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Refining Labeling Functions With Limited Labeled Data
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Abstract

Programmatic weak supervision (PWS) significantly reduces hu-
man effort for labeling data by combining the outputs of user-
provided labeling functions (LFs) on unlabeled datapoints. However,
the quality of the generated labels depends directly on the accuracy
of the LFs. In this work, we study the problem of fixing LFs based on
a small set of labeled examples. Towards this goal, we develop novel
techniques for repairing a set of LFs by minimally changing their
results on the labeled examples such that the fixed LFs ensure that
(i) there is sufficient evidence for the correct label of each labeled
datapoint and (ii) the accuracy of each repaired LF is sufficiently
high. We model LFs as conditional rules, which enables us to refine
them, i.e., to selectively change their output for some inputs. We
demonstrate experimentally that our system improves the quality
of LFs based on surprisingly small sets of labeled datapoints.
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1 Introduction

Programmatic weak supervision (PWS) [26, 35] is a powerful tech-
nique for creating training data. Unlike manual labeling, where
labels are painstakingly assigned by hand to each training data-
point, data programming assigns labels by combining the outputs
of labeling functions (LFs) — heuristics that take a datapoint as
input and output a label — using a model. This approach dramati-
cally reduces the human effort required to label data. To push this
reduction even further, recent approaches automate the genera-
tion of LFs [6, 9, 12, 31]. For example, Witan [9] creates LFs from
simple predicates that are effective in differentiating datapoints,
subsequently guiding users to select and refine sensible LFs. Guan et
al. [12] employ large language models (LLMs) to derive LFs based on
a small amount of labeled data, further reducing the dependency on
human intervention. One advantage of PWS over weak supervision
with a black box model is that LFs are inherently interpretable.
Regardless of whether LFs are manually crafted by domain ex-
perts or generated by automated techniques, users face significant
challenges when it comes to repairing these LFs to correct issues
with the resulting labeled data. The black-box nature of the model
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def key_word_star(v): #LF-1
words = ['star', 'stars']
return POS if words.intersection(v) else ABSTAIN

def key_word_waste(v): #LF-2
return NEG if ('waste' in d) else ABSTAIN

def key_word_poor(v): #LF-3

words = ['poorly', 'useless', 'horrible', 'money']
return NEG if words.intersection(v) else ABSTAIN

(a) Three example LFs for amazon reviews

any (poor_vords in v)
false rue

false rue
(ABSTAIN)  ("ves'in v)

(ABSTAIN)  (“one’ in v)
false rue false rue
(c) Refined rule for LF-3

(b) Refined rule for LF-1

Figure 1: LFs before / after refinement by RULECLEANER

that combines LFs results obscures which specific LFs are responsi-
ble for mislabeling a datapoint, and large training datasets make it
difficult for users to manually identify effective repairs. While ex-
planation techniques for PWS [13, 36] can identify LFs responsible
for erroneous labels, determining how to repair the LFs to fix these
errors remains a significant challenge.

In this work, we tackle the challenge of automatically suggesting
repairs for a set of LFs based on a small set of labeled datapoints. Our
approach refines an LF by locally overriding its outputs to align with
expectations for specific datapoints. Rather than replacing human
domain expertise or existing automated LF generation, our method,
RULECLEANER, improves an existing set of LFs. Our approach is
versatile, supporting arbitrarily complex LFs, and various black box
models that combine them such as Snorkel [26] or simpler models
like majority voting. RULECLEANER is agnostic to the source of
LFs, enabling the repair of LFs generated by tools like Witan [9],
LLMs [12], and those created by domain experts.

To address the challenge of refining LFs expressed in a general-
purpose programming language, we model LFs as rules, represented
as trees. In these trees, inner nodes are predicates, Boolean condi-
tions evaluated on datapoints, and leaf nodes correspond to labels.
Such a tree encodes a cascading series of conditions, starting at the
root, each predicate directs navigation to a true or false child until a
leaf node is reached, which assigns the label to the input datapoint.
This model can represent any LF as a rule by creating predicates that
match the result of the LF against every possible label (see App. A).

ExamPLE 1. Consider the Amazon Review Dataset from [9, 15]
which contains reviews for products bought from Amazon and the
task of labeling the reviews as POS or P (positive), or NEG or N
(negative). A subset of LFs generated by the Witan system [9] for this
task are shown in Figure 1a. key_word_star labels reviews as POS
that contain either “star” or “stars” and otherwise returns ABSTAIN
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Anon.

id _— true old predicted new predicted LF labels: old (new)

label label by Snorkel label by Snorkel 1 2 3

0 five stars. product works fine P P P P - -

1 one star. rather poorly written needs more content and an editor N P N BP(N) | - N

2 five stars. awesome for the price lightweight and sturdy P P P P - -

3 one star. not my subject of interest, too dark N P N BP(N) | - -

4 yes, get it! the best money on a pool that we have ever spent. really cute and P N P R R N(P)

holds up well with kids constantly playing in it

Table 1: Products reviews with ground truth labels ("P"ositive or "N" egative), predicted labels by Snorkel [26] (before and after
rule repair), and the results of the LFs from Figure 1 ("-" means ABSTAIN). Results for repaired rules are shown in blue.

(the function cannot make a prediction). Some reviews with their
ground truth labels (unknown to the user) and the labels predicted
by Snorkel [27] are shown in Table 1, which also shows the three
LFs from Figure 1a. Reviews 1,3, and 4 are mispredicted by the model
trained by Snorkel over the LF outputs. Our goal is to reduce such
misclassifications by refining the LFs. We treat systems like Snorkel
as a blackbox that can use any algorithm or model to generate labels.

Suppose that for a small set of reviews, the true label is known
(Table 1). RULECLEANER uses these ground truth labels to generate
a set of repairs for the LFs by deleting or refining LFs to align them
with the ground truth. Table 1 also shows the labels produced by
the repaired LFs (updated labels shown in blue), and the predictions
generated by Snorkel before and after LF repair. RULECLEANER repairs
LF-1 and LF-3 from Figure 1a by adding new predicates (refinement).
Figure 1b and 1c show the refined rules in tree form with new nodes
highlighted in green. Consider the repair for LF-1. Intuitively, this
repair is sensible: a review mentioning “one” and “star(s)” is likely
negative.

Our RULECLEANER system produces repairs as shown in the
example above. We make the following contributions.

e The PWS Repair Problem. We introduce a general model for
PWS as programmatic weak supervision systems (PWSSs), where
interpretable LFs (rules) are combined to predict labels for a
dataset X (Section 2). We formalize the problem of repairing LFs
in PWSS through refinement and deletion, showing the problem
is NP-hard. To avoid overfitting, we (i) minimize the changes to
the outputs of the original LFs and (ii) allow some LFs to return
incorrect labels for some labeled datapoints.

o Efficient Rule Repair Algorithm. In spite of its hardness, in
practice it is feasible to solve the repair problem exactly as the
number of labeled examples is typically small. We formalize
this problem as a mixed-integer linear program (MILP) that
determines changes to the LF output on the labeled examples
(Section 3). To implement these changes, we refine individual
rules to match the desired outputs (Section 4). To further de-
crease the likelihood of overfitting and limit the complexity of
the fixed rules, we want to minimize the number of new predi-
cates that are added. This problem is also NP-hard. We propose
a PTIME information-theoretic heuristic algorithm (Section 4.2).

e Comprehensive Experimental Evaluation. We conduct ex-
periments on 11 real datasets using Snorkel [26] over LFs gen-
erated by Witan [9] or LLMs [12] (Section 5). Furthermore, we
compare against using LLMs directly for labeling and for repair-
ing LFs. RULECLEANER significantly improves labeling accuracy
using a small number of labeled examples. While direct labeling
with LLMs achieves impressive accuracy for advanced models
like GPT-4o, it is also prohibitively expensive.

def If_1(x):
text return L1 if wi in x
it else ABSTAIN
© def If_1(x):

) return L1 if wl in x

text_|_pred label
L1

1
©2 L2
3 L1

[ L3

else ABSTAIN

def If_3(x): RBBM
unlabeled data rules

4

initial labeled results

MILP small set of
— | label
solver gheied
examples
else:
return ABSTAIN

text | predlabel | new label

u 5] L2

© L2 L2

3 L1 L2

RBBM with refined rules . 8 =

refined rules

def If_1(x)_refined(x):
wlinx
return L1
elif w2 in x
return L2
else
return ABSTAIN

def If_2(x)_refined(x):
if re.find(p, x)
return L2
elif w3 in x: RuleCleaner
retumn L3

results from RBBM after refinement

Figure 2: The RULECLEANER framework for repairing LFs (rules
R). After running an PWSS (e.g., Snorkel) on the rule outputs,
RULECLEANER fixes the rules R using labeled examples X*.
Finally, the PWSS is rerun on the output of the refined rules
R* on the whole dataset X to produce the repaired labels.

2 The RuLeECLEANER Framework

As shown in Figure 2, we assume as input a set of LFs modeled
as rules R, the corresponding labels produced by an PWSS for an
unlabeled dataset X, and a small subset of labeled datapoints X* C
X.RuLECLEANER refines specific LFs based on this input, generating
an updated set of rules R*. Finally, the PWSS, Snorkel [26] in this
work, applies these revised rules to re-label the dataset.

2.1 Rules and PWSSs

To be able to repair a LF by selectively overriding its output based
on conditions that hold for an input datapoint, we model LFs as
a set of cascading conditions. A rule r is a tree where leaf nodes
represent labels from a set of labels M/ and the non-leaf nodes are
labeled with Boolean predicates from a space of predicates #. Each
non-leaf node has two outgoing edges labeled with true and false.
A rule r assigns a label r(x) to an input datapoint x by evaluating
the predicate at the root, following the outgoing edge true if the
predicate evaluates to true and the false edge otherwise. Then
the predicate of the node at the end of the edge is evaluated. This
process is repeated until a leaf node is reached. The label of the leaf
node is the label assigned by r to x.

EXAMPLE 2. Figure 3 shows the rule for a LF that returns NEG if
the review contains the word ‘waste’ and returns ABSTAIN other-
wise. In Proposition 2, we show how to translate any LF written in a
general-purpose programming language into a rule in PTIME. We have
implemented this algorithm for LF expressed as Python functions.
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'waste'in v

Figure 3: Rule form of the LF keyword_word_waste (Figure 1a)

In the sequel, we use the terms LF and rule interchangeably.

Consider a set of input datapoints X and a set of discrete labels
Y. For a datapoint x € X, yy denotes the datapoint’s (unknown)
true label. A PWSS takes X, the labels Y, and a set of rules R as
input and produces a model Mg x as the output that maps each
datapoint in X to alabel in Y. Without loss of generality, we assume
the presence of an abstain label yo € Y that is used by the PWSS
or a rule to abstain from providing a label to some datapoints.

DEFINITION 1 (PWSS). Given a set of datapoints X, a set of labels
Y, and a set of rules R, a PWSS takes R(X) as input and produces a
model Mg x : X — Y that maps datapoints x € X to labels

Mg x(x) = yx.

In the following, we will often drop R and X from Mg x when
they are irrelevant to the discussion.

2.2 The Rule Repair Problem

Rule Refinement Repairs. We model a repair of a set of rules R
as a repair sequence & = ¢4, ..., ¢; of refinement steps ¢; and
use R* = {r{,...,r. } to denote ®(R). We repair rules by refining
them by replacing a leaf node with a new predicate to achieve a
desired change to the rule’s result on some datapoints. Consider a
rule r, a path P ending in a node n, and a predicate p and two labels
y1 and yz. The refinement refine(r, P, p, y1, y2) of r replaces n with
a new node labeled p and adds the new leaf nodes for yy, y2:

For example, Figure 1b shows the result of refinement where a

leaf POS was replaced with the subtree highlighted in green.
Desiderata. Given the labeled training data X*, we would like
the repaired rules to provide sufficient information about the true
labels for datapoints in X* to the PWSS without overfitting to the
small number of labeled datapoints in X*. Specifically, we want the
repair to fulfill the following desiderata:
Datapoint Evidence. We define the evidence for a datapoint x;
as the fraction of non-abstain labels (#yo) the datapoint receives
from the m rules in R. The repaired rules should provide sufficient
evidence for each datapoint x;, such that the PWSS can make an
informed decision about x;’s label.

25 L{r}(xi) # yol

m

Evidence(x;) =

Datapoint Accuracy. The accuracy for a datapoint x; as shown
below. The accuracy of the repaired rules that do not abstain on x;

KDD ’25, August 3-7, 2025, Toronto, Canada

should be high.
Zjir (e yo Ly (i) = v, ]

Acc(x;) =
m

Rule Accuracy. In addition, the rules should have high accuracy.
The accuracy of a rule rj € R* is defined as the fraction of the n
datapoints in X* on which it returns the ground truth label.

Zier) (xi)#yo LI (i) = v, ]

n

Acc(r;.) =

Repair Cost. For a repair sequence ® and R* = ®(R) we define
its cost as the number of labels that differ between the results of
R=A{ri,....,rm} and R* = {r], ..., r7,} on X*. Optimizing for low
repair cost avoids overfitting to X* and preserves rule semantics
where feasible.

cost(®) = W [r(xi) # 7} (x)]

We state the rule repair problem as an optimization problem: min-
imize the number of changes to labeling function results (cost(®P))
while ensuring the desiderata enforced by thresholds zg (evidence),
Tace (accuracy), and 7pqcc (rule accuracy).

DEFINITION 2 (RULE REPAIR PROBLEM). Consider a black-box
model Mg x that uses a set of m rules R, a dataset of n datapoints
X, output labels Y, and ground truth labels for a subset of datapoints
X*. Given thresholds tgcc € [0,1], 75 € [0,1], and trgcc € [0, 1], the
rule repair problem is to find a repair sequence ® such that:

argming cost(P)
subjectto Vi€ [1,n]: Acc(xj) > Tgee A EVIDENCE(x;) > 1F

Vje[1,m] :ACC(r}) > Trace

Note that since we treat the PWSS as a black box, we can, in
general, not guarantee that the PWSS’s performance on the unla-
beled dataset X will improve. Nonetheless, we will demonstrate
experimentally in Section 5 that significant improvements in the
accuracy of rules on X can be achieved based on 10s of training
examples. This is due to the use of predicates in rule repairs that
generalize beyond X*. While finding an optimal repair is NP-hard,
we can still solve this problem exactly as X* is expected to be small.

THEOREM 1. The rule repair problem is NP-hard in the size of R.

3 Ruleset Repair Algorithm

We now present an algorithm that solves the rule repair problem
in two steps. In the first step, we use an MILP to determine desired
changes to the outputs of rules, and in the second step, described
in Section 4, we implement these changes by refining individual
rules to return the desired output on X*.

3.1 MILP Formulation

In the MILP, we use an integer variable o;; for each datapoint
x;i € X* and r; that stores the label that the repaired rule r]’. should
assign to x;. That is, in combination these variables store the desired
changes to the results of rules that we then have to implement by
refining each rule r; to a rule . We restrict these variables to take
values in [0, | Y/ |- 1] where value i represents the label y; € Y with
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0 encoding yo. To encode the objective (minimizing the changes to
the outputs of rules on X*) we use a Boolean variable m;; for each
rule rj and datapoint x; that is 1 iff 0;; # r;j(x;) (the output of r]’.
on x; is different from r;(x;). The objective is then to minimize the
sum of these indicators.

To encode the side constraints of the rule repair problem, we
introduce additional indicators: ¢;; is 1 if 0;; = y;i, and e;j is 1 if
0jj # yo. To ensure that the accuracy for each datapoint x; is above
Tace, We have to ensure that out of rules that do not return ygon x;,
ie,all j € [1,m] where e;; = 1, at least a fraction of 74¢c have the
correct label (c;j=1). This can be enforced if Zj Cij —Zj €ij Tacc <0
or equivalently 3};cij > X e€ij - Tacc- A symmetric condition is
used to ensure LF accuracy using the threshold 7,4¢c and summing
up over all datapoints instead of over all rules. Finally, we need to
ensure that each datapoint x; receives a sufficient number of labels
# yo. Recall that e;; encodes whether LF r’ returns a non-abstain
m - 7g. The full MILP is shown below. The non-linear constraints for
indicator variables can be translated into linear constraints using
the so-called Big M technique [11].

label. Thus, for m rules we have to enforce: Vi € [1,n] : Zj eij =

minimize }}; 3’ ; mj;

Vi e [1,n] :Zcij > Zeij'facc

subject to

Vie[ln],je[l,m]:

oij € [0,|Y]-1] J/ J
miy=oyy # ry(x)] V€Ll D ey = m-p
7

cij = L[oij = y,] ,
Eij‘ = I[Oij‘ > 0] viellml ZI: i = ZI“ € " frace
As we show next, the solution of the MILP is a solution for the

rule repair problem as long as the expected changes to the LF results
on X* encoded in the variables 0;; can be implemented as a repair
sequence ®. As we will show in Section 4 such a repair sequence is
guaranteed to exist as long as we choose the space of predicates to
use in refinements carefully.

ProrosiTION 1. Consider rulesR, X*, and the output o;; produced
as a solution to the MILP. If there exists a repair sequence ® such that
for R* = ®(R) the output on X™* is equal to o;; for alli € [1,n] and
J € [1,m], then @ is a solution to the rule repair problem.

MILP Size. The number of constraints and variables in the MILP
is both in O(n - m) where n = | X* | and m = | R |. While solving
MILPs is hard in general, we demonstrate experimentally that the
runtime is acceptable for | X* | < 200.

ExampLE 3. Consider a set of 3 datapoints X* = {x1, x2, x3} with
ground truth labels yy, =2, yy, = 1, yx, = 2, and three rulesry tors
labels Y = {0, 1,2} whereyo = 0 and assume that these rules return
the results on X* shown below on the left where abstain (incorrect)
labels are highlighted in blue (red). Assume that all thresholds are set
to 50%. That is, each datapoint should receive at least two labels # yo,
and the accuracy for datapoints and rules is at least 50% (1 correct
label if 2 non-abstain labels are returned and 2 correct labels for no
abstain label). The minimum number of changes required to fulfill
these constraints is 4. One possible solution for the MILP is shown
below on the right with modified cells shown with a black background.

r ra r3
X1 1 1 2
x2 | O 1 0
x3 | O 1 0

Given the outputs o0;; of the MILP, we need to find a repair
sequence ® such that for R* = ®(R) = {r{,...,r;,} we have
r;.(xi) = o;jj forall i € [1,n] and j € [1,m]. An important ob-
servation regarding this goal is that as rules operate independently
of each other, we can solve this problem one rule at a time.

4 Single Rule Refinement

We now detail our approach for refining a single rule.

4.1 Rule Repair

We now formalize the problem of generating a sequence of re-
finement steps ® of minimal size for a rule r; such that for a set
of datapoints and labels Z = {(x;,yi)}1.;, r} = ®(rj) we have
r;. (x;) = y; for all (x;,y;) € Z. We can use this algorithm to imple-
ment the changes to rule outputs computed by the MILP from the
previous section using: Z = {(x;,0;;) | x; € X*}. For a sequence
of refinement repairs ® we define its cost as rcost(®) = | P |.

DEFINITION 3 (THE SINGLE RULE REFINEMENT PROBLEM). Given a
ruler, a set of datapoints with desired labels Z, and a set of allowable
predicates P, find a sequence of refinements ®p,;p, using predicates
from P such that for r¢; = ®(r) we have:

®@min = argmin rcost(®) subjectto  V(x,y) € Z :rpix(x) =y
[

Let Py, denote the set of paths (from the root to a label on a
leaf) in rule r that are taken by the datapoints from X. For P € Py,
Xp denotes all datapoints from X for which the path is P, hence
also X = Upepfix Xp. Similarly, Zp denotes the subset of Z for
datapoints x with path P in rule r. The algorithm for solving the
single rule repair problem we will present in the following exploits
two important properties of this problem.

Independence of path repairs. as any refinement in a minimal
repair will only extend paths in Pg;, (any other refinement does
not affect the labels for X) and refinements at any path P; do not
affect the labels of datapoints in Xp, for a path P, # Py, a solution
to the single rule repair problem can be constructed one path at a
time (see Appendix C.1 for the formal proof).

Existence of path repairs. In appendix C.3, we show that path
repairs with a cost of at most | Xp | are guaranteed to exist as
long as the space of predicates is partitioning. That is, for any two
datapoints x; and x; we can find a predicate p such that p(x;) #
p(x2). Note that for textual data, even a simple predicate space
that only contains predicates of the form w € x where w is a word
is partitioning as long as any two datapoints (documents in the
case of text data) will differ in at least one word. Intuitively, this
guarantees the existence of a repair as for any two datapoints x1
and x; with Z(x1) # Z(x2) that share the same path (and, thus,
also label) in a rule r we can refine r using an appropriate predicate
p with p(x1) # p(x2) to assign the desired labels to x; and x3.

The pseudocode for SingleRuleRefine is given in Algorithm 1.
Given a single rule r, this algorithm determines a refinement-based
repair @,y for r such that i, (r) returns the designed label Z (x)
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Algorithm 1: SingleRuleRefine
Input :Rule r, Labelled datapoints Z.
Output:Repair sequence ® such that ®(r) fixes Z
1Y 0,00
2 Prix — {P[r,x] | x € X}

3 Yeur < T

4 foreach P € Prix do /x Fix one path at a time */
5 /* Fix path P to return correctly labels on Z */
s | Zp—{(xy | (xy) € ZAP[rx] =P}

7 ¢ «— RefinePath(reyr, P, Zp)

8 Yeur < ¢(Feur)

9 @ «— d.append(y)

10 return ¢

Algorithm 2: EntropyPathRepair

Input :Rule r, Path P, Ground truth labels Zp,,
Output:Repair sequence ® which fixes r wrt. Zp,

todo < [(Pin, Zp,,)]

2 @« []

3 Feur & T

4 Py « GetAllCandPredicates(Pin, Zp,,)
5 while todo # 0 do

6 (P, Zp) « pop(todo)

7 Prew < argming,cp I6(Zp,p)

8 | Zgatse — {(x.y) | (.y) € Zp A—p(x)}
9 | Zirwe — {(x,y) | (x,y) € Zp A p(x)}

-

0 | Ymar — argmaxycy | (x| Zerue(x) = y} |
1 Pnew < refine(reyr, P, p, Y[P1, Ymax)
12 Feur < Pnew (Teur)

13 & — D.append(Pnew)

14 if | Y7, | > 1then

15 | todo.push((P[reur, Zgatsel: Zfaise))
16 if | Y7, | > 1then

17 L t0d0~PUSh((P[rcur,Ztrue]:Ztrue))

s return ®

-

for all datapoints specified in Z by refining one path at a time using
a function RefinePath. The problem solved by RefinePath is NP-
hard. Next, we introduce an algorithm implementing RefinePath
that utilizes an information-theoretic heuristic that does not guar-
antee that the returned repair is minimal but works well in practice.

4.2 Path Repair: EntropyPathRepair

Given arule r, a path Pin € Pf;y, and the datapoints and desired la-
bels for this path Zp, , our algorithm EntropyPathRepair avoids the
exponential runtime of an optimal brute force algorithm BruteFor-
cePathRepair that enumerates all possible refinements (see Appen-
dix D.2). We achieve this by greedily selecting predicates that best
separate datapoints with different labels at each step. To measure
the quality of a split, we employ the entropy-based Gini impurity
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score I [18]. Given a candidate predicate p for splitting a set of
datapoints and their labels at path P (Zp), we denote the subsets
of Zp generated by splitting Zp based on p:

Zalse = {(x,y) | (x,y) € Zp A =p(x)}

Zirue = {(x,y) | (x,y) € Zp Ap(x)}

Using Zg,1se and Zirue wWe define the score I (Zp, p) for p:

| Ztalse |- I (Zfalse) +| Ztrue | - I6 (Ztrue)
| Zp |

I(Zp,p) =

H{x [ Z(x) =y} |

_1_ 2
I6(Z)=1- ) p(y) Zi

yeYz

p(y) =

For a set of ground truth labels Z, I5(Z) is minimal if Y = {y |
Jx : (x,y) € Z} contains a single label. Intuitively, we want to
select predicates such that all datapoints that reach a particular leaf
node are assigned the same label. At each step, the best separation
is achieved by selecting a predicate p that minimizes I (Zp, p).

Algorithm 2 first determines all candidate predicates using func-
tion GetAllCandPredicates. Then, it iteratively selects predicates
until all datapoints are assigned the expected label by the rule. For
that, we maintain a queue of paths paired with a set Zp of data-
points with expected labels that still need to be processed. In each
iteration of the algorithm’s main loop, we pop one pair of a path P
and datapoints with labels Zp from the queue. We then determine
the predicate p that minimizes the entropy of Zp. Afterward, we
determine two subsets of datapoints from Xp: datapoints fulfilling
p and those that do not. We then generate a refinement repair step
@new for the current version of the rule (r¢,,,) that replaces the last
element on Py, with predicate p (Y[P] denotes the label of the
node the end of P). The child at the true edge of the node for p
is then assigned the most prevalent label y,;,qx for the datapoints
at this node (the datapoints from Ziyye). Finally, unless they only
contain one label, new entries for Zg,1se and Zirye are appended
to the queue. As shown below, EntropyPathRepair is correct (the
proof is shown in Appendix D.3).

THEOREM 2 (CORRECTNESS). Consider a rule r, ground-truth la-
bels of a set of datapoints Zp, and partitioning space of predicates P.
Let @ be the repair sequence produced by EntropyPathRepair for path

P. Then we have:
Y(x,y) € Zp : (r)(x) =y

5 Experiments

We evaluate the runtime of RULECLEANER and its effectiveness in
improving the accuracy of rules produced by Witan [9] and LLMs.
Furthermore, we evaluate the trade-offs for the three path repair
algorithms we propose in this work. RULECLEANER is implemented
in Python. The source code can be found here [3]. Experiments
were run on Oracle Linux Server 7.9 with 2 x AMD EPYC 7742
CPUS, 128GB RAM. We evaluate RULECLEANER using Snorkel [26]
as the PWSS. We evaluate both the runtime and the quality of
the refinements produced by our system with respect to several
parameters.

Datasets and rules. The datasets used in the experiments are
listed in Table 2. Note that because of the complexity of and the
nature of multi-class labels, the LFs we used for CmPt are all from
[34], which has 26 LFs. We give a brief description of each dataset:
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Dataset #row | #word Yy #LFSyitan | #LFSiim
Amazon | 200000 68.9 pos/neg 15 23
AGnews 60000 37.7 busi/tech 9 21
PP 54476 55.8 | physician/prof 18 20
IMDB 50000 230.7 pos/neg 7 20
FNews 44898 405.9 true/false 11 20
Yelp 38000 133.6 neg/pos 8 20
PT 24588 62.2 prof/teacher 7 19
CmPt 16075 27.9 10 relations - -
PA 12236 62.6 | painter/architect 10 18
Tweets 11541 18.5 pos/neg 16 18
SMS 5572 15.6 spam/ham 17 16
MGenre 1945 26.5 | action/romance 10 14

Table 2: LF dataset statistics.

Amazon: product reviews from Amazon and their sentiment label
[16]. AGnews: categorized news articles from AG’s corpus of news
articles. For this dataset, we chose a binary class version from [9].
PP: descriptions of biographies, each labeled as a physician or a
professor [8]. IMDB: IMDB movie reviews [22]. FNews: Fake news
identification [1]. Yelp: Yelp reviews [39]. PT: descriptions of indi-
viduals, each labeled as a professor or a teacher.[8]. PA: descriptions
of individuals, each labeled a painter or an architect. [8]. Tweets:
classification of tweets on disasters [23]. SMS: classification of SMS
messages [2]. MGenre: movie genre classification based on plots
[31]. CmPt: chemical-protein relationship classification from [19].
Unless stated otherwise, the experiments in this section are run
with EntropyPathRepair. We present a detailed evaluation of these
all path repair algorithms in Section 5.4.

5.1 Refining labelling functions

In this experiment, we investigate the effects of several param-
eters on the performance and quality of the rules repaired with
RULECLEANER for several datasets.

Varying the number of labeled examples. We evaluate how the
size of X* affects global accuracy. Global accuracy is defined as the
accuracy of the labels predicted by the trained Snorkel model using
the LFs compared to the ground truth labels. Given the limited
scalability of MILP solvers in the number of variables, we used at
most | X* | = 150 datapoints. The labeled datapoints are randomly
sampled from X, with 50% correct predictions by Snorkel and 50%
wrong predictions within each sample. The reason for sampling
in this manner is to provide sufficient evidence for correct predic-
tions and predictions that need to be adjusted. Even if we have no
control over the creation of X*, we can achieve this by sampling
from a larger set of labeled examples. Figure 5a shows the global
accuracy after retraining a Snorkel model with the rules refined
by RULECLEANER. The repairs improve the global accuracy on 8
out of 9 datasets, even for very small sample sizes. The variance of
the new global accuracy also decreases as the amount of labeled
examples increases.

Varying thresholds. We evaluate the relationships between 74¢c,
TE, Trace and new global accuracy. We used Tweets with 20 labeled
examples. The details of the experiments and analysis are shown
in Appendix E.2. Based on the experiments, we recommend setting
all of the thresholds to ~ 0.7.

Anon.

5.2 Runtime

Runtime breakdowns for a subset of the experiments from Sec-
tion 5.1 are shown in Figure 6. For the breakdown of the other
datasets, please refer to Appendix E.1. The total runtime increases
as we increase the amount of labeled examples. The runtime of
the refinement step is strongly correlated with the average length
of the texts in the input dataset, i.e., the longer the average text
length (as presented in average # words in Table 2), the more time
is required to select the best predicate using EntropyPathRepair.

It is important to note that the runtime changes for both snorkel
run after refinement and MILP do not exhibit a strictly linear pat-
tern. The reason for such non-linearity arises from the fact that
the labeled datapoints are randomly sampled from X, and the com-
plexity of solving the MILP problem depends on the sparsity of the
solution space. The same reason applies for retraining with Snorkel
using the refined rules. Some sets of labeled examples result in
more complex rules even when the sample size is small, increasing
the time required for Snorkel to fit a model.

5.3 LLMs vs RULECLEANER

In this section, we compare our approach against LLMs. We consider
three setups: (i) using the LLM as a labeler (without any use of
LFs) and (ii) using the LLM to generate LFs based on with labeled
examples; and (iii) using the LLM to repair labeling functions (refer
to Appendix F). For (ii), we then investigate whether RULECLEANER
can successfully improve the LFs generated by the LLM.

The LLM as a Labeler. We compare the performance and quality
of RULECLEANER with Snorkel and LLMs as a standalone labeler. In
this experiment, we use GPT-40 and L1ama-3-8B-instruct (Llama
3 8B), using a zero-shot prompt to describe the task. Both LLMs
receive the possible labels along with the sentences, but not the LFs.
To optimize API usage, we batch 10 datapoints per call for GPT-4o,
whereas for L1ama-3-8B-instruct, we label one sentence per call
to maintain response validity. Experiments were conducted on a
Mac Studio (Apple M2 Max, 12-core CPU, 64GB unified memory,
SSD storage). The setup with RULECLEANER (RC for short shown
in the plot) is the default setup from Section 5.1. The runtime and
quality comparisons are presented in Figure 4. We did set a 48-
hour time limit, including only datasets where all three competitors
completed the task within this time limit. GPT-40 achieves the high-
est accuracy in 6 out of 7 datasets. However, for dataset CmPt,
RULECLEANER with Snorkel (37.9%) outperforms GPT4-0 (27.4%).
Upon further analysis, we speculate that GPT-40’s poor perfor-
mance could stem from the specialized terminology and complex do-
main knowledge required for labeling in ChemProt. Unlike general-
purpose datasets where LLMs excel, ChemProt contains highly
domain-specific biomedical entity interactions, which may be chal-
lenging for zero-shot prompting. Using LLMs as an end-to-end
labler comes at an unacceptable computational/monetary cost. The
experiments with GPT-40 did cost $254.42 for API usage. While we
do not know the precise computational resources that were required,
our local experiments with L1ama-3-8B-instruct, a significantly
smaller model that also cannot compete with RULECLEANER in terms
of accuracy on most datasets, demonstrate the high computational
cost of using an LLM for this purpose. In fact, RULECLEANER is ~ 2
to ~ 4 orders of magnitude faster than Llama-3-8B-instruct. In
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summary, while large models like GPT-40, but not smaller models
like Llama-3-8B-instruct, can achieve high accuracy as label-
ers, this comes at a prohibitively high computational cost. RULE-
CLEANER outperforms L1ama-3-8B-instruct in terms of accuracy
on most datasets and between 56x to 1,312x in terms of runtime.
Furthermore, LFs have the additional advantage of being inherently
interpretable which is not the case for labeling with LLMs.
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Figure 4: Comparison of 3 labelers

The LLM as a LF Generator. We investigate whether LLMs can
generate effective LF and whether RULECLEANER can fix such func-
tions to improve their accuracy. The use of LLMs for generating
LFs has been explored in recent years [12, 20]. We adapted these
existing methods to generate LFs. For an example prompt, see Ap-
pendix E.3. In each prompt, we sample a small set of sentences
along with their ground truth labels and provide two LF templates
based on keywords and regular expressions. Since the number of
LFs is determined by how many times we query the LLM, we scale
the number of LFs logarithmically in the dataset size. The number
of LFs produced for each dataset is reported as #LFsj;,,, in Table 2.
To evaluate the quality of generated LFs,y;zqn, We use the same
experimental setup described in Section 5.1. The results are shown
in Figure 5b. Out of the nine datasets used in this experiment, three
exhibit higher original global accuracy after training with Snorkel
compared to training with LFsyizqn. After refinement using labeled
datapoints, we observe improvements in eight out of nine datasets.
Two datasets, SMS and Tweets, show significant improvement.
Upon further inspection, we observed that some of the LFs gener-
ated by the LLM assign incorrect labels. For example, in SMS, one LF
is defined as follows: return HAM if any(x in text for x in
['sorry', 'please', 'home', 'call', 'message', 'buy',
"talk', 'problem', 'help', 'ask'l)else ABSTAIN. Some of
these keywords, such as “call" and “message", frequently appear
in spam messages. RULECLEANER successfully refines this LF by
correcting its label assignment, thereby improving accuracy.

5.4 Path Repair Algorithms

Next, we compare the three path repair algorithms discussed in
Section 4.2. In this experiment, we used the Tweets dataset and
randomly selected between 2 and 10 labeled examples. We show
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cost, the repaired rule size in terms of number of nodes and the
runtime in Figure 7. Note that for 10 labeled examples, the repair
runtime for BruteForcePathRepair exceeded the time limit we set
for this experiment (600 secs) and, thus, is absent from the plot. The
runtime of BruteForcePathRepair is prohibitory large even for just
8 datapoints. EntropyPathRepair achieves almost the same repair
cost as BruteForcePathRepair while being significantly faster. While
GreedyPathRepair is the fastest algorithm, this comes that the cost
of a significantly higher repair cost.

It is obvious that the runtime for BruteForcePathRepair is sig-
nificantly higher than the other 2 algorithms. GreedyPathRepair
is the fastest since it picks the first available predicate without
any additional computation. In terms of rule sizes after the repairs,
BruteForcePathRepair generates the smallest rules since it will ex-
haustively enumerate all the possible solutions and is guaranteed
to find the smallest possible solution. It is worth noting that En-
tropyPathRepair is only slightly worse than BruteForcePathRepair
while being significantly faster.

6 Related Work

We next survey related work on tasks that can be modeled as PWSSs
as well as discuss approaches for automatically generating rules
for PWSSs and improving a given rule set.
Programmatic weak supervision (PWS). Weak supervision is a
general technique of learning from noisy supervision signals, widely
applied for data labeling to generate training data [26, 27, 31] (the
main use case we target in this work), data repair [28], and entity
matching [25]. Its main advantage is reducing the effort of creating
training data without ground truth labels. The programmatic weak
supervision paradigm pioneered in Snorkel [26] has the additional
advantage that the labeling rules are interpretable. However, as such
rules are typically noisy heuristics, systems like Snorkel combine
the output of LFs using a model.
Automatic generation and fixing labeling functions. While
PWS proves effective, asking human annotators to create a large
set of high-quality labeling functions requires domain knowledge,
programming skills, and time. As a result, the automatic generation
or improvement of labeling heuristics has received much atten-
tion from the research community. Some existing methods demand
interactive user feedback in creating labeling functions [5, 10]. Wi-
tan [9] asks a domain expert to select the automatically generated
LFs and assign labels to the LFs. While the LFs produced by Witan
are certainly useful, we demonstrate in our experimental evaluation
that applying RULECLEANER to Witan LFs can significantly improve
accuracy. Other methods generate LFs without requiring user an-
notations. Snuba [31] fits classification models, such as decision
trees and logistic regressions, as LFs on a small labeled training set,
followed by a pruning process to determine which LFs for final use.
Datasculpt [12] prompts a large language model (LLM) with a small
set of labeled training data and keyword- or pattern-based LFs as
in-context examples. The LLM then generates LFs for unlabeled ex-
amples based on this input. Evaporate [4] uses an LLM to generate
data extraction functions, and then it applies weak supervision to
filter out low-quality functions and aggregate the results.

Hsieh et al. [17] propose Nemo, a framework for selecting data
to guide users in developing LFs. It estimates the likelihood of users
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proposing specific LFs using a utility metric for LFs and a model of
user behavior. Nemo tailors LFs to the neighborhood of the data,
assuming that user-developed LFs are more accurate for data simi-
lar to those used for LFs creation. However, unlike RULECLEANER,
Nemo lacks a mechanism for the user to provide feedback on the
labeling results, preventing the automatic deletion and refinement
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s greedy ol —— greedy
B entropy 5 14/ —— entropy
B brute force w4, —— brute force
;lo
o 8
6
2 8 10 3 To

4 6
# data points

4 6 8
# data points

Figure 7: Comparing path repair algorithms

of LFs. ULF [30] is an unsupervised system for adjusting LFs as-
signment for unlabeled samples (instead of repairing them) using
k-fold cross-validation, extending previous approaches addressing
labeling errors [24, 32].

Explanations for weakly supervised systems. There is a large
body of work on explaining the results of weak-supervised systems
that target improving the final model or better involving human an-
notators [5, 7, 13, 33, 36-38]. For instance, [36] uses influence func-
tion to identify LFs responsible for erroneous labels; WeShap [13]
measures the shapley value of LFs to rank and prune LFs. However,
most of this work has stopped short of repairing the rules in a PWSS
and, thus, are orthogonal to our work. Still, explanations provided
by such systems might guide users in selecting what datapoints
to label. People have also studied using human-annotated natural
language explanations to build LFs [14].

7 Conclusions and Future Work

We study repairs for LFs in PWS based on a small set of labeled ex-
amples. Our algorithm is highly effective in improving the accuracy
of PWSSs by improving rules created by a human expert or auto-
matically discovered by a system like Witan [9]. In future work, we
will explore the application of our rule repair algorithms to other
tasks that can be modeled as PWSS, e.g., information extraction
based on user-provided rules [21, 29].
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A Translating Labeling Functions Into Rules

In this section, we detail simple procedures for converting labeling
functions to our rule representation (Definition 4).

DEFINITION 4 (RULE). A rule r over atomic predicates P is a
labeled directed binary tree where the internal nodes are predicates
in P, leaves are labels from Y, and edges are marked with true and
false.

A rule r takes as input a datapoint x € X and returns a label
r(x) € Y for this assignment.

Let rRoOT(r) denote the root of the tree for rule r and let Crye (1)
(Cta1se (n)) denote the child of node n adjacent to the outgoing edge
of n labeled true (false). Given a datapoint x, the result of rule r for
x is r(x) = EVAL(ROOT(r), x). Function EVAL(-, -) operates on nodes
n in the rule’s tree and is recursively defined as follows:

y ifn is a leaf labeled y € Y
EVAL(n, X) = { EVAL(Ctrue(n),x)  ifn(x) is true

EVAL(Cfa1se (), X)  if n(x) is false

Here n(x) denotes replacing variable v in the predicate of node n with
x and evaluating the resulting predicate.
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Algorithm 3: Convert LF to Rule

Input :The code CofalLF f
Output:ry, a rule representation of f

1 V,E=0,0;

2 rp e (V, E);

3 Let C be the source code of f;

4 LF-to-Rule(r, C):

5 if C =if cond: B1 else: B2 A ispure(cond) A
purereturn(B1) A purereturn(B2) then

6 Utrue < LF-to-Rule (B1)
7 Ofalse < LF-to-Rule (B2)
8 Nroot < Pred-To-Rule (cond, vfalse,vtrue)

9 else if C = return y Ay € Y then
10 L Nroot =Y

11 else
12 L Nroot < Translate-BBox (C)
13 return nyoor

14 Pred-to-Rule(y, nggse, Nerue):
15 if ¥ =1 V ¢, then
16 Njefr < Pred-to-Rule (Y2, nfarse; Nerue)

17

o

18 Ise if = Y1 A 2 then
19 Uright < Pred-to-Rule (yz, Ufalses Utrue)

20

21

22

23 return nyoor
24 Translate-BBox(C) :
25 Uroot = Yo;

26 fory € Y /{yo} do

27

28 return nyoor

As mentioned before, we support arbitrary labeling functions
written in a general-purpose programming language. Our imple-
mentation of the translation into rules is for Python functions, as
supported in Snorkel. Detecting the if-then-else rule structure and
logical connectives that are supported in our rules for an arbitrary
Python function is undecidable in general (can be shown through
a reduction from program equivalence). However, our algorithm
can still succeed in any LF written in Python if we can live if we
treat every code block that our algorithm does not know how to
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compose as a black box that we call repeatedly on the input and
compare its output against all possible labels from Y. In the worst
case, we would wrap the whole LF in this way. Note that this does
not prevent us from refining such labeling functions. However,
there are several advantages in decomposing an LF into a tree with
multiple predicates: (i) such a rule will make explicit the logic of the
LF and, thus, may be easier to interpret by a use,r and (ii) during
refinement we have more information to refine the rule as there
may be multiple leaf nodes corresponding to a label y, each of which
corresponds to a different set of predicates evaluating to true.

Our translation algorithm knows how to decompose a limited

number of language features into predicates of a rule. As mentioned
above, any source code block whose structure we cannot further
decompose will be treated as a blackbox and will be wrapped as a
predicate whose output we compare against every possible label
from Y. Furthermore, when translating Boolean conditions, i.e., the
condition of an if statement, we only decompose expressions that
are logical connectives and treat all other subexpressions of the
condition as atomic. While this approach may sometimes translate
parts of a function’s code into a black-box predicate, most LFs
we have observed in benchmarks and real applications of data
programming can be decomposed by our approach. Nonetheless,
our approach can easily be extended to support additional structures
if need be.
Translating labeling functions. Pseudo code for our algorithm is
shown in Algorithm 3. Function LF-to-Rule is applied the code C
of the body of labeling function f. We analyze code blocks using the
standard libraries for code introspection in Python, i.e., Python’s
AST library. If the code is an if then else condition (for brevity we
do not show the the case of an if without else and other related
cases) that fulfills several additional requirements, then we call
LF-to-Rule to generate rule trees to the if and the else branch. Af-
terwards, we translate the condition using function Pred-To-Rule
described next that takes as input a condition  and the roots of
subtrees to be used when the condition evaluates to false or true,
respectively. For this to work, several conditions have to apply:
(i) both B1 and B2 have to be pure, i.e., they are side-effect free,
and return a label for every input. This is checked using function
purereturn. This is necessary to ensure that we can translate B1
and B2 into rule fragments that return a label. Furthermore, cond
has to be pure (checked using function ispure). Note that both
ispure and purereturn have to check a condition that is unde-
cidable in general. Our implementations of these functions are is
sound, but not complete. That is, we may fail to realize that a code
block is pure (and always returns a label in case of purereturn,
but will never falsely claim a block to have this property.

If the code block returns a constant label y, then it is translated
into a rule fragment with a single node y. Finally, if the code block C
is not a conditional statement, then we fall back to use our black box
translation technique (function Translate-BBox explained below).
Translating predicates. Pred-to-Rule, our function for translat-
ing predicates (Boolean conditions as used in if statements), takes
as input a condition ¢ and the roots of two rule subtrees (v 4s5e
and vyye) that should be used to determine an inputs label based
on whether ¢ evaluates to false (true) on the input. The function
checks whether the condition is of the form 1 V ¢ or 3 A ¢o. If
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Figure 8: Translating a blackbox function

that is the case, we decompose the condition and create an appro-
priate rule fragment implementing the disjunction (conjunction).
For disjunctions 1 V ¥, the result of v4y4, should be returned if
Y1 evaluates to true. Otherwise, we have to check ¥/, to determine
whether v4j5e’s OF 04rye’s result should be returned. For that we
generate a rule fragments as shown below where vj. 7, denote the
root of the rule tree generated by calling Pred-to-Rule to translate

Y2

The case for conjunctions is analog. If i/; evaluates to false we
have to return the result of v 4js.. Otherwise, we have to check
Y to determine whether to return vsgjs’s or v¢rye’s result. This
is achieved using the rule fragment shown below where v,;4p;
denotes the root of the tree fragment generated for » by calling
Pred-to-Rule on .

If ¢ is neither a conjunction nor disjunction, then we just add
predicate node for the whole condition p:

Translating blackbox code blocks. Function Translate-BBox
is used to translate a code block C that takes as input a datapoint x
(assigned to variable v), treating the code block as a black box. This
function creates a rule subtree that compares the output of C on v
against every possible label y € Y. Each such predicate node has a
true child that is y, i.e., the rule fragment will return y iff C(x) = y.
Note that this translation can not just be applied to full labeling
functions, but also code blocks within a labeling function’s code that
our algorithm does not know how to decompose into predicates.
Figure 8 shows the structure of the generated rule tree produced
by Translate-BBox for a set of labels Y = {y1, ..., yr, ABSTAIN}
where ABSTAIN is the default label (yj).
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As mentioned above, this translation process produces a valid
rule tree ry that is equivalent to the input LF f in the sense that it
returns the same results as f for every possible input. Furthermore,
the translation runs in PTIME. In fact, it is linear in the size of the
input.

ProPOSITION 2. Let f be a python labeling function and let rp =
LF-to-Rule(f). Then for all datapoints x we have

fx) =rp(x)

The function LF-to-Rule’s runtime is linear in the size of f.

ProoF SKETCH. The result is proven through induction over the
structure of a labeling function. O

ExAMPLE 4 (TRANSLATION OF COMPLEX LABELING FUNCTIONS).
Consider the labeling function implemented in Python shown be-
low. This function assigns label POS to each datapoint (sentences

in this example) containing the word star or stars. For sentences
that do not contain any of these words, the function uses a function

sentiment_analysis to determine the sentence’s sentiment and re-
turn POS if it is above a threshold. Otherwise, ABSTAIN is returned.
Our translation algorithm identifies that this function implements
an if-then-else condition. The condition if pure and both branches
are pure and return a label for every input. Thus, we translate both
branches using LF-to-Rule and the condition using Pred-to-Rule.
The if branch is translated into a rule fragment with a single node
POS. The else branch contains assignments that our approach cur-
rently does not further analyze and, thus, is treated as a blackbox
by wrapping it in a new function, say blackbox_1f (shown below),
whose result is compared against all possible labels. Finally, the if
statement’s condition is translated with Pred-to-Rule. We show the
generated rule in Figure 9. Note that technically the comparison of
the output of blackbox_1f with label NEG is unnecessary as this
function does not return this label for any input. This illustrates the
trade-off between adding additional complexity to the translation
versus simplifying the generated rules.

def complex_1f(v):

if ['star', 'stars'l.intersection(v):
return POSITIVE
else:

sentiment = sentiment_analysis(v)
return POSITIVE if sentiment > 0.7 else ABSTAIN

def blackbox_1f(v):
sentiment = sentiment_analysis(v)
return POSITIVE if sentiment > 0.7 else ABSTAIN

B Proof of Theorem 1

We now prove the hardness of the rule repair problem. Afterward,
we demonstrate that even repairing a single rule with refinement
to produce a specific result on a set of datapoints NP-hard if the
goal is to minimize the number of predicates that are added to the
rule.

ProoFr oF THEOREM 1. We prove the theorem through a reduc-
tion from the set cover problem. Recall that the set cover problem
is: given a set U = {ey, ..., e} and sets S; to Sy, such that S; C U
for each i, does there exist iy, ..., iy such that U;;l Sij =U.
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[[ 'star', 'stars'].intersection(v)]

Figure 9: Translating a LF wrapping parts into a blackbox
function

Based on an instance of the set cover problem, we construct an
instance of the rule repair problem as follows:
e The instance X* contains the following datapoints:
— b; for i € [1,M] where M is a large constant, say
M=3~n-m2andVi:bi¢U.
- agjjforie[l,m]and je€ [1,n-m]and Vi, j:a;; ¢ U
— eifore; e U
e Labels Y = {out,in}
e Rules R = {r;} fori € [1, m] where r; has a single predicate
pi s 0 €S;V 3j: 0= a;; with two children that are leaves

with labels Cg,ige (pi) = out and Cerue (pi) = out (Figure 10).

Hence, initially, any datapoint will receive the label out

from each rule r;. Furthermore, the is an additional rule

rxin With a single predicate pyjn : 3i,j : v = a;; with

Ctrue(pxin) = in and Cgyje (Pxin) = out.

o The expected labels Z are:
in ifxeU
Z(x)=1<out ifJi:x=0b;
out if3i,j:x=aj
e The space of predicates is # = {(v = v)}, i.e., a single
predicate that returns true on all inputs.
e The thresholds are set as follows:
- 1F = %, that is each datapoint has to receive a
correct label by at least one of the rules.
= Tracc = m
- g = 1,ie, no rule can abstain on any datapoint.

We claim that there exists a set cover of size k or less iff there
exists a rule repair ® of R with a cost of less than or equal to
n-m+k - (n-m). Before proving this statement, we first state
several properties that any solution to the instance of the rule repair
problem defined above is guaranteed to fulfill. First off, observe
that as all datapoints fulfill the predicate v = v, a refinement can
only switch the label of every datapoint that fulfills (does not fulfill)
the predicate of a rule r;’s root node. Furthermore, observe that for
each rule r;, the left child of the root cannot be refined to assign a
different label to any datapoint not fulfilling the root’s predicate
v € S; V3j : 0 = a;j as in particular every b; does not fulfill
the predicate and assigning the label in to all b;’s causes the rule
to not fulfill the accuracy threshold Acc(r;) > 7rgec as there are
M > n+n-m? datapoints in {b;}. That is, for every set S; represented
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by rule r;, we either have the choice to refine the right child of the
root by replacing it with a predicate v = v with a true child in (and
any label for the false child as no datapoint will end up at the false
child). We will interpret refining a rule r; as including the set S;
in the set cover. Refining rule ry;;, has cost n - m? (all datapoints
a;j receive an incorrect label) and, thus, no solution can refine this
rule. In any solution, for each e;, there has to be at least one refined
rule r; for e; € Sj to ensure that the Acc(e;) > # (this datapoint
receives at least one in label). All other datapoints already fulfill
iaccuracy through rule ry;, that, as explained before, cannot be
refined in any solution. In summary, any solution for the rule repair
problem encodes a set cover that includes every S; such that r; got
refined.

=: Assume that there exists a set cover Sj, ..., Sj, of size k. We
have to show that there exists a minimal repair ® of cost cost(®) <
n-m+k - (n-m). We construct this repair by refining r;; for each
Sij. As Sy, ..., Si is a set cover of size k, the repair cost of ® is

K 1Sy +nem = (S5 185 1) 4k (nem) <nemea ke (nem),
because for each refined rule r;, the output of r; on all datapoints
ej € S; and all datapoints a;; for Vj € [1, n-m] are changed resulting
in a cost of | S; | + n - m per refined rule and the claimed cost for
cost(D).

&: Assume that there exists a rule repair ® of cost less than or
equal ton-m+k - (n-m). Recall that for each S; there exist n - m
datapoints g;; that fulfill the root predicate of rule r;. That is, if r;
is refined in a solution then all there are n - m + | S; | datapoints
(all a;j for j € [1,n- m] and e; for all e; € S;) whose label is
updated. As Zj:rj was refined | Sj | < n-m, cost(®) < n-m+k-
(n - m) implies that at most k rules are refined by ® and, thus,
| {Si | ri was refined by ®}| < k and {S; | r; was refined by ®} is
a set cover of size < k. O

Theorem 1 states that the rule repair problem is NP-hard. How-
ever, as we demonstrate experimentally, for rule sets of typical size
we can determine exactly how to change the outputs of rules such
that rules with this updated output are a solution to the rule repair
problem in sec. 3. Then we can apply any one of our single rule
repair algorithms to determine a refinement repair sequence ¢ such
that the updated rules ®(R) return the desired outcome on X*.
This is guaranteed to succeed based on Lemma 3 that shows that
as long as the predicate space is partitioning, then any change to
a rule’s output on a set of datapoints can be achieved by a refine-
ment repair. However, achieving such an update with a minimal
number of refinement steps (new predicates added to the rules) is
computationally hard as the following theorem shows.

THEOREM 3 (MINIMAL SINGLE RULES REFINEMENT REPAIRS). Con-
sider a rule r and a set of datapoints X* and labels Z : X* — Y.
The following problem is NP-hard:

argmin rcost(®)

O:VxeZ:@(r)(x)=Z(x)

Proor. We prove this theorem by reduction from the NP-complete
Set Cover problem. Recall the set cover problem is given a set
U ={ey,..., ey} and subsets S1 to S;, such that S; C U for each i,
does there exist a iy, ..., i such that Uﬁ?:l Sij = U. Based on an
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instance of the set cover problem, we construct an instance of the

rule repair problem as follows:

e The instance X* has n + 1 datapoints {ey, ..., en, b} where
be¢U.

e Labels Y = {out,in}

e Rules R = {r} where r has a single predicate p : (v =0) (i.e.,
it corresponds to truth value true) with two children that
are leaves with labels Cg,ige (p) = in and Cirue(p) = out
(Figure 11). Hence, initially, any assignment will end up in
Ctrue(p) = out.

o The ground truth labels Z assigns a label to every datapoint
as shown below.

Z(e):{in ife;ﬁb.
out otherwise(e = b)
o Furthermore, the model Mg is defined as M(x) = r(x)
(the model returns the labels produced by the single rule r).
e The space of predicatesis P = {v € S; | i € [1,m]}
We claim that there exists a set cover of size k or less iff there exists
a minimal repair of R with a cost of less than or equal to k.

[Z)ES,’VEU:UZXU]

false rue
out

Figure 10: Rule r; used in Appendix B

Figure 12: The rule representation of repair of rule r in Ap-
pendix B
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(only if): Let Sy, ...
exists a minimal repair ® of size < k. We construct that repair as
follows: we replace the true child of the single predicate p : (v = v)
in r with a left deep tree with predicates p;; for j € [1, k] such that
pi; is (v € Si;) and Cgajse (pi;) = pij,, unless j = k in which case
Calse (pi;) = out; for all j, Cyrue(pi;) = in. The rule tree for this
rule is shown in Figure 12 The repair sequence ® = ¢, ..., ¢y has
cost k. Here ¢; denotes the operation that introduces p;; .

It remains to be shown that @ is a valid repair with accuracy 1.
Let ryp = @(r), we have ryp(e) = Z(e) for all (e) € R. Recall that
M(e) =r(e) and, thus, r,p(e) = Z(e) ensures that M(e) = Z(e).
Since the model corresponds a single rule, we want ry,(e;) = in
foralli = 1,---,n, and ryp(b) = out. Note that the final label is
out only if the check (v € §;;) is false for all j = 1,--- k. Since
Si,» ... S constitute a set cover, for every e;, i = 1,- - -, n, the check
will be true for at least one S; I resulting in a final label of in. On
the other hand, the check will be false for all S i for b, and therefore
the final label will be out. This gives a refined rule with accuracy 1.

.Si; be a set cover. We have to show that there

(if):Let ® be a minimal repair of size < k giving accuracy 1. Let
%z ®(r), i.e., in the repaired rule ryp, all e;, i = 1, - -, n get the
in label and b gets out label. We have to show that there exists a set
cover of size < k. First, consider the path taken by element b. For

any predicate p € P of the form (v € S;), we have p(b) = false. Let

b b b
us consider the path P = vypor =4 v1 = 02...0]_1 N vy taken

by b.

As Urpor = Proor = true, we know that by = true (b takes the
true edge of v,o0;. Furthermore, as p(b) for all predicates in P (as
b ¢ U), b follows the false edge for all remaining predicates on
the path. That is b; = false for i > 1. As we have Z(b) = out and
® is a repair, we know that v; = out. For each element e € U, we
know that ryp(e) = in which implies that the path for e contains
at least one predicate v € S; for which e € S; evaluates to true.
To see why this has to be the case, note that otherwise e would
take the same path as b and we have ryp(e) = out # in = Z(e)
contradicting the fact that @ is a repair. That is, for each e € U there
exists 5; such e € S; and p; : v € S; appears in the tree of r;,p. Thus,
{Si | pi € rup} is a set cover of size < k. o

C Single Rule Refinement - Proofs and
Additional Details

C.1 Independence of Path Repairs

As refinements only extend existing paths in r by replacing leaf
nodes with new predicate nodes, in any refinement r’ of r, the path
for a datapoint x € X has as prefix a path from Pf;,.. That is, for
Py # Py € Ppjy, any refinement of Py can only affect the labels
for datapoints in Xp,, but not the labels of datapoints in Xp, as all
datapoints in Xp, are bound to take paths in any refinement r’ that
start with P;. Hence we can determine repairs for each path in Py,
independently.

LEMMA 1 (PATH INDEPENDENCE OF REPAIRS). Given a rule r and
Z, letPiy ={P1, ..., P} and let ®; denote a refinement-based repair
of r for Xp, of minimal cost. Then ® = @1, ...,y is a refinement
repair forr and Z of minimal cost.
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stars € v
false true
true  (ABSTAIN) (great € o)
false true
NEG POS

Figure 13: A non-optimal rule repair for the LF from Ex-
ample 5 produced by the algorithm from Lemma 3 and an
optimal repair (right)

Proor. The claim can be shown by contradiction. Assume that
there exist a repair ® = ®y,..., D, but ® is not optimal. That is,
there exists a repair @ with a lower cost. First off, it is easy to
show that @ does not refine any paths p ¢ Pix as based on our
observation presented above any such refinement does not affect
the label of any assignment in A and, thus, can be removed from
@’ yielding a repair of lower costs which contradicts the fact that @’
is optimal. However, then we can partition @ into refinements @]
foreach P; € Py, suchthat®’ = @7,.. ., <I>;<. As cost(®’) < cost(D)
there has to exist at least on path P; such that cost(®) < cost(®;)
which contradicts the assumption that ®; is optimal for all i. Hence,
no such repair @’ can exist. O

C.2 Partitioning Predicate Spaces
LEmMMA 2. Consider a space of predicates P and atomic units A.

e Atomic unit comparisons: If P contains for everya € A,
constant ¢, and variable v, the predicate v|a] = c, then P is
partitioning.

o Labeling Functions: Consider the document labeling use-
case. If P contains predicate w € v every word w, then P is
partitioning.

ProOF. Atomic unit comparisons. Consider an arbitrary pair
of datapoints x; # xz for some rule r over P. Since, x1 # x2
it follows that there has to exist a € A such that x;[a] = ¢ #
x7[a]. Consider the predicate p = (v[a] = ¢) which based on our
assumption is in P.

(x1[a] = ¢) = true # false = (x2[a] =¢)

Document Labeling. Recall that the atomic units for the text
labeling usecase are words in a sentence. Thus, the claim follows
from the atomic unit comparisons claim proven above.

O

C.3 Existence of Path Repairs
Next, we will show that is always possible to find a refinement

repair for a path if the space of predicates P is partitioning, i.e., if
for any two datapoints x; # x3 there exists p € £ such that:

p(x1) # p(x2)

Observe that any two datapoints x; # x have to differ in at least
one atomic unit, say A: x1[A] = ¢ # x2[A]. If P includes all com-
parisons of the form v[A] = ¢, then any two datapoints can be
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distinguished. In particular, for labeling text documents, where the
atomic units are words, P is partitioning if it contains w € v for
every word w. The following proposition shows that when ¥ is
partitioning, we can always find a refinement repair. Further, we
show an upper bound on the number of predicates to be added to a
path P € Py;, to assign the ground truth labels Zp to all datapoints
in Xp.

LeEMMA 3 (UpPER BOUND ON REPAIR COST OF A PATH). Consider
a ruler, a path P inr, a partitioning predicate space P, and ground
truth labels Zp for datapoints Xp on path P. Then there exists a
refinement repair ® for path P and Zp such that: cost(®) < | Xp|.

Proor. We will use yx to denote the expected label for x, i.e.,
Yx = Z(x). Consider the following recursive greedy algorithm that
assigns to each x € Xp the correct label. The algorithm starts with
Xcur = Xp and in each step finds a predicate p that “separates” two
datapoints x1 and xy from X¢yr With yx, # yx,. Thatis, p(x1) is true
and p(xy) is false. As P is partitioning such a predicate has to exist.
Let X1 = {x | x € Xewr Ap(x)} and Xo = {x | x € Xewr A —p(x)}.
We know that x; € X7 and x7 € X3. That means that | X7 | < | Xp |
and | Xz | < | Xp |. The algorithm repeats this process for X¢y,r = X1
and Xy = X3 until all datapoints in Xy, have the same desired
label which is guaranteed to be the case if | X¢y,r | = 1. In this
case, the leaf node for the current branch is assigned this label. As
for each new predicate added by the algorithm the size of Xy, is
reduced by at least one, the algorithm will terminate after adding
at most | Xp | predicates. O

C.4 Non-minimality of the Algorithm from
Lemma 3

We demonstrate the non-minimality by providing an example on
which the algorithm returns a non-minimal repair of a rule.

ExampLE 5. Consider X as shown below with 3 documents, their
current labels (NEG) assigned by a rule and expected labels from Z.
The original rule consists of a single predicate stars € v, assigning all
documents that contain the word “stars” the label NEG. The algorithm
may repair the rule by first adding the predicate four € v which
separates di and ds from dy. Then an additional predicate has to be
added to separate di and ds, e.g., five € v. The resulting rule is shown
Figure 13 (left). The cost of this repair is 2. However, a repair with a
lower costs exists: adding the predicate great € v instead. This repair
has a cost of 1. The resulting rule is shown in Figure 13 (right).

sentence Current label | Expected labels from Z
d, : I rate this one stars. This is bad. NEG NEG
dy: I rate this four stars. This is great. NEG POS
ds: I rate this five stars. This is great. NEG POS

C.5 Equivalence of Predicates on Datapoints

Our results stated above only guarantee that repairs with a bounded
cost exist. However, the space of predicates may be quite large or
even infinite. We now explore how equivalences of predicates wrt.
Xp can be exploited to reduce the search space of predicates and
present an algorithm that is exponential in | Xp | which determines
an optimal repair independent of the size of the space of all possible
predicates. First observe that with | Xp | = n, there are exactly 2"
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Refining Labeling Functions With Limited Labeled Data

Algorithm 4: GreedyPathRepair
Input :Ruler
Path P
datapoints to fix Xp
Expected labels for assignments Zp
Output:Repair sequence ® which fixes r wrt. Zp

1 todo «— [(P,Zp)]
2 =[]
3 while todo # 0 do

4 (P, Zp) « pop(todo)

5 if 3xq1,x € X : Zp[x1] # Zp[x2] then

6 /* Determine predicates that distinguish
assignments that should receive different labels
for a path */

7 p « GetSeperatorPred(xy, xz)

8 y1 < Zplx]

9 ¢ « refine(reyr, P, y1, p, true)

10 X1 —A{x|xeXpAp(x)}

11 Xy —A{x|xeXpA-px)}

12 todo.push((P[reur, x1], X1))

13 | todo.push((P[rcur, x2], X2))

14 else

15 L ¢ « refine(reyr, P, Zp[x])

16 eur < ¢(reur)

17 D.append(p)

18 return ¢

possible outcomes of applying a predicate p to Xp (returning either
true or false for each x € Xp). Thus, with respect to the task of
repairing a rule through refinement to return the correct label for
each x € Xp, two predicates are equivalent if they return the same
result on A in the sense that in any repair using a predicate pj, we
can substitute p; for a predicate pa with the same outcome and get
a repair with the same cost. That implies that when searching for
optimal repairs it is sufficient to consider one predicate from each
equivalence class of predicates.

LEMMA 4 (EQUIVALENCE OF PREDICATES). Consider a space of
predicates P, ruler, and set of datapoints Xp with associated expected
labels Zp and assume the existence of an algorithm A that computes
an optimal repair for r given a space of predicates. Two predicates
p #p’ € P are considered equivalent wrt. Xp, written asp = x,, p’
ifp(x) = p’(x) for allx € Xp. Furthermore, consider a reduced space
of predicates P= that fulfills the following condition:

VpeP:Ap €eP=:p=p’ (1)
For any such P= we have:
cost(A(P,r,Zp)) = cost(A(P=,r, Zp))

Proor. Let ® = A(P=,r,Zp) and &= = A(P,r, Zp)). Based
on the assumption about A, ® (P=) are optimal repairs within $
(P=). We prove the lemma by contradiction. Assume that cost(®=) >
cost(®). We will construct from ® a repair & with same cost as
® which only uses predicates from P=. This repair then has cost
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cost(®") = cost(®) < cost(P=) contradicting the fact that ®= is
optimal among repairs from P=. ¢’ is constructed by replacing
each predicate p € P used in the repair with an equivalent pred-
icate from P=. Note that such a predicate has to exist based on
the requirement in Eq. (1). As equivalent predicates produce the
same result on every x € Xp, @’ is indeed a repair. Furthermore,
substituting predicates does not change the cost of the repair and,
thus, cost(®’) = cost(D). O

If the semantics of the predicates in # is known, then we can
further reduce the search space for predicates by exploiting these
semantics and efficiently determine a viable p=. For instance, pred-
icates of the form A = ¢ for a given atomic element A only have
linearly many outcomes on Zp and the set of {v.A = c} for all
atomic units A, variables in R, and constants c that appear in at
least one datapoint x € X contains one representative of each
equivalence class.!

D Path Refinement Repairs - Proofs and
Additional Details

D.1 GreedyPathRepair

The function GreedyPathRepair is shown Algorithm 4. This algo-
rithm maintains a list of pairs of paths and datapoints at these
paths to be processed. This list is initialized with all datapoints Xp
from Zp and the path P provided as input to the algorithm. In each
iteration, the algorithm picks two datapoints x; and x; from the
current set and selects a predicate p such that p(x1) # p(x2). It
'With the exception of the class of predicates that return false on all x € Xp. However,
this class of predicates will never be part of an optimal repair as it does only trivially

partitions Xp into two sets Xp and 0.

then refines the rule with p and appends X1 = {x | x € Xp A p(x)}
and Xz = {x | x € Xp A = p(x)} with their respective paths to the
list. As shown in the proof of Lemma 3, this algorithm terminates
after adding at most | Xp | new predicates.

To ensure that all datapoints ending in path P get assigned the
desired label based on Zp, we need to add predicates to the end of
P to “reroute” each datapoint to a leaf node with the desired label.
As mentioned above, this algorithm implements the approach from
the proof of Lemma 3: for a set of datapoints taking a path with
prefix P ending in a leaf node that is not pure (not all datapoints
in the set have the same expected label), we pick a predicate that
“separates” the datapoints, i.e., that evaluate to true on one of the
datapoints and false on the other. Our algorithm applies this step
until all leaf nodes are pure wrt. the datapoints from Xp. For that,
we maintain a queue of path and datapoint set pairs which tracks
which combination of paths and datapoint sets still have to be fixed.
This queue is initialized with P and all datapoints for P from Xp.
The algorithm processes sets of datapoints until the todo queue is
empty. In each iteration, the algorithm greedily selects a pair of
datapoints x; and x2 ending in this path that should be assigned
different labels (line 5). It then calls method GetSeperatorPred
(line 7) to determine a predicate p which evaluates to true on x1
and false on x3 (or vice versa). If we extend path P with p, then x;
will follow the true edge of p and x; will follow the false edge (or
vice versa). This effectively partitions the set of datapoints for path
P into two sets X1 and X2 where X contains x; and X3 contains
x2. We then have to continue to refine the paths ending in the
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dataset | repairer | fix% | preserv% | global acc. | new global acc.
FNews RC 1 1 0.71 0.92
FNews LLM 0.9 0.65 0.71 0.81

Amazon RC 1 1 0.6 0.77

Amazon LLM 0.9 0.5 0.6 0.7

Table 3: LLM vs RULECLEANER (RC) quality rule refinement
comparison

Algorithm 5: BruteForcePathRepair

Input :Ruler

Path P

Datapoints to fix Xp

Expected labels for datapoints Zp
Output:Repair sequence ® which fixes r wrt. Zp

1 todo «— [(r,0)]

2 P = GetAllCandPredicates(P, Xp, Zp)
3 while todo # 0 do

4 (reur» @cur) — pop(todo)

5 foreach Py, € leafpaths(reyr, P) do

6 foreach p € Py — Pr,,, do

7 foreach y; € Y Ay; # last(Peyr) do
8 Pnew < refine(reyr, Peur, Y1, p, true)
9 Tnew < Pnew(Teur)

10 Pnew — Pcur, ¢7cur

11 if Acc(rpew, Zp) = 1 then

12 L return &,

13 else

14 L todo.push((rnew Prew))

two children of p wrt. these sets of datapoints. This is ensured by
adding these sets of datapoints with their new paths to the todo
queue (lines 12 and 13). If the current set of datapoints does not
contain two datapoints with different labels, then we know that all
remaining datapoints should receive the same label. The algorithm
picks one of these datapoints x (line 14) and changes the current
leave node’s label to Zp(x).

Generating Predicates. The implementation of GetCoveringPred
is specific to the type of PWSS. We next present implementations
of this procedure for weak supervised labeling that exploit the
properties of these two application domains. However, note that,
as we have shown in Appendix C.3, as long as the space of predi-
cates for an application domain contains equality and inequality
comparisons for the atomic elements of datapoints, it is always
possible to generate a predicate for two datapoints such that only
one of these two datapoints fulfills the predicate. The algorithm
splits the datapoint set X* processed in the current iteration into
two subsets, which each are strictly smaller than X*. Thus, the
algorithm is guaranteed to terminate and by construction assigns
each datapoints x in Xp its desired label Zp(x).

D.2 BruteForcePathRepair

The brute-force algorithm (Algorithm 5) is optimal, i.e., it returns a
refinement of minimal cost (number of new predicates added). This
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algorithm enumerates all possible refinement repairs for a path P.
Each such repair corresponds to replacing the last element on P
with some rule tree. We enumerate such trees in increasing order of
their size and pick the smallest one that achieves perfect accuracy
on Zp wrt. Zp. We first determine all predicates that can be used
in the candidate repairs. As argued in Appendix C.5, there are only

finitely many distinct predicates (up to equivalence) for a given
set Xp. We then process a queue of candidate rules, each paired

with the repair sequence that generated the rule. In each iteration,
we process one rule from the queue and extend it in all possible
ways by replacing one leaf node, and selecting the refined rule
with minimum cost that satisfies all assignments. As we generate
subtrees in increasing size, Lemma 3 implies that the algorithm will
terminate and its worst-case runtime is exponential in n = | Xp | as
it may generate all subtrees of size up to n.

D.3 Proof of Theorem 2
ProoF. Proof of Theorem 2 In the following let n = | Xp |.

GreedyPathRepair: As GreedyPathRepair does implement the al-
gorithm from the proof of Lemma 3, it is guaranteed to terminate
after at most n steps and produce a repair that assign to each x the

label Zp(x).

BruteForcePathRepair: The algorithm generates all possible trees
build from predicates and leaf nodes in increasing order of their side.
It terminates once a tree has been found that returns the correct
labels on Xp. As there has to exist a repair of size n or less, the
algorithm will eventually terminate.

EntropyPathRepair: This algorithm greedily selects a predicate in

each iteration that minimizes the Gini impurity score. The algo-
rithm terminates when for every leaf node, the set of datapoints
from Xp ending in this node has a unique label. That is, if the algo-
rithm terminates, it returns a solution. It remains to be shown that
the algorithm terminates for every possible input. As it is always
possible to find a separator predicate p that splits a set of datapoints
Xp into two subsets X; and X with fewer predicates which have a
lower Gini impurity score than splitting into X; = Xp and X3 = 0,
the size of the datapoints that are being processed, strictly decrease
in each step. Thus, the algorithm will, in the worst-case, terminate
after adding n predicates. O

E Additional Experiment Details
E.1 runtime breakdown

The runtime breakdown of the rest of the datasets from Section 5.2
are shown in Figure 14a.

E.2 MILP thresholds

The effects on global accuracy of the pairwise relationships of
Taces TE> and Trqcc are shown in Figure 14b. The color of a square
represents global accuracy after the repair. Based on these results,
it is generally preferable to set the thresholds higher as discussed
in Section 2.2. However, larger thresholds reduce the amount of
viable solutions to the MILP and, thus, can significantly increase
the runtime of solving the MILP and lead to overfitting to X*.
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Figure 14: Additional experimental results
dataset | repairer | fix% | preserv% | global acc. | new global acc. refined rules. preserv % measures what percentage of the input
i xews LS& . ; . 165 g;i g-zf correct predictions by Snorkel remain the same after retraining with
Am;:fn RC 1 N 06 077 refined rules. RULECLEANER outperforms the LLM in both global
‘Amazon LLM | 0.9 0.5 0.6 0.7 accuracy and accuracy on labeled input data. Note that the purpose

Table 4: LLM vs RULECLEANER (RC) quality rule refinement
comparison

E.3 LLM as LF generator

The prompt used to generate LFs mentioned in Section 5.3 is shown
in Appendix F.

F Use LLM as refinement

In this section, we compare RULECLEANER against a baseline using a
large language model (LLM). We designed a prompt instructing the
LLM to act as an assistant and refine the LFs given a set of labeled
datapoints. In this experiment, we used the FNews dataset with 40

labeled datapoints and Amazon dataset with 20 labeled examples.

We used GPT-4-turbo as the LLM. A detailed description of the

prompt and responses from the LLM are presented in the following.

We manually inspected the rules returned by the LLM to ensure
that they are semantically meaningful. The quality of results after
running Snorkel with the refined LFs from LLM and RULECLEANER
are shown in Table 4. fix% measures the percentage of the wrong
predictions by Snorkel are fixed after retraining Snorkel with the
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of comparing with LLMs is not to test if LLM can reproduce our
algorithm but to test how good is LLM in performing the refinement
task given the description. We observe that the LLM tends preserve
the semantic meaning of the original LFs in the repairs it produces.
For example, in one of the rules from FNews, the original rule
isif 'talks'in text then REAL otherwise ABSTAIN and the
repaired rule was if any(x in text for x in ['discussions
', 'negotiations', 'talks'].In one of the rules from Ama-
zon, the original rule if any (x in text for x in ['junk','

disappointed', 'useless'])then NEGATIVE else ABSTAINmainly

covers negative reviews. The LLM did add more negative words

such as 'defective' whereas RULECLEANER could possibly add

opposite sentiment conditions based on the solutions provided by

the MILP. For example, it is possible for RULECLEANER to refine a

rule with negative sentiment by adding else if 'great'in text
then POSITIVE else ABSTAIN

You will help me refine a list of python functions that are
being used on a classification task. I will provide you a list
of function definitions and a dataset table. The classification
process is done in the following way: Given the dataset and
the list of rules, there will be a black box aggregator that
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makes decisions by combining the results of the rules on the
dataset.

the dataset contains 2 columns: "text" and "expected label".
You should apply the function to the given dataset and then
modify the functions as you like. For this task, you can add
new "if-else" statements or adjust the existing logic as you
like.

return the refined labeling functions using the same for-
mats as provided. Please add comments on why you changed
the original function.
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Anon.

The returned refined functions for FNews are shown in Figure 15
to 19.
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def

def

def

def

def

def

funcl (text):
# Expanded keyword coverage

keywords = ["video", "featured",

"clip", "footage"]

if any(x in text for x in keywords):
return 0

else:

return -1
func2(text):
# Expanded keyword coverage
keywords1l = ["getty", "screenshot", "image"]
keywords2 = ["registry", "database"]

if any(x in text for x in keywords1):
if any(x in text for x in keywords2):
return 1
else:
return -1
else:
return -1

func3(text):

# Expanded keyword coverage

keywords = ["minister", "ministry", "parliament",
"government", "official"]

if any(x in text for x in keywords):

return 0
else:
return -1
func4 (text):
# Expanded keyword coverage
keywords = ["pic", "photo", "image", "snapshot"]

if any(x in text for x in keywords):

return 1
else:
return -1
func5(text):
# Expanded keyword coverage
keywords1 = ["wednesday", "spokesman",
"thursday", "representatives",
"nov", "tuesday", "monday"]
keywords2 = ["legislation", "bill",
"law"]

if any(x in text for x in keywords1):
if any(x in text for x in keywords2):
return 0
else:
return -1
else:
return -1

funcé (text):
# Expanded keyword coverage

keywords = ["korea", "missile", "region",
"regional", "authorities",
"conflict", "war", "border"]

if any(x in text for x in keywords):
return 0

else:
return -1

Figure 15: Refined FNews funcs by LLM (Part 1)
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Anon.

def

def

def

def

def

func7 (text):
# Expanded keyword coverage

keywords1 = ["korea", "missile", "region",
"regional", "authorities", "conflict",
"war", "border"]

keywords2 = ["korean", "diplomatic"]

if any(x in text for x in keywords1):

if any(x in text for x in keywords2):
return 0
else:
return -1
else:
return -1
func8(text):
# Expanded keyword coverage
keywords = ["getty", "watch", "image",
"com", "https", "don", "woman",
"didn", "gop", "site", "web"]

if any(x in text for x in keywords):

return 1
else:
return -1

func9(text):

keywords = ["talks", "negotiations",

"discussions"]

if any(x in text for x in keywords):

return 0
else:
return -1

funclo(text):

keywords = ["rex", "rex images", "rex news"]

if any(x in text for x in keywords):

return 1
else:
return -1

func11(text):
# Expanded geopolitical terms

keywords = ["northern", "turkey",
"britain", "forces", "ruling",
"european", "alliance", "nato", "eu"]

if any(x in text for x in keywords):

return 0
else:
return -1

Figure 16: Refined FNews funcs by LLM (Part 2)
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2321 # funcl: Improved to capture more 2379
2322 # var1at10n§ of ratings, like "rating", 2380
# "out of five", etc.
2323 def funcl(text): 2381
2324 keywords = ['star', 'stars', 2382
2325 ‘rating', 'out of five', 'rated'] 2383
if any(x in text for x in keywords):
2326 return 0 2384
2327 else: 2385
return -1
2328 2386
2329 # func2: Expanding product-related terms 2387
2330 def func2(text): ) 2388
keywords = ['product', 'fit',
2331 'quality', 'size', 'cheap', 'wear', 2389
2332 'material', 'design', 'durable'] 2390
if any(x in text for x in keywords):
2333 2391
return 1
2334 else: 2392
2335 return -1 2393
2336 # func3: No changes needed, it's quite 2394
2337 # simple but effective 2395
2338 def Func3(text):l ' 2396
keywords = ['great']
2339 if any(x in text for x in keywords): 2397
2340 return 0 2398
else:
2341 2399
return -1
2342 2400
2343 # func4: Simplified to C§pture 2401
# more positive combinations .
2344 def func4(text): 2402
2345 keywords1 = ['great',6 'excellent', 'amazing'] 2403
2346 &eywordsZ = ['stars', 'works', 'fantastic', 2404
love']
2347 if any(x in text for x in keywords1): 2405
2348 if any(x in text for x in keywords2): 2406
return 0
2349 2407
else:
2350 return -1 2408
2351 else: 2409
return -1
2352 2410
2353 # func5: Added more phrases for negative sentiment 2411
2354 def func5(text): 2412
keywords = ['waste', 'not worth',
2355 'disappointed', 'regret', 2413
2356 'poor value'] 2414
if any(x in text for x in keywords):
2357 2415
return 1
2358 else: 2416
2359 return -1 2417
2360 # func6: Added more keywords 2418
2361 # related to product 2419
2362 # discomfort or bad quality 2420
def funcé (text):
2363 keywords = ['shoes', 'item', 'price', 2421
2364 ‘comfortable', 'plastic', 2422
"uncomfortable', 'bad quality']
2365 . X X 2423
if any(x in text for x in keywords):
2366 return 0 2424
2367 else: 2425
return -1
2368 2426
2369 2427
2370 Figure 17: Refined Amazon funcs by LLM (Part 1) 2428
2371 2429
2372 2430
2373 2431
2374 2432
2375 2433
2376 2434
2377 2435

2378 21 2436
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# func7: Expanded list for
# disappointment and dissatisfaction
def func7(text):

keywords = ['junk', 'bought', 'like',
'‘dont', 'just', 'use', 'buy',

"work', 'small', 'didnt',

'did', 'disappointed', 'bad',

"terrible', 'horrible', 'awful', 'useless']

if any(x in text for x in keywords):
return 1

else:
return -1

# func8: Also improving dissatisfaction
# detection with more negative keywords
def func8(text):

keywords1 = ['junk', 'bought', 'like',
'‘dont', 'just', 'use', 'buy',

'‘work', 'small', ‘'didnt',

'‘did', 'disappointed', 'bad',
'terrible', 'horrible',

"awful', 'useless']

keywords2 = ['shoes', 'metal',
'fabric', 'replace', 'battery',
'warranty', 'plug', 'defective',
"broken']

if any(x in text for x in keywords1):
if any(x in text for x in keywords2):
return 1
else:
return -1
else:
return -1

# func9: Added more positive words
def func9(text):

keywords = ['love', 'perfect'

y , ,
'loved', 'nice', 'excellent',
'works', 'loves', 'awesome',
'easy', 'fantastic', 'recommend']

if any(x in text for x in keywords):
return 0

else:
return -1

# funcl10: Added more combination
# cases for positive reviews
def funclo(text):

keywords1 = ['love', 'perfect',
'loved', 'nice', 'excellent',
'works', 'loves', 'awesome',
'easy', 'fantastic', 'recommend']
keywords2 = ['stars', 'soft',
‘amazing', 'beautiful']

if any(x in text for x in keywords1):
if any(x in text for x in keywords2):
return 0
else:
return -1
else:
return -1

Figure 18: Refined Amazon funcs by LLM (Part 2)
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# funcl1: Adding more

# product-related terms
# and combinations

def funcl1(text):

keywords1 = ['love', 'perfect',
‘loved', 'nice', 'excellent',
'works', 'loves', 'awesome',
'easy', 'fantastic', 'recommend']
keywords2 = ['shoes', 'bought',
'use', 'purchase', 'purchased',
'‘colors', 'install', 'clean',
'design', 'pair', 'screen',
'comfortable', 'products', 'item']

if any(x in text for x in keywords1):
if any(x in text for x in keywords2):
return 0
else:
return -1
else:
return -1

# func12: No change; this already targets
# product-related complaints well.
def funcl2(text):

keywords = ['returned', 'broke',
'battery', 'cable', 'fits',
‘install', 'sturdy', 'ordered',
‘usb', 'replacement', 'brand',
'installed', 'unit', 'batteries',
'box', 'warranty', 'defective',
'cheaply', 'durable', 'advertised']

if any(x in text for x in keywords):
return 1

else:
return -1

# funcl13: Adding a few more
# fun product terms for cuteness
def funcl13(text):
keywords = ['cute', 'shirt',
‘adorable', 'lovely', 'sweet']

if any(x in text for x in keywords):
return @

else:
return -1

# funcl4: Improved negative terms
# related to fabric and poor quality
def funcl4(text):

keywords = ['fabric', 'return',
'money', 'poor', 'garbage',
'poorly', 'terrible', ‘'useless',
‘horrible', 'returning',
'flimsy', 'falling apart']
if any(x in text for x in keywords):
return 1
else:
return -1

# func15: Added more keywords related to
# specific product types and issues
def funcl5(text):

keywords = ['pants', 'looks',

'toy', 'color', 'camera',

'water', 'phone', 'bag', 'worked',
‘arrived', 'lasted', 'fabric',
'material', 'build quality', 'finish']

if any(x in text for x in keywords):
return 1

else:
return -1

23
Figure 19: Refined Amazon funcs by LLM (Part 3)
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2669 LLM LF generation prompt template 272

2670 2728
2671 Instructions for Generating Labeling Functions 2729
2672 You are assisting in the generation of labeling functions based on a set of sentences, each provided with its ground truth labels. 2730
2673 2731

Label Information

Jors Below are the available labels and their corresponding label numbers: s

{class_mapping_string}

2674 2732

2676

2677 ’I‘ask 2735
2678 Your objective is to derive labeling functions from the given sentences and their associated labels. The labeling functions should 736
follow one of two formats:

2734

2679 2737

2680 2738

(1) Keyword-based functions

(2) Regular expression-based functions
2682 2740

Each labeling function should be designed to capture meaningful patterns from the text while ensuring generalizability.

2681 2739

2683
2684 Constraints 2742
2685 2743

2741

o Each labeling function should contain no more than 10 keywords or regular expressions.
e Regular expressions should be used only when a keyword-based function cannot adequately capture a pattern.
e Ensure that the selected keywords and patterns are generalizable rather than overly specific.

2686 2744

2687 2745

2688 2746
2689 Templates for Labeling Functions 2747
2690 The two accepted templates for defining labeling functions are shown below: 2748
2691 o Keyword Template: 2749
2092 def keyword_[label_namel[label_number](x): 2750
2653 ABSTAIN = -1 2751
2094 keywords = [list of identified keywords] 2752
2695 return [label_number] if any(keyword in x for keyword in keywords) 2753
269 else ABSTAIN 2754
2697 2755

2698 . 2756
e Regular Expression Template:
2699 2757

def regex_[label_name][label_number](x):
o ABSTAIN = -1 2759
return [label_number] if [regular expression related condition]

else ABSTAIN

2700 2758

2702 2760

2703 2761
2704 2762
2705 Sentence Format 2763
2706 The sentences are presented in the following format: 2764
20 Sentence [Sentence ID]: [Sentence Content]. Label: [Label Text] 279
ZZi Below are the sentences for this task: jzzz
2710 {formatted_sentences} 2768
2711 (where formatted_sentences is the list of sentences in the specified format) 2769
2712 Final Step 2770
s Using the provided templates, generate appropriate labeling functions based on the given sentences. Ensure that the functions o
s adhere to the constraints and effectively classify the provided text. e
2715 2773
2716 2774
2717 2775
2718 2776
2719 2777
2720 2778
2721 2779
2722 2780
2723 2781
2724 2782
2725 2783

2726 24 2784
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