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ABSTRACT

Modern data-processing pipelines rely on input records conforming
to strict format specifications. In practice, however, data corruption
can occur at numerous stages including data-entry error, corruption
during input processing and retransmission, inconsistent format-
ting, and incompatible specifications. Such corrupted data can result
in loss of records, reducing the accuracy of processing.

Rather than discarding corrupted records and losing valuable in-
formation, one can attempt to repair the data. Data-repair solutions
such as regular expression based repair and error-correcting parsers
require a specification to perform structural repairs.

Specification-free techniques such as ddmax and εRepair are
limited in repair operations, repair location, and require specific
parser properties that are often unavailable.

To tackle this challenge, we introduce βMax, a novel format-free
data repair algorithm optimal with respect to the provided example
data, with maximal data-recovery and minimal parser constraints.

Despite requiring less information than εRepair, βMax repairs
83% of all corrupt records—1.77× the rate achieved by εRepair—
while using 27.7× fewer oracle calls.
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1 INTRODUCTION

While processing data collated from diverse sources, one must often
contend with malformed data. This corruption could be artifacts
of inconsistent processing [21, 40, 47], hardware failures [23], trun-
cated network transmission [10, 45], or even human errors in data
entry [28, 46]. Even within a single organization, CSV file formats
can be inconsistent, with dates and times frequently containing
incompatible delimiters [25]. Over 99% of spreadsheets contain non-
validated columns [18], with over 35% of the columns representing
data as simply of string type, which can result in inconsistencies.

In a data processing pipeline, such parser inconsistencies can
cause record processing to fail. Even if the inconsistency is in a
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single field in a tabular data structure, automatic recovery can
be infeasible [42, 44], and manual repair can be costly and error-
prone [36]. Hence, data records containing errors are often cleansed
from the pipeline [22], resulting in severe data loss.

Hence, automatic data repair techniques are needed. Format
based repair [1, 13, 16, 17, 26, 31] can be applied if a format is
available. However, format specifications are often rare, especially
for one-off application-specific formats that are typically used in
the processing of tabular data such as CSV, Excel, TSV etc.

Researchers have explored specification-free alternatives to data
repair. For example, ddmax [27] can fix malformed data records pro-
vided three constraints are satisfied: (1) a parser that can recognize
valid (✓) and invalid (×) inputs, (2) a starting minimal subsequence
of the input (∅) that is accepted as a valid parse, and (3) the ability
to add fragments (𝛿s) to this input, resulting in progressively larger
parsable inputs (Ξ𝑖 ) called waypoints. Given a data format that con-
forms to these requirements and a corresponding parser, starting
from Ξ0 which is ∅✓ , ddmax will iteratively identify chunks (𝛿𝑖 )
from the given (malformed) input that can be added to Ξ while
retaining parsability resulting in a Ξ𝑚𝑎𝑥 representing maximal
data recovery from the original input. That is, data-repair with
ddmax requires a conforming data format that has an empty valid
parse (∅✓), parseable waypoints (Ξ𝑖✓), and a corresponding parser.
However, data formats such as addresses, dates, times, zip codes,
and telephone numbers common in tabular data do not have a
minimal valid input that correspond to ∅. Furthermore, ddmax is
limited to simply deleting any input fragment it deems as part of the
corruption, exacerbating data loss when corruption is misidentified.

εRepair is another algorithm for data repair with a different
tradeoff. Unlike ddmax, εRepair does not require a starting empty
sequence ∅, nor parsable waypoints Ξ𝑖 . Instead, it assumes that
the location of the corruption can be identified from parser feed-
back. This allows εRepair to repair inputs even when valid min-
imal sequence (∅) or valid waypoints (Ξ𝑖 ) are unavailable. Fur-
thermore, εRepair utilizes all corrections—deletion, insertion, and
replacement—achieving better repair.

However, εRepair has two limitations: (1) It requires precise error
location, which is often unavailable. (2) It conflates the location
of minimal repair with the error location returned by the parser,
which may not lead to minimal repairs.

To address these issues, we propose βMax, a novel approach for
automatic data repair. The key innovation in βMax is to recognize
that in most data-repair settings, there will be numerous inputs that
are accepted by the parser program, and a few that are corrupted
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and hence, rejected. This provides us with a set of valid and invalid
examples to form an initial approximate specification [38], which
is then iteratively refined. This approximate specification is used
in conjunction with the error correcting parser [2] to produce an
initial repair of a given corrupt input. The repair, if not accepted
by the parser, is then used to refine the approximate specification,
producing closer repairs iteratively until a repair is accepted.

βMax has two key advantages over εRepair: (1) Being indepen-
dent of parser characteristics, it can be applied to any data format
that has a simple validator. (2) Similar to numerical data-imputation,
the repair provided is structurally closest to available samples, re-
ducing impact of a potentially incorrect repair on the data set. βMax
focuses on repairing individual fields in data records—dates, times,
network addresses—which are typically regular languages validated
by matchers offering only accept/reject feedback.

Although βMax operates with less information than εRepair,
βMax performs 1.77× better than εRepair, repairing 83% of all
corrupt records, while using 27.7× fewer oracle calls.

We make the following contributions:
• A novel specification-free data-repair algorithm expecting
only a parser that can accept (✓) or reject (⋫) a given input.
• Improvement in data-repair quality and performance com-
pared to the state-of-the-art for regular formats.
• An empirical comparison of εRepair and βMax.

2 CHALLENGES IN DATA REPAIR

The problem of data repair is the following: Given a corrupt string,
find the best repair such that the maximal amount of original data
is saved [34]. For example, consider the JSON fragment below:

{"name": "John Doe", "email": "john@doe.com john@doe.org",

"phone": "2 8627 1444", "date": "2025/03/01",

"web": "http://f0f::]:80 http://[f0fhost.com:80" }

After the first level of parsing by a JSON parser, the individual fields
will undergo further processing, for example, to validate email,
phone, and date, each of which are specified as strings. Typically,
this validation will be done using regular expressions or small
custom functions. In this example, there is a problem: The email
field contains two emails rather than the expected single email.
Perhaps the emails should have been separated with ‘;’ rather than
a space. This is a relatively common error that can cause the parser
to fail on this field, and reject the entire record. To recover the
needed data, we need to repair this field. A similar issue applies to
phone where spaces are not allowed. Similarly, the date format may
be parsed by ISO8601 [24], which requires ‘-’ as the delimiter.

We consider each state-of-the-art data repair methods in turn.

2.1 Data repair with ddmax
The ddmax algorithm is based on ddmin, and works as follows: ✓
denotes parser acceptance, × denotes rejection.

(1) ddmax begins with an empty valid input (∅). Let us call this
input Ξ0. The input can also be a minimal starting value.
Such minimal values should conform to two requirements:
(1) It should be acceptable as the smallest valid input for the
given format. For example, Ξ0 ={}✓ is a reasonable starting
input for JSON objects. (2) It should be producible by deleting

fragments from the original input. If not, the input cannot
be repaired by ddmax.

(2) The ddmax algorithm then identifies fragments (named 𝛿𝑖 )
in the original input that can be added to Ξ𝑖 such that Ξ𝑖+1 =
Ξ𝑖 + 𝛿𝑖✓ . Any 𝛿𝑖 such that Ξ𝑖 + 𝛿𝑖× is rejected. This process
continues until all 𝛿𝑖 in the input is exhausted.

(3) This produces Ξ𝑚𝑎𝑥✓ representing the maximal repair.
Considering the malformed email field in the corrupt record, we

find three impediments to applying ddmax. (1) There is no simple
equivalent for an empty field (∅✓) for phone and date, each of which
are fixed width fields. Hence, ddmax cannot be applied on such
fields. (2) Even in variable width fields where one can find an empty
field such as email which satisfies the parser (for example, ∅ = @) it
can be non-obvious how to obtain that input, and in some cases,
there may be multiple such inputs. For example, it is non-obvious
what theminimal starting input should be for repairing {"abc": [].
Doing this for thousands of diverse fields can be tedious and error-
prone. (3) ddmax uses deletion as the only repair action. Deletion is
insufficient to repair fixed width fields with data loss.

Hence, ddmax is unsuitable for data repair under such conditions.
Let us now examine how εRepair fares on such malformed inputs.

2.2 Data repair with εRepair

εRepair works as follows: Let ✓ indicate an input accepted by the
parser as before. However, the parser is also expected to distinguish
when the input is a valid prefix of some valid string. For example,
[{"key": is a valid JSON prefix, and is indicated by ▷. If the given
text is not a valid prefix, for example, [{"key":] which does not
have a valid completion, it is indicated by ⋫. The ▷ signal can also
be inferred if the parser reports the syntax error location.

Given a malformed input and a parser that can distinguish ▷
from ⋫, εRepair proceeds as follows:

(1) Boundary search. εRepair begins by locating the position
of the syntax error (called the parse boundary) using binary
search. This boundary is used to initialize the thread queue
with a single empty repair thread.

(2) Apply Repair. From any active repair thread, εRepair per-
forms either a deletion or an insertion at the parse boundary,
producing new repair threads:

(a) A repair thread where a single character or token is deleted
from the input at the error location, allowing extending
the parse boundary using the original data.

(b) Repair threads where a character is inserted at the error
location for each character in the alphabet that yields an
▷ response, enabling the parse boundary to be extended
using the original data.

(3) Extend Boundary. For each repair thread, the parse bound-
ary is extended by appending remaining characters. Non-
extendable threads are discarded.

(4) Select Threads. The algorithm selects the highest-priority
repair thread from the priority queue (ordered by preserved
data) and repeats from step 2. Duplicate threads are elimi-
nated, retaining only those with the fewest repairs.

(5) Check Completion.When the parser signals (i.e. ✓) that
a repair thread is complete, the process terminates and the
repaired input is returned.
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While εRepair handles structurally rich formats, its generality
is limited when corruption occurs in fields validated by ad hoc
matchers or when parser feedback is unreliable.
Limited usefulness of parser feedback. Corruptions in fields
such as email, phone, or date are typically checked using regular
expressions, and such validators offer only a match/non-match
result. Without information about whether the input is merely
incomplete or fundamentally incorrect, εRepair cannot infer a
boundary to guide local edits. As a consequence, these common
scalar fields fall entirely outside its repairable scope.
Sensitivity to error-boundary placement. εRepair assumes
that the parser’s error location reliably indicates where repairs
should occur. This assumption can be misleading. For example,
in http://f00f:•:]:80, the local boundary reported after f00f:
directs εRepair toward deleting :]:, whereas the optimal fix is
to insert [ before f00f. Similarly, in http://[f0f • host.com:80,
deleting the stray [ is the correct solution. Yet it lies outside the
parser-indicated region. In such cases, εRepair ’s locality bias pre-
vents it from recovering globally minimal repairs.

These examples illustrate a broader pattern: methods that depend
on parse-boundary signals remain vulnerable to coarse, incomplete,
or unhelpful parser diagnostics. This dependency makes it difficult
to extend εRepair to formats validated only by regular expressions,
or to parsers whose feedback cannot reliably guide structural edits.

These limitations point toward a natural design direction: if
feedback cannot be trusted, then a repair technique must avoid
relying on parser characteristics in the first place.

The next section introduces a complementary approach, called
βMax, that removes this dependency. Unlike ddmax and εRepair,
βMax grounds its repairs in provided example data rather than
parser feedback, producing repairs that are optimal with respect to
an iteratively refined grammar.

3 RECORD REPAIR WITH ΒMAX

We first define a few terms used in this section.
oracle A blackbox that accepts string inputs and returns × or ✓.
alphabet Symbols in the input language of the oracle.
string An ordered sequence of input symbols. A string is valid, or
accepted if the oracle returns ✓ when given this string, and it is
invalid, or rejected if the oracle returns ×.
grammar A grammar defines the input specification for an oracle.

Similar to specification-based data-repair [1, 13, 39], βMax as-
sumes that the corrupted data originally conformed to some speci-
fication. Following numeric data imputation principles, adapted for
non-numeric, structured data, βMax assumes that the original data
is similar to the provided valid examples, and the repair algorithm’s
task is to produce a repair that is closest to these examples.

Consequently, βMax requires valid example data and, similar to
both ddmax and εRepair, assumes that there exists an oracle that
will respond ✓ to valid inputs, and × to invalid inputs. Note that
βMax is designed for, and leverages regular-language inference.

Let us start with an oracle that accepts the hostname (RFC952 [20]).
The βMax algorithm starts with a few examples: (1) a✓ (2) ac✓

(3) b1e✓ (4) b1f✓ . An invalid string (5) 1f× needs repair.
The top-level βMax algorithm is given in Algorithm 4. We de-

scribe each step in the subsections that follow.

3.1 Prefix-Tree Acceptor

βMax begins by creating a prefix-tree acceptor automata (PTA)
that corresponds to the given valid strings (Figure 1). Creating such
a PTA is the first step in grammar inference from labeled data [33].

𝑠1

𝑠2

𝑠3

𝑠4

𝑠5

𝑠6

𝑠7

a

b

c

1

e

f

Figure 1: Prefix tree automata

⟨𝑠1 ⟩ → a 〈𝑠2〉 | b 〈𝑠3〉
⟨𝑠2 ⟩ → c 〈𝑠4〉 | 𝜖
⟨𝑠3 ⟩ → 1 〈𝑠5〉
⟨𝑠4 ⟩ → 𝜖

⟨𝑠5 ⟩ → f 〈𝑠7〉 | e 〈𝑠6〉
⟨𝑠6 ⟩ → 𝜖

⟨𝑠7 ⟩ → 𝜖

Figure 2: The automata as grammar

Each prefix maps to a unique state, and the PTA accepts the input
strings exactly, capturing the most specific behavior consistent with
these strings. The states in the PTA are ordered and numbered.

An automaton can be represented as a regular grammar. The
starting state of the automaton becomes the start symbol of the
regular grammar. Each state is represented by a nonterminal symbol
in the grammar, and each transition is represented by a terminal
symbol. The transitions from a state are represented by production
rules in the equivalent grammar, starting with the transition symbol,
and ending with the nonterminal symbol corresponding to the
next state. The accepting state is represented by a nonterminal
symbol that has empty string (𝜖) as the production rule. The regular
grammar for the PTA in Figure 1 is given in Figure 2.

𝑠1

𝑠2

𝑠3

𝑠4

𝑠5

𝑠6

𝑠7

a

b

c

1

e

f

Figure 3: After step (1), (2), and (3)



Conference’17, July 2017, Washington, DC, USA Zijian Luo, Xi Wu, Hong Jin Kang, Alan Fekete, and Rahul Gopinath

𝑠12

𝑠3

𝑠4

𝑠5

𝑠6

𝑠7

c

b 1

e

f

a

Figure 4: After step (4), (5), (2)

𝑠124 𝑠3567
b

a,c 1,e,f

Figure 5: Automata 𝐴1
without blue states

⟨𝑠124 ⟩ → 𝜖

| a 〈𝑠124〉
| c 〈𝑠124〉
| b 〈𝑠3567〉
⟨𝑠3567 ⟩ → 𝜖

| 1 〈𝑠3567〉
| e 〈𝑠3567〉
| f 〈𝑠3567〉

Figure 6: 𝐺1 grammar

⟨𝑠124 ⟩ → 𝜖

| 〈𝑇𝑎〉 〈𝑠124〉
| 〈𝑇𝑐〉 〈𝑠124〉
| 〈𝑇𝑏〉 〈𝑠3567〉
⟨𝑠3567 ⟩ → 𝜖

| 〈𝑇1〉 〈𝑠3567〉
| 〈𝑇𝑒〉 〈𝑠3567〉
| 〈𝑇𝑓 〉 〈𝑠3567〉

Figure 7: 𝐺𝑐𝑜𝑣𝑒𝑟1 grammar

𝑆124
𝑇𝑏 𝜖
𝑆3567

𝑇1
1

𝑆3567
𝑇𝑓

f
𝑆3567 𝜖

Figure 8: 1f× Parse tree.

Let us call this grammar 𝐺0. From now on, we will assume that
the automaton is represented as a regular grammar.
Augmenting invalid exampleswith neighborhood exploration.

In traditional algorithms for inferring languages from labeled data [38],
the labeled valid strings determine the effectiveness of recall of the
final grammar. On the other hand, the effectiveness of precision is
determined by the labeled invalid strings. We found that a single
invalid string (the string to be repaired) was insufficient to generate
grammars with sufficient precision and we needed additional in-
valid strings. While it is easy to generate invalid strings, we found
that the quality of such strings were important. An invalid string is
of high quality if it is very close to validity. That is, at most one or
two symbols away from a valid string. Such invalid strings serve
to constrain the generalization process, and hence improve the
precision of the automaton produced.

To produce such strings, we mutated the PTA one transition at a
time. Then, we produced strings that contained that transition. That
is, if there are 𝑛 transitions in the PTA, this process produces 𝑛 new
PTAs, from which we produce a new set of strings that differ from
the original by exactly one character. Next, we check the strings
generated by these new PTAs. If the string from the newly induced
transition was rejected, it is added to the invalid examples. We call
this process the neighborhood exploration, or NE for short.

In our case, our example set is extended by (6) 1e× and (7) 1g× .
Note that the invalid samples do not change the PTA.

Algorithm 1 State Merging Algorithm

1: function StateMerge(𝑆+, 𝑆−, 𝑃 )
2: 𝐴← PTA(𝑆+)
3: 𝐻 ← [] ⊲ Record committed merges (in order)
4: Red← {𝑞0}; Blue← children(𝑞0)
5: while Blue ≠ ∅ do
6: 𝑞𝑏 ← select(Blue)
7: 𝑆+

𝑏
← {𝑥 ∈ 𝑆+ | 𝑥 passes through 𝑞𝑏 }

8: merged← false

9: for all 𝑞𝑟 ∈ Red do

10: 𝑆+𝑟 ← {𝑥 ∈ 𝑆+ | 𝑥 passes through 𝑞𝑟 }
11: if canmerge(𝑆+𝑟 , 𝑆+𝑏 , 𝑃 ) then
12: 𝐴′ ← merge(𝐴,𝑞𝑟 , 𝑞𝑏 )
13: if verified(𝐴′, 𝑆+, 𝑆−, 𝑃 ) then
14: 𝐴← 𝐴′

15: append(𝐻, (𝑞𝑟 , 𝑞𝑏 ))
16: merged← true

17: break

18: if not merged then

19: Red← Red ∪{𝑞𝑏 }
20: Blue← {𝑐 | 𝑠 ∈ Red, 𝑐 ∈ children(𝑠), 𝑐 ∉ Red}
21: return 𝐴,𝐻

Algorithm 2 Can Merge Check for Candidates

1: function CanMerge(𝑆+
𝑖
, 𝑆+
𝑗
, 𝑃 )

2: for sample((𝑥𝑖 , 𝑥 𝑗 ) ∈ 𝑆+𝑖 × 𝑆
+
𝑗
, 𝐾 ) do ⊲ We use K=1

3: for (𝑎, 𝑏) ∈ {(𝑥𝑖 , 𝑥 𝑗 ), (𝑥 𝑗 , 𝑥𝑖 )} do
4: if concat(𝑝𝑟𝑒 𝑓 𝑖𝑥 (𝑎), 𝑠𝑢 𝑓 𝑓 𝑖𝑥 (𝑏)) ∉ 𝐿(𝑃) then
5: return false
6: return true

Algorithm 3 Consistency Check for Candidate Merge

1: function Verified(𝐴, 𝑆+, 𝑆−, 𝑃 )
2: return ¬ any(𝑤 ∈ 𝑆− : 𝐴(𝑤))

3.2 State Merging and Generalization

The next step is to detect if any pairs of states can be merged. Two
states can be merged if and only if all inputs that were originally
identified as invalid remain invalid. Any input that was previously
valid continues to be valid when any two states in the automaton
are merged. For this, we adapt the state merging algorithm from
the classic RPNI blue-fringe variation [30, 38] as below.

(1) Mark the initial state as red (Figure 3).
(2) Identify all states that are reachable from the initial state in

a single transition. Mark them as blue (Figure 3).
(3) Pick a blue state in a deterministic fashion (Figure 3).
(4) Try merging the selected blue state with each red state, one

at a time. Merging two states produces a new state whose
incoming and outgoing transitions are the unions of the
respective transitions from both original states. Commit to
the merge if the chosen merge is consistent, and continue
with the next blue state in step 3 (Figure 4).

(5) If none of the red states could be merged with the picked
blue state, then color it red. Continue to (2) if any blue states
exist. Otherwise, output the last automaton (Figure 5).
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Algorithm 4 βMax Repair Algorithm

1: function BetaMax(𝑆+, 𝑐0, 𝑃 )
2: 𝑆− ← {𝑐0} ∪ NE(𝑆+, 𝑃)
3: 𝐺,𝐻 ← StateMerge(𝑆+, 𝑆−, 𝑃)
4: loop

5: 𝑐𝑟 ← MinPenaltyParse(Cover(𝐺), 𝑐0)
6: if 𝑃 (𝑐𝑟 ) = ✓ then return 𝑐𝑟
7: 𝑆− ← 𝑆− ∪ {𝑐𝑟 }
8: 𝐺 ← ReplayMerges(𝑆+, 𝑆−, 𝐻, 𝑃)

Incremental refinement by merge replay. The initial call to
StateMerge also records a merge history 𝐻 consisting of all com-
mitted (successful) merges in their original order. When a candidate
repair 𝑐𝑟 is rejected, we add 𝑐𝑟 as a new negative counterexample
and refine the hypothesis by replaying only the merges in 𝐻 . Any
merge that would now accept a negative counterexample is skipped.
Checking mergeability. The quality of repairs is strongly influ-
enced by the accuracy of the grammar inferred. βMax starts with
a set of examples. The valid examples determine the recall of the
inferred grammar, and the invalid examples determine the precision.
To ensure that we do not merge states that should not be merged,
we identify new strings that can be created by the merger of two
states, and check their validity with the blackbox program.

Given a state 𝐴, any string 𝑋 that passes through 𝐴 can be split
into𝑋𝑝𝑟𝑒 𝑓 𝑖𝑥 which is the path from the start state to𝐴, and𝑋𝑠𝑢𝑓 𝑓 𝑖𝑥
which is the path from𝐴 to the final state. Two states𝐴, and 𝐵, with
strings 𝑋 and 𝑌 passing through them, can be merged if and only if
all possible strings (𝑋𝑝𝑟𝑒 𝑓 𝑖𝑥 , 𝑌𝑠𝑢𝑓 𝑓 𝑖𝑥 ) are accepted by oracle. This
algorithm is given in Algorithm 2. We found a sampling strategy
of 𝐾 = 1 optimal for data recovery and repair rate (Table 11). The
state-merging algorithm is given in Algorithm 1.
Checking consistency.When merging states all invalid strings
from the example set should also remain invalid after merge. For
example, in the PTA from Figure 1, merging the states s1 and s2 re-
sults in a new automata (Figure 4) which continues to reject (5) 1f× ,
(6) 1e× , and (7) 1g× . Similarly, the final automata in Figure 5 also
continues to reject these inputs. This check is given in Algorithm 3.

This process results in a refined hypothesis automaton we call
𝐴1. The corresponding regular grammar 𝐺1 is given in Figure 6.

3.3 Covering Grammar and Repair

The 𝐺1 grammar from Section 3.2 is next used to generate a poten-
tial repair for our corrupted data record. This covering-grammar
approach used by structural repair [1, 41] is described below.

Given a grammar 𝐺1, each terminal symbol 𝑥 is replaced by a
nonterminal symbol 〈𝑇𝑥 〉with the following definition that provides
tolerance for errors. Let ‘Σ’ denote any character, ‘Σ+’ one or more
characters, and let ‘Σ𝑥 ’ denote any character other than x. Then,

⟨𝑇𝑥 ⟩ → 𝑥 | Σ+ 𝑥 | Σ𝑥̂ | 𝜖
Intuitively, each character 𝑥 may be realized as (1) itself, (2) any

non-empty sequence of characters ending in 𝑥 (insertion), (3) a
single character different from 𝑥 (substitution), or (4) deletion. This
gives us the covering grammar 𝐺𝑐𝑜𝑣𝑒𝑟 . Notably, the Σ+𝑥 produc-
tion permits multi-character insertions, handling two- or three-
character corruptions in one step.

Next, production rules are annotated with penalties. Each use
of an error-tolerant production rule such as Σ+𝑥 , Σ𝑥 , or 𝜖 incurs a
positive penalty, whereas an exact match on 𝑥 incurs zero penalty.
We then use any context-free parser and parse the corrupted string
𝑐0 with this grammar and choose candidate with the least penalty.

For example, parsing the corrupt input 1f× with𝐺𝑐𝑜𝑣𝑒𝑟 produces
the parse tree in Figure 8, which indicates the least number of edits
to be made to the string to make it parsable by𝐺1. In the parse tree
(Figure 8), we replace𝑇𝑏 → 𝜖 with b, which is the only edit needed.
We apply these edits, producing the repair candidate 𝑐1.

This repair candidate is processed by the parser. In our example,
the parse accepts b1f✓ . However, if the parser rejects the repair
candidate 𝑐1, we add 𝑐1 as a new counterexample and refine the
hypothesis, producing the next approximation grammar 𝐺2.

This process continues until the repair is complete.
The repair produced is optimal with respect to the inferred gram-

mar: no correction consistent with the grammar incurs fewer edits.
As the grammar is iteratively refined to approximate the target
format, successive repairs converge closer to the example data.

4 EVALUATION

How does βMax compare with state-of-the-art? We propose the
following research questions to investigate βMax effectiveness.

4.1 Research Questions

Among parser-centric, format-agnostic repair techniques, εRepair
is state-of-the-art and uniquely handles records without identifiable
waypoints, hence we use this as benchmark. Specification-based ap-
proaches such as RSR [31] are excluded as they are non-comparable.

Given the limited information available to βMax in comparison
to εRepair, the first question we ask is about whether data repair
can actually repair a significant number of inputs.
RQ1: How many inputs can βMax repair in comparison to

εRepair? An answer to this question can tell us whether grammar
inference can form a useful tool for a data engineer.

The next question we ask is about the quality of data repair
achieved in conserving original data.
RQ2: What is the quality of data repair by βMax in compari-

son to εRepair?

Finally, a data repair algorithm should be feasible to run for thou-
sands of corrupt records. Hence, we ask:
RQ3: How does βMax compare to other techniques in run-

time performance and oracle calls required?

The details of experiments are given next.
Platform. Experiments were conducted on a Mac M2 Ultra with
192 GB RAM.
Research Protocol.We ran each repair technique and collected
metrics, with a time limit of 300 seconds per record for both εRepair
and βMax. Earley algorithm [6] wase used for parsing.

4.2 Evaluation Subjects

To enable accurate assessment, we evaluated βMax on six represen-
tative string-based input categories with regular expressions from
regexlib.com: (1) date validating calendar dates, (2) time validating
time stamps, (3) isbn validating ISBN identifiers, (4) ipv4 for IPv4
addresses, (5) ipv6 for IPv6 addresses, and (6) url for URLs.

https://regexlib.com
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Table 1: Subject regular expressions and average record

lengths (𝜇 |𝑟 |) from 100 records.

Cat. Regex 𝜇 |𝑟 |
Date ^\d{4}-\d{2}-\d{2}$ 10.00 ± 0.00
Time ^\d{2}:\d{2}:\d{2}$ 8.00 ± 0.00
ISBN ^(?:\d[- ]?){9}[\dX]$ 13.00 ± 0.00
IPv4 ^(\d{1,3}\.){3}\d{1,3}$ 13.60 ± 1.16
IPv6 ^([0-9a-fA-F]{1,4}:){7}[0-9a-fA-F]{1,4}$ 26.36 ± 3.00
URL ^https?:\/\/(www\.)?[-a-zA-Z0-9@:%._\+~#=]

{1,256}\.[a-zA-Z0-9()]{1,6}
\b([-a-zA-Z0-9()@:%_+.~#?&//=]*)$

32.81± 12.89

Table 2: Successfully repaired records across corruption levels

(timeout = 300s, total records = 50 per subject per row).

Subject βMax βMax % εRepair εRepair%

1-
co
rr
up

tio
n

date 50 100% 15 30%
ipv4 50 100% 40 80%
ipv6 36 72% 35 70%
isbn 49 98% 43 86%
time 47 94% 14 28%
url 28 56 37 74%

2-
co
rr
up

tio
n

date 50 100% 13 26%
ipv4 36 72% 37 74%
ipv6 21 42% 32 64%
isbn 48 96% 33 66%
time 50 100% 9 18%
url 38 76% 30 60%

3-
co
rr
up

tio
n

date 48 96% 6 12%
ipv4 50 100% 33 66%
ipv6 23 46% 23 46%
isbn 48 96% 17 34%
time 48 96% 3 6%
url 31 62% 6 12%

Total 751 83.4% 426 47%

Table 1 reports the regular expressions used for each category.
We manually collected valid records for each of these categories.
For each category, we curated a dataset of 100 valid examples.
The average record lengths (𝜇 |𝑟 |) are shown in Table 1. We split
these into two subsets randomly: 50 records for grammar inference
(training) and 50 records for record repair (testing).
Single/Double/Triple corruptions For each record, we induced
corruptions uniformly at random from three operations: deletion,
substitution, or insertion. We evaluated three corruption levels:
1-corruption (single character), 2-corruption (two consecutive char-
acters), and 3-corruption (three consecutive characters). If a cor-
ruption did not result in a parse error, we resampled until a valid
corrupt record was obtained. For each format, we produced 100
records for each of the 1-, 2-, and 3-corruption levels.

5 RESULTS

RQ1: How many corrupt records can be repaired by βMax?

We compare the number of repaired files for βMax and εRepair
(Table 2). The best values per row are bolded. We also provide the
percentage of inputs repaired by each approach.

RQ2:What is the quality of data repair by βMax and εRepair?

We collected all corrupt records that could be successfully repaired
by each technique. For each repaired pair, we computed the edit
distance between the corrupt record and the repaired record; results
are summarized in Table 3. The standard deviation is given after ±.
The best values are marked in bold, with overall average last.

For a data engineer, the most important question in terms of
data recovery is the amount of data that could be recovered from
the given corrupted data. Table 4 captures the amount of data that
was recovered from the corrupted data by each approach.
RQ3: How does βMax compare to εRepair in runtime per-

formance and oracle calls required?We report average runtime
in Table 5 and oracle calls in the repair phase in Table 6. βMax
averages 35.8 seconds per record compared to 55.9 seconds for
εRepair, a 1.6× speedup. More significantly, βMax invokes the ora-
cle on average only 1.5 times per record compared to 41.5 times for
εRepair—a 27.7× reduction. This advantage is especially important
when oracle invocation is costly, for example when the validator
is accessed over a network. We additionally report the one-time
precompute oracle cost of constructing the initial hypothesis DFA
(including neighborhood exploration via mutation augmentation
and cross-merge validation during state merging). This hypothesis
DFA (and its merge history) is cached and reused across differ-
ent inputs. When a candidate repair is rejected, βMax refines the
hypothesis DFA incrementally by replaying the recorded merge
history under the expanded negative set, rather than re-running
state merging from scratch. Therefore, the precompute oracle calls
in Table 7 are amortized and incurred only once per subject. The
detailed stage-wise breakdown of βMax execution time is given in
Table 8 and discussed further in Section 6.

6 DISCUSSION

A significant number of real-world, especially tabular data formats
are validated by regular expressions [15]. In many cases, it is impos-
sible to modify the parser to provide an error feedback as εRepair
requires. In such cases, one needs to rely on data-imputation from
available example records. βMax shows that data-imputation from
such available example records can be practical, and can even be
faster than the state-of-the art baseline εRepair.

Our results from Table 3 show that βMax achieves an average
edit distance of 2.8 compared to 1.7 achieved by εRepair. Indeed,
having access to accurate error feedback allows εRepair to identify
precisely where to repair so as to minimize the number of edits.
However, even without access to parse feedback—we only know
whether the data is accepted or not—βMax repairs come within
one edit distance on average to that achieved by εRepair.

Critically, however, Table 4 shows that βMax recovers 92% of
the original data compared to 91% from εRepair. This is important
because the primary objective of a data engineer is to recover as
much of the original data as possible.

Furthermore, βMax relies on existing data for the inferred gram-
mar, which means that the repairs suggested by βMax are guided
by existing data. In contrast, εRepair repairs are guided exclusively
by parser feedback. Hence, βMax repairs will be closer to existing
data records, and not unduly affected by parser idiosyncrasies.
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Table 3: Levenshtein distances between corrupt and repaired

data across corruption levels.

Subject βMax εRepair

1-
co
rr
up

tio
n

date 1.66 ± 1.42 1.31 ± 0.46

ipv4 5.00 ± 3.36 1.07 ± 0.26

ipv6 2.56 ± 2.03 1.14 ± 0.35

isbn 1.18 ± 0.39 1.58 ± 0.49
time 1.53 ± 1.18 1.43 ± 0.49
url 1.75 ± 1.77 1.05 ± 0.23

2-
co
rr
up

tio
n

date 2.02 ± 0.68 1.94 ± 0.56
ipv4 1.69 ± 0.62 1.65 ± 0.58

ipv6 2.90 ± 2.22 1.81 ± 0.53

isbn 1.90 ± 0.55 2.09 ± 0.62
time 1.92 ± 0.34 1.86 ± 0.52

url 3.32 ± 3.06 1.77 ± 0.42

3-
co
rr
up

tio
n

date 2.85 ± 0.54 2.83 ± 0.37

ipv4 6.64 ± 3.45 2.12 ± 0.69

ipv6 3.87 ± 2.29 2.04 ± 0.69

isbn 2.65 ± 0.63 3.00 ± 0.69
time 3.02 ± 0.69 3.00 ± 0.00

url 4.10 ± 3.40 2.50 ± 0.50

Average 2.79 ± 2.35 1.70 ± 0.71

Table 4: Data recovery between corrupt and repaired data

across corruption levels.

Subject βMax εRepair

1-
co
rr
up

tio
n

date 91% ± 0% 91% ± 0%

ipv4 91% ± 4% 91% ± 3%

ipv6 97% ± 2% 96% ± 0%
isbn 99% ± 2% 92% ± 0%
time 89% ± 2% 89% ± 1%

url 94% ± 4% 97% ± 1%

2-
co
rr
up

tio
n

date 90% ± 5% 89% ± 3%
ipv4 88% ± 6% 89% ± 5%

ipv6 96% ± 2% 94% ± 2%
isbn 98% ± 4% 90% ± 4%
time 87% ± 7% 86% ± 4%
url 91% ± 5% 97% ± 3%

3-
co
rr
up

tio
n

date 87% ± 7% 84% ± 5%
ipv4 87% ± 6% 85% ± 5%
ipv6 96% ± 1% 93% ± 2%
isbn 97% ± 4% 84% ± 3%
time 81% ± 7% 78% ± 2%
url 91% ± 5% 93% ± 2%

Average 92% ± 7% 91% ± 5%

Table 5: Average total runtime.

Subject βMax εRepair

1-
co
rr
up

tio
n

date 1.56±0.48 7.31±10.48
ipv4 50.24±59.71 35.77±49.92
ipv6 148.99±78.62 41.92±77.32
isbn 16.66±38.98 91.82±61.26
time 1.09±0.47 59.75±83.45
url 55.04±65.95 52.10±76.04

2-
co
rr
up

tio
n

date 3.51±0.37 12.34±26.34
ipv4 35.43±72.20 48.34±60.73
ipv6 171.74±77.60 45.24±79.13
isbn 21.23±44.93 94.20±58.51
time 1.41±0.10 104.78±88.05
url 50.20±69.06 135.91±91.28

3-
co
rr
up

tio
n

date 1.85±0.26 120.43±75.93
ipv4 90.49±55.76 39.47±45.69
ipv6 128.41±80.97 53.45±78.91
isbn 14.72±33.95 115.58±59.01
time 1.40±0.12 161.03±93.51
url 38.22±54.43 77.02±67.18

Overall avg. 35.80±64.38 55.94±70.19

Table 6: Oracle calls in the repair phase.

Subject βMax εRepair

1-
co
rr
up

tio
n

date 1.00±0.00 7.00±0.00
ipv4 1.00±0.00 16.48±27.14
ipv6 1.94±1.00 23.92±54.87
isbn 2.20±4.97 61.23±46.38
time 1.00±0.00 7.00±0.00
url 1.64±1.91 15.47±30.68

2-
co
rr
up

tio
n

date 1.00±0.00 68.38±45.87
ipv4 3.57±5.30 33.94±42.83
ipv6 1.81±0.59 33.23±60.02
isbn 2.33±3.78 71.23±44.24
time 1.00±0.00 79.00±64.94
url 1.00±0.00 103.08±66.51

3-
co
rr
up

tio
n

date 1.00±0.00 93.50±60.54
ipv4 1.72±0.45 28.76±33.61
ipv6 1.65±0.63 40.35±65.23
isbn 1.92±3.74 82.29±42.86
time 1.00±0.00 113.67±67.65
url 1.00±0.00 53.50±47.21

Overall avg. 1.50±2.32 41.51±52.68

In terms of performance, Table 5 suggests that βMax has an
average runtime of 35.8 seconds compared to 55.9 for εRepair. That
is, βMax is 1.6× faster than εRepair in repairing data on average.
Finally, we are leveraging an external program—the parser—for data-
repair. Hence, it is instructive to look at how often this external

program (the oracle) was invoked. Table 6 reports oracle calls in the
repair phase. Our results show that, on average, βMax invoked the
oracle only once. That is, after βMax inferred the base grammar
from the provided examples, only a small correction was necessary
on the grammar before the repaired input was accepted by the
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Table 7: βMax precomputation oracle calls

Includesmutation augmentation and cross-merge validation.

Subject #Oracle calls

date 1070
time 734
isbn 2751
ipv4 3903
url 854
ipv6 8566

Table 8: βMax stage-wise cost across corruption levels (itera-

tions and time breakdown; timeout = 300s).

Sub. G. Inf (sec)
#Oracle

calls

Orc. time

(sec)

G. Repair

(sec)

Total time

(sec)

1-
co
rr
up

tio
n

date 0.00 ± 0.00 1.00 ± 0.00 0.02 ± 0.00 0.88 ± 0.14 0.96 ± 0.14
time 0.00 ± 0.00 1.00 ± 0.00 0.02 ± 0.00 0.36 ± 0.06 0.43 ± 0.06
url 0.38 ± 1.15 1.64 ± 1.91 0.03 ± 0.04 79.73± 65.47 80.23± 65.84
isbn 3.70 ± 15.60 2.20 ± 4.97 0.04 ± 0.09 10.27± 21.21 14.08± 36.87
ipv4 2.83 ± 13.87 1.00 ± 0.00 0.02 ± 0.00 17.44 ± 1.57 20.36± 14.15
ipv6 7.49 ± 8.62 1.94 ± 1.00 0.04 ± 0.02 141.25± 69.16 148.87± 73.89

2-
co
rr
up

tio
n

date 0.00 ± 0.00 1.00 ± 0.00 0.02 ± 0.00 0.80 ± 0.22 1.89 ± 0.22
time 0.00 ± 0.00 1.00 ± 0.00 0.02 ± 0.00 0.32 ± 0.10 1.41 ± 0.10
url 0.00 ± 0.00 1.00 ± 0.00 0.02 ± 0.00 49.08± 69.04 50.20± 69.06
isbn 7.53 ± 21.84 2.33 ± 3.78 0.04 ± 0.07 12.60± 23.07 21.23± 44.93
ipv4 14.38± 31.85 3.57 ± 5.30 0.06 ± 0.10 19.93± 41.03 35.43± 72.20
ipv6 15.82± 12.35 1.81 ± 0.59 0.03 ± 0.01 154.78± 68.25 171.74± 77.60

3-
co
rr
up

tio
n

date 0.00 ± 0.00 1.00 ± 0.00 0.02 ± 0.00 0.78 ± 0.26 1.85 ± 0.26
time 0.00 ± 0.00 1.00 ± 0.00 0.02 ± 0.00 0.34 ± 0.12 1.40 ± 0.12
url 0.00 ± 0.00 1.00 ± 0.00 0.02 ± 0.00 37.10± 54.42 38.22± 54.43
isbn 4.23 ± 15.97 1.92 ± 3.74 0.03 ± 0.07 9.41 ± 17.96 14.72± 33.95
ipv4 74.53± 47.21 1.72 ± 0.45 0.03 ± 0.01 14.86 ± 8.76 90.49± 55.76
ipv6 12.93± 13.20 1.65 ± 0.63 0.03 ± 0.01 114.37± 69.94 128.41± 80.97

Avg. 8.04 ± 24.92 1.50 ± 2.32 0.03 ± 0.04 27.01± 54.72 35.80± 64.38
G. Inf. = avg. grammar-inference time, Orc time = avg. time in oracle calls; G.

Repair = avg. grammar-repair time, Total time = total time taken.

oracle. This is in contrast to εRepair which required 41.5 oracle
calls on average. This is not surprising, however, because each
thread in εRepair relies on oracle calls to provide guidance on what
next to do. We observe here that the time taken by oracle calls is
dependent on the subject and can vary widely. In particular, the
validating parser may even be over the network, which can make
oracle calls very expensive.

6.1 Ablation study of βMax performance.

Why does βMax require 35.8 seconds on average even though it
only needs one oracle call? To investigate this, we decomposed
the execution stages of βMax. This is provided in Table 8. The
table shows that the biggest chunk of computation is spent on
grammar-repair (G. Repair). That is, the regular grammar learned
from grammar inference is extended into a covered grammar, and
this grammar is used to parse the corrupted string. There are several
potential ways to parse the string, all of which needs to be explored
concurrently, and the best one with least penalty chosen, which
induces the computational overhead.
Impact of initial positive examples. One of the questions that
can be asked is about the impact of the initial seed corpus. In
Table 9 we document the impact of initial seeds used (K). The

Table 9: Ablation study on the number of initial positive

seeds (𝐾), with corruptions combined (1, 2, and 3).

𝐾 Edit distance Avg. Repair rate

50 2.79 ± 2.35 83.33%

25 2.47 ± 1.65 72.11%
12 2.80 ± 1.87 79.11%
6 3.98 ± 3.97 82.78%

Edit distances are computed only over successfully repaired cases.

edit-distance column is the edit distance between corrupted and
repaired strings. Our analysis reveals that 𝐾 = 50 is the sweet-
spot for the number of initial positive samples, which obtains the
maximum number of repaired strings. When using valid examples
more than this number, the initial automata produced becomes
too complex, resulting in a much longer grammar-inference and
grammar-repair time, reducing the success rate for larger samples.
On the other hand, when using valid examples smaller than 𝐾 = 50,
the initial grammar inferred is rather simple, and multiple iterations
are required to complete the repair. The edit distance is smaller at
𝐾 = 25 because harder-to-repair corrupted strings were excluded
from the successfully repaired set.
Impact of neighborhood exploration. Another question that we
wanted to explore was about the impact of neighborhood exploration.
How many new invalid strings should be constructed so that the
repair quality is sufficient? To understand, we plotted the impact
of different neighborhood (invalid) samples on repair quality. The
result is given in Table 10.
Impact of active cross-merge validation A final question is
on the impact of number of samples for cross-merge validation
during state merging. The ablation study of 0 to 3 samples is pro-
vided in Table 11. Our results show that the maximum repair rate
is achieved under 1 cross-merge validation sample, with a small
(0.04%) decrease in recovery compared to no cross-merge validation
at all.

Table 10: Ablation study: impact of data augmentation with

NE on repair performance (mutations combined).

#NE Edit distance Avg iterations Repair rate

0 2.09 ± 1.22 6.69 ± 23.32 67.44%
20 2.23 ± 1.29 4.56 ± 17.57 73.56%
40 2.71 ± 2.91 7.27 ± 23.56 70.78%
60 2.79 ± 2.35 8.04 ± 24.92 83.33%

80 2.01 ± 1.17 8.40 ± 24.24 73.00%
100 2.27 ± 1.54 5.59 ± 19.96 74.67%

The columns are as follows: #NE reports the number of invalid
strings generated, Edit-Distance shows the average Levenshtein
distance between corrupted and repaired strings, Avg iterations
show the number of iterations necessary before the number of
required invalid strings were generated, and Repair rate shows the
number of successful repairs made.

Our analysis suggests that the repair rate peaks when the number
of invalid strings is about 60. Hence, this is the number of invalid
neighbors we used for empirical evaluation.
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Table 11: Ablation study: impact of cross-merge validation

(Samples) on repair performance (mutations combined).

Samples Edit distance Data recovery Repair rate

0 3.45 ± 1.53 90.48% ± 6.25% 71.44%
1 2.49 ± 1.39 90.41% ± 6.73% 83.78%

2 2.47 ± 1.37 90.39% ± 6.80% 81.56%
3 2.54 ± 1.39 90.34% ± 6.70% 81.78%

6.2 Data-Imputation

How does our approach differ from regular-expression based struc-
tural repair methods such as RSR [31]? We note that each transition
in the automaton we produce is based on at least one valid data
record given. We only augment the set of invalid data records
through mutation, and we intentionally do not attempt active gram-
mar inference (e.g., with L*). This means that any data record pro-
duced will have values that are closest to other records in the data
set. For example, it is likely that a host name field may accept ipv4
or ipv6 records. However, if all existing data is based on domain
names, it is unlikely that a given record is an ipv4 record even if
the closest valid correction is to make the data an ipv4 record.

6.3 Applicability beyond regular languages

How does βMax fare against εRepair when repairing complex data
formats beyond regular expressions? We evaluated both on JSON,
a context-free language, with results in Table 12 and Table 13. Even
though βMax approximates the JSON format using a regular gram-
mar, it achieves superior data recovery compared to εRepair across
all corruption levels (95% vs 82% on average). The consistent data-
recovery advantage suggests that regular-grammar approximation
is a practical strategy even for context-free formats.

7 LIMITATIONS

Computational complexity of grammar-repair. The grammar-
repair phase involves constructing and parsing with a covering
grammar, which is inherently context-free. General context-free
parsing has𝑂 (𝑛3) time complexity with respect to input length. As
shown in Table 8, the grammar-repair stage dominates execution
time for longer inputs such as IPv6 and URL. While this overhead
is acceptable for typical data-record lengths encountered in tab-
ular data, it can become unwieldy for substantially larger inputs.
Optimizations such as more efficient parsing strategies may be
necessary for scaling to longer records.
Dependence on initial sample quality. The performance of
βMax strongly depends on the representativeness of the initial
valid samples. As demonstrated in our ablation study (Table 9), both
repair rate and recovery quality suffer when insufficient or non-
representative samples are provided. If the initial corpus does not
adequately capture the variability of the target format, the inferred
grammar may be either too specific—failing to generalize to valid
corrupted inputs—or too permissive after state merging—producing
repairs that diverge from the original data. This is not a problem
in practice where tabular data often contain a large number of
valid records. If otherwise, practitioners should ensure that the
seed corpus reflects the expected data record diversity.

Regular grammar assumption. βMax assumes that the data
format accepted by the oracle can be approximated by a regular
grammar. This assumption holds for many string-based formats
commonly found in tabular data, including dates, times, identifiers,
and network addresses. However, this assumption may not be valid
for formats requiring context-free or context-sensitive grammars,
such as nested JSON structures, XML documents, or programming
language fragments. Similarly, binary formats such as TLV (Type-
Length-Value) encodings, which encode structural constraints in
field lengths, are not well-suited to our approach. Extending βMax
to handle such formats would require fundamentally different gram-
mar inference and repair mechanisms.
Oracle invocation constraints. βMax assumes that the oracle can
be invoked programmatically and repeatedly at low cost. However,
in certain practical settings, repeated oracle invocation may be
infeasible. or prohibitively expensive. In such scenarios, a passive
grammar inference approach with a more comprehensive initial
corpus may be preferable.

8 RELATEDWORK

We next document some of the closely related research.
Constraint-based Input Repair. Constraint-based input repair
techniques restores invalid inputs by enforcing structural or seman-
tic constraints. Such constraints may either be explicitly specified
by developers or inferred automatically from a corpus of valid
examples. Early work on data structure repair by Demsky and Ri-
nard [11, 12] and subsequent extensions [43] focus on learning
consistency invariants over data structures (e.g., pointer relation-
ships or object graphs) and repairing violations to reestablish a
consistent state. Related approaches in data cleaning and valida-
tion similarly rely on integrity constraints or rules learned from
samples [32] or provided by users [14].
Specification-less black-box Input Repair. Specification-less
black-box input repair techniques treat the target program or parser
purely as an oracle that classifies inputs as valid or invalid without
assuming access to internal program state, source code, or gram-
mar specifications. ddmax [27] was the first black-box approach
designed for input repair. It frames repair as a maximization prob-
lem:What is themaximal valid string that can be recovered from the
corrupted input string? While effective in many scenarios, ddmax
is inherently limited by its deletion-only repair model and its as-
sumption that a minimal valid base input exists, and assumption of
waypoints. Finally, ddmax can also result in extreme data-loss at
times when corruptions interact with the ddmax partitioning [34].

εRepair [34] improves upon ddmax by incorporating insertion
operations and by exploiting richer forms of parser feedback, en-
abling it to repair inputs that require the addition or modification
of symbols rather than simple removal. However, such accurate
feedback is not guaranteed in several places where input repair may
be needed. While εRepair can repair data conforming to regular
expressions, it requires specially instrumented regular expression
library RE2 for this purpose. This library may not be usable in all
circumstances. To our knowledge, βMax is the only algorithm that
can repair data that is described by regular expressions in blackbox
settings without access to instrumented libraries.
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Table 12: Levenshtein distances between corrupt and repaired

data for JSON (timeout = 300s, total = 50 per row).

Corruption βMax εRepair

1-corruption 2.12 ± 1.42 2.68 ± 2.80
2-corruption 3.49 ± 1.13 3.30 ± 2.30

3-corruption 3.94 ± 1.04 5.10 ± 2.87

Average 3.18 ± 1.20 3.69 ± 2.66

Table 13: Data recovery between corrupt and repaired data

for JSON (timeout = 300s, total = 50 per row).

Corruption βMax εRepair

1-corruption 97% ± 6% 88% ± 25%
2-corruption 94% ± 7% 85% ± 19%
3-corruption 94% ± 7% 72% ± 28%

Average 95% ± 7% 82% ± 24%

White and Gray-box Input Repair.White- and gray-box input
repair techniques leverage varying degrees of access to the internal
behavior of the program while processing the input. Docovery [29]
uses symbolic execution to explore alternative execution paths
and automatically modify corrupted documents so that the pro-
gram avoids error states. Other techniques identify and analyze the
specific regions of the input responsible for failures [3], enabling
targeted modifications to those regions. Such approaches can pro-
duce precise repairs by understanding why an input fails, rather
than merely observing that it fails. However, in contrast to βMax,
these methods require access to program internals, source code, or
sophisticated analysis infrastructure, which may not be available
or practical for arbitrary parsers or large collections of programs.
Parser-directed Input Repair. Parser-directed input repair origi-
nates from compiler theory and focuses on recovering from syntax
errors during parsing in order to continue processing the input.
Classical techniques include minimum-distance error-correcting
parsers [1], heuristic-based recovery strategies for LL and LR parsers [4,
5, 7, 9], as well as forward and backward recovery moves [8, 35].
Panic-mode recovery, which skips input symbols until a synchro-
nization point is reached, is widely used in practice and surveyed
in detail by Hammond and colleagues [19].

Modern parser generators such as ANTLR [39] incorporate so-
phisticated error recovery mechanisms, including token insertion,
deletion, and replacement, to ensure that parsing can proceed even
in the presence of errors. Recent work has revisited parser error
recovery with a focus on improving diagnostic quality and mini-
mizing unintended edits [13]. These approaches typically require
access to an explicit grammar and prioritize continued parsing over
faithful data recovery. As a result, the repaired input may be syn-
tactically valid but semantically distant from the original data. In
contrast, βMax aims to compute minimal-edit repairs guided by
parser feedback, without necessarily requiring an explicit grammar,
and with an emphasis on maximally preserving the original input.
LLM-based Input Repair. Recent work explores large language
models (LLMs) for input repair and data cleaning [37, 48, 49]. LLM-
based approaches are particularly effective for common and well-
represented formats such as INI, JSON, and SExp, especially when
similar data appears frequently in training corpora. By leveraging
contextual understanding and learned patterns, LLMs can often
propose plausible repairs for both syntactic and semantic errors.

Despite these advantages, our focus remains on algorithmic
repair techniques: they offer deterministic, reproducible behavior,
stronger correctness guarantees, and are free from hallucination or
prompt sensitivity. They also integrate naturally into LLM pipelines
as validation or minimization tools, supplying provably optimal
solutions for downstream processing.

9 THREATS TO VALIDITY

External Validity. While we evaluated βMax across seven data
formats, this covers only a narrow slice of the formats encountered
in practice. βMax operates at the character level over an ASCII
alphabet, so formats requiring Unicode or token-level representa-
tions fall outside its current scope. The corruption model used in
our study may also not capture all real-world corruption patterns.
Internal Validity. Bugs in our implementation or inaccuracies in
the baseline reimplementations could introduce bias. To reduce this
risk we validated against known repair cases and relied on publicly
available or carefully reconstructed baselines, though residual er-
rors cannot be ruled out. All benchmarks were run on an Apple
M2 Ultra workstation, so results on lower-powered hardware may
differ. The 300-second per-repair time limit was fixed without a
sensitivity study; tighter or looser budgets could shift both repair
rate and edit-distance outcomes. Additionally, βMax stops at the
first accepted repair rather than exhaustively searching for the best
one, which may occasionally globally suboptimal result.
Construct Validity. Repair quality is quantified through edit dis-
tance, data-recovery rate, and parser acceptance. Although these
metrics are well-established, they reflect structural fidelity rather
than semantic correctness or suitability for downstream use. No hu-
man or domain-expert judgement was collected, which constrains
how confidently the results can be interpreted in application con-
texts. Future work should address these gaps through user studies
and broader downstream evaluations.

10 CONCLUSION

This paper presents βMax, a novel specification-free algorithm for
repairing corrupted data records, producing repairs optimal with
respect to the provided example data. By overcoming the limitations
of both specification-dependent methods and existing specification-
free techniques, βMax enables more flexible and effective structural
recovery of malformed inputs.

Experimental results demonstrate clear improvements over the
state-of-the-art εRepair, achieving 1.77× repair ability, while re-
ducing oracle calls 27.7× compared to εRepair, and maintaining
the quality of data recovery at 92%. These findings establish βMax
as a robust and practical solution for data repair in real-world data-
processing pipelines, particularly in environments where formal
specifications or strict parser assumptions are unavailable but suffi-
cient examples exist to guide the repair process.
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