably, Ksw2 does not provide
an X-drop algorithm, and neither SeqAn nor Parasail supports Z-drop, whereas Filtr generates both
X-drop and Z-drop from the same recurrence specification with different pruning conditions.

Table 4. Search traversal (SR) speedup
over antidiagonal traversal (AD) for edit
distance.

Div. % Size SR (ms) AD (ms) Speedup

1 500×500 0.7 69 97×
1 2000×2000 8.9 870 98×
1 4000×4000 13.8 4150 300×

5 500×500 1.9 50 27×
5 2000×2000 52 710 14×
5 4000×4000 190 4270 23×

30 500×500 110 51 0.45×
30 2000×2000 1580 720 0.45×
30 4000×4000 6020 4360 0.72×

We also compare against dynamic pruning strategies
applied to search. WFA-Adapt[48] employs a heuristic
that, at each score level, discards diagonals falling too
far from the leading diagonal (the diagonal represent-
ing the most progress through the alignment matrix).
Filtr can express this data-dependent pruning, achieving
performance comparable to this library (Figure 19).

9.4 Exploring the Design Space
We have established that Filtr matches or exceeds exist-
ing systems on individual benchmarks. Now, we demon-
strate that the best heuristic and schedule depend on
properties of the input data. This means there is no sin-
gle best configuration—users need the ability to explore alternative heuristics.

Search vs. Antidiagonal Traversal. Table 4 reports the speedup of search-based (score-indexed)
traversal over antidiagonal traversal for edit distance at three divergence levels and three matrix
sizes. At 1% divergence, the search transformation is 97–300× faster because it searches only
the narrow strip of cells at each score level, while antidiagonal traversal fills the entire matrix.
At 5% divergence, the advantage narrows to 14–27×, and at 30% divergence, search is slower
(0.45–0.72×) because the search expands to cover most of the matrix, and the overhead of search
traversal outweighs the savings from skipping cells. The optimal strategy depends on the divergence
characteristics of the input sequences. In Filtr, users can explore different scheduling transformations
to choose the best schedule for their data.

Pruning across Different Sequences. The choice of pruning heuristic is equally data-dependent.
We evaluated three biological conditions with different mutation profiles. For each condition, we
computed the exact optimal alignment using full affine gap scoring and compared it against three
faster heuristics—banded, X-drop, and Z-drop—across a sweep of parameters, measuring both
runtime and accuracy relative to the ground truth.
Figure 20 presents the resulting best option for each condition. In the resequencing case (left

panel, Human vs. Mouse Cytochrome c CDS), narrow banded alignment achieves near-perfect
accuracy at the lowest runtime, since mutations are small and the optimal path stays close to
the main diagonal. For ortholog comparisons (center panel, Human vs. Mouse mt-16S rRNA),
X-drop provides the best speed–accuracy tradeoff because its data-dependent band can widen
to accommodate short bursts of insertion-deletions and then contract again when the alignment
returns to a well-matching region. In the structural variation case (right panel, ACE Intron 16
Alu Insertion vs. Deletion), Z-drop is the only heuristic that maintains full accuracy even in the
presence of long insertions, because it is more tolerant to extended gaps. With Filtr, users can easily
plug in different pruning specifications and determine which pruning is best for their data.

9.5 Transferring Heuristics
Filtr enables users to construct new heuristics by recombining existing building blocks across
problem domains. To illustrate this, we applied the X-drop pruning heuristic to three RNA secondary
structure prediction recurrences. This experiment is not a rigorous evaluation of X-drop for RNA

Proc. ACM Program. Lang., Vol. 10, No. OOPSLA2, Article 372. Publication date: October 2026.



372:24 Bala Vinaithirthan, Shiv Sundram, Sneha Goenka, and Fredrik Kjolstad

Fig. 20. Accuracy vs. runtime for three biological conditions: resequencing (Human vs. Mouse Cytochrome
c CDS, left), ortholog comparison (Human vs. Mouse mt-16S rRNA, center), and structural variation (ACE
Intron 16 Alu Insertion vs. Deletion, right). The optimal heuristic differs by condition: banded is useful
for resequencing, X-drop for ortholog, and Z-drop for structural variation. Each dot represents a different
combination of bandwidth, X-drop, and Z-drop parameters; circles mark points on the Pareto frontier. Different
applications have different accuracy requirements; the dotted line at 60% marks a useful cutoff.

Fig. 21. Each subplot shows a recurrence evaluated on four RNA sequences. Points represent different X-drop
thresholds—Nussinov: 1–400 and unpruned; Zuker: 1–1000 and unpruned. Darker shades indicate larger
X-drop values (less aggressive pruning). The dotted line marks an accuracy threshold of 0.6.

folding, but a demonstration of how Filtr’s composable design makes it easy to transfer a pruning
strategy to a new domain.
The Nussinov recurrence [57] fills a triangular dynamic programming matrix indexed by sub-

sequence endpoints (𝑖, 𝑗), iterated along increasing diagonals (Table 1). We reused the same four
pruning constructs from alignment-based X-drop. We additionally modified the pruning program
to include a warm-up period of diag(𝑖, 𝑗) ≤ 15 (implemented with a conditional recurrence) during
which pruning is disabled, since folding scores require several diagonals to become meaningful—
unlike alignment, where even the first iterations can produce nonzero scores. We extended this
transfer to two additional RNA folding recurrences—Zuker [90] (minimum free energy folding)
and McCaskill [50] (partition function folding). The effectiveness of the transfer depends on the
recurrence. The transfer to the McCaskill recurrence proved ineffective, likely because the recur-
rence aggregates contributions through multiplication and summation of exponentials rather than
min or max.

Nussinov and Zuker proved far more promising. Figure 21 reports runtime and accuracy across
four RNA classes. For Nussinov, X-drop is very effective: even at an aggressive threshold of 𝑋 = 2,
accuracy remains perfect across all classes; pruning removes only cells that do not contribute to
the optimal fold. This is likely because Nussinov scores grow monotonically and stay close to the
optimum along the main antidiagonal. For Zuker, a tight 𝑋 = 8 threshold prunes too aggressively
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(accuracy 0.3–0.6), but a larger 𝑋 = 600 threshold restores accuracy to 0.8-0.9 while still providing
modest speedup.

10 Related Work
Hand-optimized libraries like Ksw2 (used in minimap2 [39]), Parasail [14], and SeqAn [61] represent
the dominant approach to achieving performance in biological sequence alignment. These systems
implement recurrences directly in low-level code, embedding both the scoring semantics and the
scheduling strategy within vectorized inner loops. Variants such as affine gap [28], banded [76], X-
drop [88], and Z-drop [39] are typically realized as separate pieces of code, each hand-engineered for
a specific heuristic. Hardware acceleration efforts, including GPU-based implementations [43] and
FPGA-based efforts such as Darwin [36, 75, 80, 84] push this specialization further by synthesizing
custom pipelines for alignment, achieving high throughput but sacrificing flexibility. Filtr abstracts
these implementations by representing scoring and pruning as schedulable constructs.

Existing compilers for bioinformatics provide higher-level abstractions but have not generalized
the structure of alignment recurrences themselves. Seq [67] is a Pythonic language for genomic
pipelines that compiles to efficient code, but it targets data-flow orchestration rather than optimizing
dynamic programs. SARVAVID [46] adds distributed execution and workflow parallelism but
still treats alignment algorithms as opaque calls. Researchers have also developed programming
systems for recurrence problems. Dynamite [8] compiles state-transition models into dynamic
programming recurrences, but does not optimize its scheduling or pruning. The closest to our
work are Recuma [71] and Bellman’s Gap [65]. Recuma [71] formalized recurrence equations as a
compilable intermediate representation, introducing a dependency–based scheduler that translates
recurrence definitions to native code. However, Recuma assumes static domains and lacks primitives
for pruning or dynamic domain restriction. Reptile [73] extends Recuma with tiling optimizations,
but similarly does not support optimizations needed for production bioinformatics algorithms.
Bellman’s Gap is a logic programming system focused on reducing exponential search to polynomial
recurrences. It does not support diagonal iteration or dynamic pruning, although it has limited
support for pruning by placing a static band around the diagonal.

Datalog researchers have separately studied efficient compilation of (mutually) recursive query
definitions. Recent work compiles recursion over ordered semirings using program synthesis and
algebraic rewriting to find faster evaluation strategies [1, 66, 81]. Logic-programming frontends like
Dyna [21] likewise express weighted dynamic programs declaratively as recurrences. Their focus,
however, is relational query optimization or declarative logic rather than dense array recurrences.

Filtr builds on the separation of algorithm and schedule popularized byHalide [60] and TACO [35],
and on loop optimization work from the polyhedral model [6, 23, 24, 37]. Similar separation-of-
concerns approaches appear in Lift [70], TVM [10], and Tensor Comprehensions [77]. Halide
demonstrated that schedules can independently control traversal, tiling, and fusion of dense image-
processing loops. TACO generalized this concept to sparse tensor formats through algebraic iteration
graphs. Filtr’s iteration ordering and pruning directives are analogous to Halide’s scheduling primi-
tives but operate on semantically constrained recurrence graphs, enabling the safe transformation
of irregular, score-dependent dependencies.

11 Conclusion and Future Work
Filtr brings recurrence-level programmability and scheduling separation to biological recurrences,
allowing heuristic variants to be expressed, composed, and compiled automatically. Natural next
steps include targeting GPUs, extending to distributed execution, and formalizing the correctness
conditions for rewrites. From a user perspective, an autotuner can automatically select the best
configuration for a given dataset and hardware target.
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