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Fundamental Question of Fuzzing

Absence of a bug.
There can always be 
unseen behavior.

Q. When can we stop fuzzing?
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It doesn’t tell you the



Prior work on Residual Risk Analysis

Ecology-based 
Statistical Software Testing [1]

Fuzzing ⇒ Sampling 
Process

Program 
element/Bug

⇒ Class in the 
distribution

Test 
Execution

⇒ Sample

Residual risk := 
Probability of the next test execution  
finding a new bug

[1] Marcel Böhme. 2018. STADS: Software Testing as Species Discovery. TOSEM

Discovery probability (DP) := 
Probability of the next test execution  
finding anything new (bug or coverage)

Stop the fuzzing if  

Estimated DP   (threshold, e.g., )≤ δ 10−6

≤
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Limitation of the Existing Residual Risk Analysis

• Their estimator assumes independence between program elements.  ⇐  NOT TRUE!

 ... 
 if (pred)  
   stmt; 
 ...

‘stmt’ is executed  
only if ‘if’ is executed.

func a

func b

func c

call

call There are long call-chains 
in the program.

Using a dependency-agnostic estimator led to considerable overestimation. 

⇒ Wrongly thinks there’s still a high chance of finding an unseen bug. 

⇒ Waste of resources on an already saturated testing campaign.🙁
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Q. How can we accurately estimate  
the residual risk considering  

dependencies between program elements?



Existing estimators

≠

— Good-Turing estimator [2] —

# of basic blocks 
observed only once

# test execution

:= Singleton

B1 B2 B3 B4 B5 B6 B7 B8 B9 …

E1

E2

E3

E4

Basic Blocks

Coverage Matrix

Ex
ec

ut
io

ns

̂DPGood =

̂DPGood =
2
4

= 0.5

[2] Good, Irving J. "The population frequencies of species and the estimation of population parameters." Biometrika 40.3-4 (1953): 237-264.
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Existing estimators

≠

— Good-Turing estimator [2] —

# test execution

B1 B2 B3 B4 B5 B6 B7 B8 B9 …

E1

E2

E3

E4

E5

Basic Blocks

Coverage Matrix

Ex
ec

ut
io

ns

̂DPGood =

̂DPGood =
6
5

> 1
Problem: 

A large number of singletons can appear together due to program dependencies. 
⇒ significant overestimation

# of basic blocks 
observed only once := Singleton

Singleton

(Dependency-agnostic)



Existing estimators

≠

— Dependency-aware estimator [3] —

# of executions with singleton

# test execution

Basic Blocks

Coverage Matrix

Ex
ec

ut
io

nŝDPDep =

B1 B2 B3 B4 B5 B6 B7 B8 B9 …

E1

E2

E3

E4

E5

Singleton

Executions with 
singletons

[3] Ma, M-C., and Anne Chao. "Generalized sample coverage with an application to Chinese poems." Statistica Sinica (1993): 19-34.

̂DPDep =
3
5

≤ 1

( Many dependent singletons  ⇒  one execution )
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Existing estimators

≠

— Dependency-aware estimator [3] —

# of executions with singleton

# test execution

Basic Blocks (b)

Coverage Matrix (size: )n × b

Ex
ec

ut
io

ns
 (n

)

̂DPDep =

BBBBBBBBB…EEEEE

E.g., , 24 hours of fuzzing

Number of  
basic blocks (b)

Number of exec. 
after 24 hours (n) b X n

14,355 467,938,080 ~6 trillion

Problem: 

Naïvely computing  requires a  
huge space , where 

- : # of test executions so far 

- : # of basic blocks in the program

̂DPDep

O(n × b)
n

b



Our Solution: Two insights for efficient dependency-aware estimation

Optimization 1

Insight 1:  
No need to monitor all basic blocks

Insight 2:  
No need to record execution history

Make a dependency-aware residual risk analysis  
feasible to apply at the scale of fuzzing.⛳
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Code

Control Flow Graph

 if (p) 
     stmt1;  
 else 
     stmt2;  
 stmt3; 

if-body BB

if-cond BB

else-body BB

following BB

2. if-body BB  already tells you  covers a 
singleton w/o help from  if-cond BB.

E

⇒ No need to monitor  if-cond BB  .

*  These  basic blocks are singletons.

 Insight 1: No need to monitor all basic blocks
🎯What we want to know: Which execution covers singletons?

Example. 1. Execution  is the only execution 
covering  if-cond BB.

E

If we use the dominance relationship in the CFG, we can safely ignore basic blocks for 
monitoring while still accurately determining which execution covers singletons.



In the experiment, roughly half of the basic blocks need no monitoring.

 Insight 1: No need to monitor all basic blocks

12

THEOREM 1. If a basic block  dominates (or post-dominates) 
all of its successors (or predecessors, respectively) in the CFG , 
then discarding  from monitoring does not change .

B
G

B ̂DPDep

We formally define which basic blocks are safely ignorable from monitoring and prove 
that this is sound.

🎯What we want to know: Which execution covers singletons?



Singleton 
Clusters

 Insight 2: No need to record coverage history
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Basic Blocks

Ex
ec

ut
io

ns

B1 B2 B3 B4 B5 B6 B7 B8 B9 …

E1

E2

E3

E4

E5

Executions with 
singletons

:= set of singletons  
     covered together  
     in the same execution.

≡

🎯What we want to know: The number of executions covering singletons



Singleton 
Clusters
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Basic Blocks

Ex
ec

ut
io

ns

B1 B2 B3 B4 B5 B6 B7 B8 B9 …

E1

E2

E3

E4

E5

Executions with 
singletons

:= set of singletons  
     covered together  
     in the same execution.

≡O(n × b) O(b)

 Insight 2: No need to record coverage history
🎯What we want to know: The number of executions covering singletons



Steps 
- Update the existing singleton cluster by 

dropping basic blocks seen more than once 

- Create a new singleton cluster with newly 
found basic blocks 

- Space complexity: O(b)

• Key idea: keep maintaining the current singleton clusters after each test execution.

Space-Efficient Algorithm for Counting Singleton Clusters

Dependency-aware Residual Risk Analysis ICSE ’26, April 12–18, 2026, Rio de Janeiro, Brazil

P!""#. Let 𝐿𝐿 be a full dominator with the set of direct successors
succ(𝐿𝐿 ). Then, for any set of samples 𝑀𝑀 → DP , if 𝐿𝐿 is a singleton
in some sample 𝑀𝐿 ↑ 𝑀𝑀 , one of its successors in succ(𝐿𝐿 ) is also
executed in 𝑀𝐿 for the !rst time, i.e., it is a singleton in 𝑀𝐿 , while all
other successors are not executed in 𝑀𝑀 . Thus, 𝐿𝐿 is safely ignorable
based on Theorem 3.2. ↭

The same argument of Theorem 3.4 holds for the full post-
dominator. We implement the node removal mechanism based on
Theorem 3.4, where full dominators and full post-dominators are
removed from the control-"ow graph. The time complexity of the
node removal mechanism depends on two steps: 𝑁 (𝑂 log𝑃) [16],
where 𝑂 and 𝑃 denote the number of edges and nodes in the control-
"ow graph, respectively, and𝑁 (𝑃) for node removal. Notably, dom-
inance computation can be performed independently for each func-
tion in the software, ensuring that the node removal mechanism
remains scalable for real-world software testing. The space com-
plexity of the node removal mechanism is 𝑁 (𝑂 + 𝑃).

3.3 Online Singleton Cluster Maintenance
The second optimization method is the online singleton cluster main-
tenance, which reduces the space complexity of the DP estimation
from 𝑁 (𝑄 · 𝑃) to 𝑁 (𝑃), dropping the need to record the observed
coverage elements in each execution. The key idea is to introduce
another concept, the singleton cluster, which is equivalent to the
execution that contains singletons, that are maintainable in 𝑁 (𝑃)
space complexity during the testing process.

Singleton Cluster. The need to maintain the observed coverage
elements in each execution arises because Ma and Chao’s estimator
checks executions with at least one singleton. Yet, which coverage
elements are singletons is unknown in advance until all samples are
observed. To address this, we introduce singleton clusters, sets of
singletons appearing together in the same sample.

De!nition 3.5 (Singleton Cluster). Given the samples 𝑀𝑀 of size 𝑄
and the set of singletons 𝑅1 ↓ 𝑆 , we de!ne an equivalence relation
↔ over 𝑅1 such that 𝐿𝐿 ↔ 𝐿 𝑁 if two singletons 𝐿𝐿 and 𝐿 𝑁 appear
together in the same sample 𝑀 ↑ 𝑀𝑀 . The singleton clusters 𝑅 ↔

1 =
{𝑅 1

1 ,𝑅
2
1 , . . . ,𝑅

𝑂
1 }, where 𝑇 is the number of singleton clusters, are

the equivalence classes induced by ↔.
For instance, in Figure 1c, the set of singletons (red cells) in

the same row is a singleton cluster. We prove that the number of
singleton clusters |𝑅 ↔

1 | is the same as the number of executions that
contain at least one singleton |𝑈𝑃 |.

T$%"!%& 3.6. Given the samples 𝑀𝑀 of size 𝑄 and the set of sin-
gletons 𝑅1 ↓ 𝑆 , the number of executions that contain at least one
singleton class is equal to the number of singleton clusters, i.e.,

𝑀∑
𝐿=1
I(𝑅1 ↗ 𝑀𝐿 ω ↘) = |𝑅 ↔

1 |. (6)

P!""#. The proof naturally follows by showing that there is a
one-to-one correspondence between executions containing at least
one singleton class and the singleton clusters. Every singleton in
the same singleton cluster appears together in the same sample 𝑀
as they can appear in precisely one sample (injective). Let 𝑀𝑄𝐿 be
the sample containing at least one singleton class 𝐿 𝑁 ↑ 𝑅1. Then,𝑅 𝐿

1 ,

Algorithm 1: Online singleton cluster maintenance
Input: 𝑅𝑀 : the stream of samples
Output:𝑆 ↔

1 : singleton cluster set
1 𝑇𝑀 ≃ ↘; 𝑆1 ≃ ↘; 𝑆 ↔

1 ≃ ↘
2 for 𝑅𝐿 ↑ 𝑅𝑀 do // iterate over the stream of samples

3 𝑈 ≃ 𝑅𝐿 ↗𝑆1 ; // observed class set 𝑈

4 𝑆1 ≃ 𝑆1 \ 𝑈 ; // remove classes in 𝑈 from 𝑆1 and 𝑆 ↔
1

5 for𝑆 𝑁
1 ↑ 𝑆 ↔

1 do
6 𝑆 𝑁

1 ≃ 𝑆 𝑁
1 \ 𝑈

7 𝑃 ≃ 𝑅𝐿 \ 𝑇𝑀 ; // the newly observed classes 𝑃

8 if 𝑃 ω ↘ then // Add 𝑃 to 𝑇𝑀, 𝑆1, and 𝑆 ↔
1

9 𝑇𝑀 ≃ 𝑇𝑀 ⇐𝑃 ; 𝑆1 ≃ 𝑆1 ⇐𝑃 ; 𝑆 ↔
1 ≃ 𝑆 ↔

1 ⇐ {𝑃 }

10 return𝑆 ↔
1

the singleton cluster that includes the singleton class 𝐿 𝑁 , is the only
singleton cluster that appears in sample 𝑀𝑄𝐿 , as all the singletons
in the same singleton cluster appear together in the same sample
(surjective). ↭

Thus, the dependency-aware estimate of the DP in Eq. (5) can be
equivalently computed by |𝑅 ↔

1 |/𝑄, which is the number of singleton
clusters divided by the number of executions.

Online Maintenance of Singleton Clusters. While they are identical
(Theorem 3.6), the key advantage of singleton cluster-based esti-
mation against the execution-with-singleton approach is that the
(number of) singleton clusters can be maintained online, i.e., during
the testing process, with 𝑁 (𝑃) space complexity. This is because
the change from the singleton clusters in the previous sample to
the singleton clusters in the current sample is solely determined by
the set of coverage elements in the current sample.

Algorithm 1 presents the algorithm for computing the single-
ton clusters 𝑅 ↔

1 from the stream of samples 𝑀𝑀 with 𝑁 (𝑃) space
complexity. The algorithm maintains the observed class set 𝑆𝑀 , sin-
gleton set 𝑅1, and singleton cluster set 𝑅 ↔

1 . While iterating over
𝑀𝑀 , the algorithm computes the set of outdated (observed more
than once) singletons 𝑉 and the set of newly observed classes 𝑊 in
each sample 𝑀𝐿 . It then updates the sets 𝑆𝑀 , 𝑅1, and 𝑅 ↔

1 accordingly
by removing the outdated singletons from 𝑅1 and 𝑅 ↔

1 and adding
the newly observed classes to 𝑆𝑀 , 𝑅1, and 𝑅 ↔

1 . The algorithm dis-
cards previous samples after each update, so its space complexity
depends only on the sizes of the sets 𝑅 ↔

1 , 𝑅1, and 𝑆𝑀 , which are
bounded by 𝑁 (𝑃), as each set’s maximum size is 𝑃 (the number of
classes). Given Algorithm 1, dependency-aware DP estimation can
be computed with 𝑁 (𝑃) space complexity, making it practical for
real-world software testing.

4 Experimental Design
4.1 Research Questions
We aim to evaluate the e#ectiveness of the dependency-aware
estimation in estimating the discovery probability (DP) for the
residual risk analysis. We also aim to evaluate the e#ectiveness
of the optimization methods in reducing the space complexity of
the dependency-aware DP estimation. We use fuzzing as the pri-
mary application of the evaluation. To this end, we formulate the
following research questions:



Optimization 1.  
Dropping safely ignorable basic 

blocks

Optimization 2.  
Maintaining clusters of singletons

Implement

Dependency-aware estimator  feasible to apply  
at scale in fuzzing.

̂DPDep⛳



Evaluation

17

RQ1. Efficiency of Optimization RQ2. Accuracy of  vs ̂DPDep ̂DPGood

How much does dropping safely ignorable 
basic blocks reduce the cost of 
dependency-aware estimation?

Metrics: 

1. Amount of ignorable basic blocks 

2. Compile time speed-up 

3. Fuzzing speed-up

Compares 

[ Estimated discovery probability ] 
vs 

[ Residual risk ]

How much more accurate is the 
dependency-aware estimation in residual risk 
analysis?

dependency 
aware

dependency 
agnostic
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Table 3: Stop time estimation, error (AE), and relative error
(RE).𝐿thres denotes the threshold for the stopping criterion.
The table showsmean values across 20 repetitions per subject.

Subject 𝐿thres 𝑀emp 𝑀𝐿 𝑀𝑀 AE𝑁𝐿 AE𝑁𝑀 RE𝑁𝐿 RE𝑁𝑀
AE𝐿𝑀
AE𝐿𝑁

Sqlite3 10→3 6.4 355.9 7.2 349.47 0.79 54.18 0.12 0.00
Sqlite3 10→4 328.5 1440.0 348.2 1111.46 19.69 3.38 0.06 0.02
Freetype2 10→3 9.8 26.8 10.7 16.99 0.94 1.74 0.10 0.06
Freetype2 10→4 92.6 354.6 92.2 262.07 0.34 2.83 0.00 0.00
Libxml2 10→3 59.2 111.0 57.3 51.89 1.91 0.88 0.03 0.04
Libxml2 10→4 444.4 673.0 467.6 228.55 23.23 0.51 0.05 0.10
Libjpeg 10→4 2.1 9.3 2.9 7.16 0.83 3.38 0.39 0.12
Libjpeg 10→5 42.3 160.7 51.0 118.36 8.64 2.80 0.20 0.07
Libjpeg 10→6 469.4 1064.5 571.7 595.19 102.31 1.27 0.22 0.17
Zlib 10→5 8.2 23.4 11.6 15.19 3.36 1.85 0.41 0.22
Zlib 10→6 65.9 118.6 73.6 52.75 7.75 0.80 0.12 0.15
Zlib 10→7 240.5 692.9 551.2 452.42 310.77 1.88 1.29 0.69
Libpcap 10→8 1.6 780.7 567.2 779.05 565.51 474.83 344.68 0.73
Jsoncpp 10→5 5.3 7.5 6.2 2.19 0.90 0.41 0.17 0.41
Jsoncpp 10→6 21.1 40.5 34.6 19.40 13.53 0.92 0.64 0.70
Jsoncpp 10→7 81.7 189.6 163.3 107.98 81.68 1.32 1.00 0.76
Libpng 10→4 2.9 3.6 2.9 0.68 0.04 0.23 0.01 0.06
Libpng 10→5 16.4 23.3 18.6 6.94 2.23 0.42 0.14 0.32
Libpng 10→6 63.7 95.7 87.0 31.93 23.30 0.50 0.37 0.73
Libpng 10→7 291.7 565.1 539.3 273.41 247.65 0.94 0.85 0.91

Stop-Time Estimation Accuracy. Table 3 presents stop-time estima-
tion results for each subject and threshold 𝐿thres , chosen based
on empirical DP. The table reports mean values across 20 repeti-
tions per ↑subject,𝐿thres↓ pair. As expected from the DP estimation
results, the dependency-aware estimator provides more accurate
stop-time estimates than GoTu. Its relative error is signi!cantly
lower across all subjects and thresholds, except for Libpcap, where
both estimators perform similarly. Excluding Libpcap, all subjects
have a relative error below 0.9 for the dependency-aware estimator,
with a median RE𝑁𝑀 of 0.17, meaning fuzzing stops less than 17%
later than necessary (mean: 0.32). In contrast, for over half of the
↑subject,𝐿thres↓ pairs, GoTu’s relative error exceeds 1.0, reaching
up to 54 (median: 1.27, mean: 4.22), leading to signi!cant resource
waste. Notably, for ↑Sqlite3, 10→4↓, GoTu never reached the thresh-
old within the 24-hour fuzzing campaign in any of the 20 repetitions.
The dependency-aware estimator achieves an absolute error 7↔
lower than GoTu, demonstrating its superior performance in stop-
time estimation.

Answer to RQ1: Our dependency-aware estimator signi!cantly
outperforms the Good-Turing estimator in discovery probability
estimation. Five and seven subjects show a relative absolute error
below 1.0 and 2.0, respectively, with a median error one-!fth
that of the Good-Turing estimator. It also provides accurate stop
time estimates, with an absolute error 7↔ lower than that of the
Good-Turing estimator.

5.2 RQ2: E!ect of Node Removal Mechanism
Table 4 presents the results of the node removal mechanism, report-
ing the number of nodes in the original (|𝑁 |) and reduced control-
"ow graphs (|𝑁rm |) along with the proportion of nodes remaining
after removal. Results show a signi!cant reduction in control-"ow
graph size, decreasing node count by 36-46% (average: 43%).

Table 4: The impact of the node removal mechanism.

Subject |𝑁 | |𝑁rm | |𝑂rm |
|𝑂 | 𝑀𝑃 .𝑄. 𝑂 (eps) 𝑂 (epsrm) 𝑂

(
epsrm
eps

)
Sqlite3 58,253 32,849 0.56 -82.6s (-29%) 21.93 31.43 1.43
Freetype2 46,051 26,553 0.58 -7.6s (-9%) 51.06 104.05 2.04
Libxml2 93,858 50,573 0.54 -5.7s (-11%) 18.82 50.17 2.67
Libjpeg 36,840 21,788 0.59 -9.9s (-18%) 290.40 1061.58 3.66
Zlib 1,775 986 0.56 -0.6s (-13%) 7043.66 7683.91 1.09
Libpcap 14,355 7,815 0.54 -8.9s (-15%) 5415.95 5664.24 1.05
Jsoncpp 8,780 5,631 0.64 -3.5s (-9%) 2686.26 3370.08 1.25
Libpng 10,463 6,077 0.58 -2.7s (-10%) 2210.39 3140.78 1.42

Avg. 0.57 -15.2s (-14%) 1.83

Subject |𝑃 | 𝑄𝑅=0emp RE𝑆GoTu RE𝑆St
Assimp 5.6 3.8e-05 1090.6 53.4
File 4.4 3.1e-05 124.3 38.5
Harfbuzz 4.2 1.9e-05 3557.3 347.7
Libxml2 6.0 6.7e-06 1190.2 107.6

Figure 5: Le!: Residual risk estimation for Assimp (x-axis:
time (min.), y-axis: prob.). Right: Result summary for the
bug-based evaluation. |𝑃 | is the number of unique crashes
found during the fuzzing, and 𝑄𝑅=0emp is the initial residual risk.
The table reports the mean values across 5 repetitions.

Notably, node removal also reduces compilation time overhead.
𝑀𝑃 .𝑄. represents this overhead, computed as the di#erence in compi-
lation time with node removal minus that without it, measured in
seconds (s) and percentage (%). The results show an average reduc-
tion of 15.2s (14%), a consistent trend across subjects with negligible
correlation to subject size. This negative overhead suggests that the
time saved from reducing the number of basic blocks to instrument
outweighs the cost of node removal.

𝑂 (eps) and 𝑂 (epsrm) denote the average executions per second
(eps) during fuzzing with and without node removal. Their ratios
range from 1.05 to 3.66, averaging 1.83, indicating improved fuzzing
e$ciency. Compared to Table 1, the dependency-aware estima-
tor generally shows greater DP estimation accuracy improvement
when eps is lower. This aligns with the intuition that when many
discoveries remain, the di#erence between singleton and single-
ton cluster sizes is larger. Additionally, longer execution traces
(re"ected in lower eps) suggest more dependencies, reinforcing the
mechanism’s impact.

Answer to RQ2: The node removal mechanism signi!cantly
reduces control-"ow graph size, decreasing nodes by 36-46%
(average: 43%). The mechanism also reduces compilation time
overhead by 15.2s (14%) on average, indicating that the time
saved from reducing the number of basic blocks to instrument
outweighs the cost of node removal.

5.3 RQ3: Bug-based Residual Risk Estimation
In this experiment, we evaluate residual risk estimation using DP
estimators. Since not all coverage elements are bugs, DP estimation
is expected to overapproximate residual risk. The left side of Figure 5
shows the empirical residual risk 𝑄emp and DP estimation forAssimp

Result 1. Efficiency of Optimization

Dropping safely ignorable basic blocks 
significantly reduces (54-64%) the 
number of basic blocks to monitor.

#(BB) #(BBdrop) Ratio

18
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Table 3: Stop time estimation, error (AE), and relative error
(RE).𝐿thres denotes the threshold for the stopping criterion.
The table showsmean values across 20 repetitions per subject.

Subject 𝐿thres 𝑀emp 𝑀𝐿 𝑀𝑀 AE𝑁𝐿 AE𝑁𝑀 RE𝑁𝐿 RE𝑁𝑀
AE𝐿𝑀
AE𝐿𝑁

Sqlite3 10→3 6.4 355.9 7.2 349.47 0.79 54.18 0.12 0.00
Sqlite3 10→4 328.5 1440.0 348.2 1111.46 19.69 3.38 0.06 0.02
Freetype2 10→3 9.8 26.8 10.7 16.99 0.94 1.74 0.10 0.06
Freetype2 10→4 92.6 354.6 92.2 262.07 0.34 2.83 0.00 0.00
Libxml2 10→3 59.2 111.0 57.3 51.89 1.91 0.88 0.03 0.04
Libxml2 10→4 444.4 673.0 467.6 228.55 23.23 0.51 0.05 0.10
Libjpeg 10→4 2.1 9.3 2.9 7.16 0.83 3.38 0.39 0.12
Libjpeg 10→5 42.3 160.7 51.0 118.36 8.64 2.80 0.20 0.07
Libjpeg 10→6 469.4 1064.5 571.7 595.19 102.31 1.27 0.22 0.17
Zlib 10→5 8.2 23.4 11.6 15.19 3.36 1.85 0.41 0.22
Zlib 10→6 65.9 118.6 73.6 52.75 7.75 0.80 0.12 0.15
Zlib 10→7 240.5 692.9 551.2 452.42 310.77 1.88 1.29 0.69
Libpcap 10→8 1.6 780.7 567.2 779.05 565.51 474.83 344.68 0.73
Jsoncpp 10→5 5.3 7.5 6.2 2.19 0.90 0.41 0.17 0.41
Jsoncpp 10→6 21.1 40.5 34.6 19.40 13.53 0.92 0.64 0.70
Jsoncpp 10→7 81.7 189.6 163.3 107.98 81.68 1.32 1.00 0.76
Libpng 10→4 2.9 3.6 2.9 0.68 0.04 0.23 0.01 0.06
Libpng 10→5 16.4 23.3 18.6 6.94 2.23 0.42 0.14 0.32
Libpng 10→6 63.7 95.7 87.0 31.93 23.30 0.50 0.37 0.73
Libpng 10→7 291.7 565.1 539.3 273.41 247.65 0.94 0.85 0.91

Stop-Time Estimation Accuracy. Table 3 presents stop-time estima-
tion results for each subject and threshold 𝐿thres , chosen based
on empirical DP. The table reports mean values across 20 repeti-
tions per ↑subject,𝐿thres↓ pair. As expected from the DP estimation
results, the dependency-aware estimator provides more accurate
stop-time estimates than GoTu. Its relative error is signi!cantly
lower across all subjects and thresholds, except for Libpcap, where
both estimators perform similarly. Excluding Libpcap, all subjects
have a relative error below 0.9 for the dependency-aware estimator,
with a median RE𝑁𝑀 of 0.17, meaning fuzzing stops less than 17%
later than necessary (mean: 0.32). In contrast, for over half of the
↑subject,𝐿thres↓ pairs, GoTu’s relative error exceeds 1.0, reaching
up to 54 (median: 1.27, mean: 4.22), leading to signi!cant resource
waste. Notably, for ↑Sqlite3, 10→4↓, GoTu never reached the thresh-
old within the 24-hour fuzzing campaign in any of the 20 repetitions.
The dependency-aware estimator achieves an absolute error 7↔
lower than GoTu, demonstrating its superior performance in stop-
time estimation.

Answer to RQ1: Our dependency-aware estimator signi!cantly
outperforms the Good-Turing estimator in discovery probability
estimation. Five and seven subjects show a relative absolute error
below 1.0 and 2.0, respectively, with a median error one-!fth
that of the Good-Turing estimator. It also provides accurate stop
time estimates, with an absolute error 7↔ lower than that of the
Good-Turing estimator.

5.2 RQ2: E!ect of Node Removal Mechanism
Table 4 presents the results of the node removal mechanism, report-
ing the number of nodes in the original (|𝑁 |) and reduced control-
"ow graphs (|𝑁rm |) along with the proportion of nodes remaining
after removal. Results show a signi!cant reduction in control-"ow
graph size, decreasing node count by 36-46% (average: 43%).

Table 4: The impact of the node removal mechanism.

Subject |𝑁 | |𝑁rm | |𝑂rm |
|𝑂 | 𝑀𝑃 .𝑄. 𝑂 (eps) 𝑂 (epsrm) 𝑂

(
epsrm
eps

)
Sqlite3 58,253 32,849 0.56 -82.6s (-29%) 21.93 31.43 1.43
Freetype2 46,051 26,553 0.58 -7.6s (-9%) 51.06 104.05 2.04
Libxml2 93,858 50,573 0.54 -5.7s (-11%) 18.82 50.17 2.67
Libjpeg 36,840 21,788 0.59 -9.9s (-18%) 290.40 1061.58 3.66
Zlib 1,775 986 0.56 -0.6s (-13%) 7043.66 7683.91 1.09
Libpcap 14,355 7,815 0.54 -8.9s (-15%) 5415.95 5664.24 1.05
Jsoncpp 8,780 5,631 0.64 -3.5s (-9%) 2686.26 3370.08 1.25
Libpng 10,463 6,077 0.58 -2.7s (-10%) 2210.39 3140.78 1.42

Avg. 0.57 -15.2s (-14%) 1.83

Subject |𝑃 | 𝑄𝑅=0emp RE𝑆GoTu RE𝑆St
Assimp 5.6 3.8e-05 1090.6 53.4
File 4.4 3.1e-05 124.3 38.5
Harfbuzz 4.2 1.9e-05 3557.3 347.7
Libxml2 6.0 6.7e-06 1190.2 107.6

Figure 5: Le!: Residual risk estimation for Assimp (x-axis:
time (min.), y-axis: prob.). Right: Result summary for the
bug-based evaluation. |𝑃 | is the number of unique crashes
found during the fuzzing, and 𝑄𝑅=0emp is the initial residual risk.
The table reports the mean values across 5 repetitions.

Notably, node removal also reduces compilation time overhead.
𝑀𝑃 .𝑄. represents this overhead, computed as the di#erence in compi-
lation time with node removal minus that without it, measured in
seconds (s) and percentage (%). The results show an average reduc-
tion of 15.2s (14%), a consistent trend across subjects with negligible
correlation to subject size. This negative overhead suggests that the
time saved from reducing the number of basic blocks to instrument
outweighs the cost of node removal.

𝑂 (eps) and 𝑂 (epsrm) denote the average executions per second
(eps) during fuzzing with and without node removal. Their ratios
range from 1.05 to 3.66, averaging 1.83, indicating improved fuzzing
e$ciency. Compared to Table 1, the dependency-aware estima-
tor generally shows greater DP estimation accuracy improvement
when eps is lower. This aligns with the intuition that when many
discoveries remain, the di#erence between singleton and single-
ton cluster sizes is larger. Additionally, longer execution traces
(re"ected in lower eps) suggest more dependencies, reinforcing the
mechanism’s impact.

Answer to RQ2: The node removal mechanism signi!cantly
reduces control-"ow graph size, decreasing nodes by 36-46%
(average: 43%). The mechanism also reduces compilation time
overhead by 15.2s (14%) on average, indicating that the time
saved from reducing the number of basic blocks to instrument
outweighs the cost of node removal.

5.3 RQ3: Bug-based Residual Risk Estimation
In this experiment, we evaluate residual risk estimation using DP
estimators. Since not all coverage elements are bugs, DP estimation
is expected to overapproximate residual risk. The left side of Figure 5
shows the empirical residual risk 𝑄emp and DP estimation forAssimp

Result 1. Efficiency of Optimization

#(BB) #(BBdrop) Ratio
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The compilation time was also 
reduced by 14%. 
• Smaller number of basic blocks to monitor  

 ⇒ less coverage instrumentation load 

* Note: this compilation time includes  
               the dominance analysis

Δ(Tcompile)
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Table 3: Stop time estimation, error (AE), and relative error
(RE).𝐿thres denotes the threshold for the stopping criterion.
The table showsmean values across 20 repetitions per subject.

Subject 𝐿thres 𝑀emp 𝑀𝐿 𝑀𝑀 AE𝑁𝐿 AE𝑁𝑀 RE𝑁𝐿 RE𝑁𝑀
AE𝐿𝑀
AE𝐿𝑁

Sqlite3 10→3 6.4 355.9 7.2 349.47 0.79 54.18 0.12 0.00
Sqlite3 10→4 328.5 1440.0 348.2 1111.46 19.69 3.38 0.06 0.02
Freetype2 10→3 9.8 26.8 10.7 16.99 0.94 1.74 0.10 0.06
Freetype2 10→4 92.6 354.6 92.2 262.07 0.34 2.83 0.00 0.00
Libxml2 10→3 59.2 111.0 57.3 51.89 1.91 0.88 0.03 0.04
Libxml2 10→4 444.4 673.0 467.6 228.55 23.23 0.51 0.05 0.10
Libjpeg 10→4 2.1 9.3 2.9 7.16 0.83 3.38 0.39 0.12
Libjpeg 10→5 42.3 160.7 51.0 118.36 8.64 2.80 0.20 0.07
Libjpeg 10→6 469.4 1064.5 571.7 595.19 102.31 1.27 0.22 0.17
Zlib 10→5 8.2 23.4 11.6 15.19 3.36 1.85 0.41 0.22
Zlib 10→6 65.9 118.6 73.6 52.75 7.75 0.80 0.12 0.15
Zlib 10→7 240.5 692.9 551.2 452.42 310.77 1.88 1.29 0.69
Libpcap 10→8 1.6 780.7 567.2 779.05 565.51 474.83 344.68 0.73
Jsoncpp 10→5 5.3 7.5 6.2 2.19 0.90 0.41 0.17 0.41
Jsoncpp 10→6 21.1 40.5 34.6 19.40 13.53 0.92 0.64 0.70
Jsoncpp 10→7 81.7 189.6 163.3 107.98 81.68 1.32 1.00 0.76
Libpng 10→4 2.9 3.6 2.9 0.68 0.04 0.23 0.01 0.06
Libpng 10→5 16.4 23.3 18.6 6.94 2.23 0.42 0.14 0.32
Libpng 10→6 63.7 95.7 87.0 31.93 23.30 0.50 0.37 0.73
Libpng 10→7 291.7 565.1 539.3 273.41 247.65 0.94 0.85 0.91

Stop-Time Estimation Accuracy. Table 3 presents stop-time estima-
tion results for each subject and threshold 𝐿thres , chosen based
on empirical DP. The table reports mean values across 20 repeti-
tions per ↑subject,𝐿thres↓ pair. As expected from the DP estimation
results, the dependency-aware estimator provides more accurate
stop-time estimates than GoTu. Its relative error is signi!cantly
lower across all subjects and thresholds, except for Libpcap, where
both estimators perform similarly. Excluding Libpcap, all subjects
have a relative error below 0.9 for the dependency-aware estimator,
with a median RE𝑁𝑀 of 0.17, meaning fuzzing stops less than 17%
later than necessary (mean: 0.32). In contrast, for over half of the
↑subject,𝐿thres↓ pairs, GoTu’s relative error exceeds 1.0, reaching
up to 54 (median: 1.27, mean: 4.22), leading to signi!cant resource
waste. Notably, for ↑Sqlite3, 10→4↓, GoTu never reached the thresh-
old within the 24-hour fuzzing campaign in any of the 20 repetitions.
The dependency-aware estimator achieves an absolute error 7↔
lower than GoTu, demonstrating its superior performance in stop-
time estimation.

Answer to RQ1: Our dependency-aware estimator signi!cantly
outperforms the Good-Turing estimator in discovery probability
estimation. Five and seven subjects show a relative absolute error
below 1.0 and 2.0, respectively, with a median error one-!fth
that of the Good-Turing estimator. It also provides accurate stop
time estimates, with an absolute error 7↔ lower than that of the
Good-Turing estimator.

5.2 RQ2: E!ect of Node Removal Mechanism
Table 4 presents the results of the node removal mechanism, report-
ing the number of nodes in the original (|𝑁 |) and reduced control-
"ow graphs (|𝑁rm |) along with the proportion of nodes remaining
after removal. Results show a signi!cant reduction in control-"ow
graph size, decreasing node count by 36-46% (average: 43%).

Table 4: The impact of the node removal mechanism.

Subject |𝑁 | |𝑁rm | |𝑂rm |
|𝑂 | 𝑀𝑃 .𝑄. 𝑂 (eps) 𝑂 (epsrm) 𝑂

(
epsrm
eps

)
Sqlite3 58,253 32,849 0.56 -82.6s (-29%) 21.93 31.43 1.43
Freetype2 46,051 26,553 0.58 -7.6s (-9%) 51.06 104.05 2.04
Libxml2 93,858 50,573 0.54 -5.7s (-11%) 18.82 50.17 2.67
Libjpeg 36,840 21,788 0.59 -9.9s (-18%) 290.40 1061.58 3.66
Zlib 1,775 986 0.56 -0.6s (-13%) 7043.66 7683.91 1.09
Libpcap 14,355 7,815 0.54 -8.9s (-15%) 5415.95 5664.24 1.05
Jsoncpp 8,780 5,631 0.64 -3.5s (-9%) 2686.26 3370.08 1.25
Libpng 10,463 6,077 0.58 -2.7s (-10%) 2210.39 3140.78 1.42

Avg. 0.57 -15.2s (-14%) 1.83

Subject |𝑃 | 𝑄𝑅=0emp RE𝑆GoTu RE𝑆St
Assimp 5.6 3.8e-05 1090.6 53.4
File 4.4 3.1e-05 124.3 38.5
Harfbuzz 4.2 1.9e-05 3557.3 347.7
Libxml2 6.0 6.7e-06 1190.2 107.6

Figure 5: Le!: Residual risk estimation for Assimp (x-axis:
time (min.), y-axis: prob.). Right: Result summary for the
bug-based evaluation. |𝑃 | is the number of unique crashes
found during the fuzzing, and 𝑄𝑅=0emp is the initial residual risk.
The table reports the mean values across 5 repetitions.

Notably, node removal also reduces compilation time overhead.
𝑀𝑃 .𝑄. represents this overhead, computed as the di#erence in compi-
lation time with node removal minus that without it, measured in
seconds (s) and percentage (%). The results show an average reduc-
tion of 15.2s (14%), a consistent trend across subjects with negligible
correlation to subject size. This negative overhead suggests that the
time saved from reducing the number of basic blocks to instrument
outweighs the cost of node removal.

𝑂 (eps) and 𝑂 (epsrm) denote the average executions per second
(eps) during fuzzing with and without node removal. Their ratios
range from 1.05 to 3.66, averaging 1.83, indicating improved fuzzing
e$ciency. Compared to Table 1, the dependency-aware estima-
tor generally shows greater DP estimation accuracy improvement
when eps is lower. This aligns with the intuition that when many
discoveries remain, the di#erence between singleton and single-
ton cluster sizes is larger. Additionally, longer execution traces
(re"ected in lower eps) suggest more dependencies, reinforcing the
mechanism’s impact.

Answer to RQ2: The node removal mechanism signi!cantly
reduces control-"ow graph size, decreasing nodes by 36-46%
(average: 43%). The mechanism also reduces compilation time
overhead by 15.2s (14%) on average, indicating that the time
saved from reducing the number of basic blocks to instrument
outweighs the cost of node removal.

5.3 RQ3: Bug-based Residual Risk Estimation
In this experiment, we evaluate residual risk estimation using DP
estimators. Since not all coverage elements are bugs, DP estimation
is expected to overapproximate residual risk. The left side of Figure 5
shows the empirical residual risk 𝑄emp and DP estimation forAssimp

Result 1. Efficiency of Optimization

The fuzzing itself became  
83% faster. 
• Smaller number of basic blocks to monitor 

+ less computation needed for estimation 

⇒ the execution time became shorter
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Table 3: Stop time estimation, error (AE), and relative error
(RE).𝐿thres denotes the threshold for the stopping criterion.
The table showsmean values across 20 repetitions per subject.

Subject 𝐿thres 𝑀emp 𝑀𝐿 𝑀𝑀 AE𝑁𝐿 AE𝑁𝑀 RE𝑁𝐿 RE𝑁𝑀
AE𝐿𝑀
AE𝐿𝑁

Sqlite3 10→3 6.4 355.9 7.2 349.47 0.79 54.18 0.12 0.00
Sqlite3 10→4 328.5 1440.0 348.2 1111.46 19.69 3.38 0.06 0.02
Freetype2 10→3 9.8 26.8 10.7 16.99 0.94 1.74 0.10 0.06
Freetype2 10→4 92.6 354.6 92.2 262.07 0.34 2.83 0.00 0.00
Libxml2 10→3 59.2 111.0 57.3 51.89 1.91 0.88 0.03 0.04
Libxml2 10→4 444.4 673.0 467.6 228.55 23.23 0.51 0.05 0.10
Libjpeg 10→4 2.1 9.3 2.9 7.16 0.83 3.38 0.39 0.12
Libjpeg 10→5 42.3 160.7 51.0 118.36 8.64 2.80 0.20 0.07
Libjpeg 10→6 469.4 1064.5 571.7 595.19 102.31 1.27 0.22 0.17
Zlib 10→5 8.2 23.4 11.6 15.19 3.36 1.85 0.41 0.22
Zlib 10→6 65.9 118.6 73.6 52.75 7.75 0.80 0.12 0.15
Zlib 10→7 240.5 692.9 551.2 452.42 310.77 1.88 1.29 0.69
Libpcap 10→8 1.6 780.7 567.2 779.05 565.51 474.83 344.68 0.73
Jsoncpp 10→5 5.3 7.5 6.2 2.19 0.90 0.41 0.17 0.41
Jsoncpp 10→6 21.1 40.5 34.6 19.40 13.53 0.92 0.64 0.70
Jsoncpp 10→7 81.7 189.6 163.3 107.98 81.68 1.32 1.00 0.76
Libpng 10→4 2.9 3.6 2.9 0.68 0.04 0.23 0.01 0.06
Libpng 10→5 16.4 23.3 18.6 6.94 2.23 0.42 0.14 0.32
Libpng 10→6 63.7 95.7 87.0 31.93 23.30 0.50 0.37 0.73
Libpng 10→7 291.7 565.1 539.3 273.41 247.65 0.94 0.85 0.91

Stop-Time Estimation Accuracy. Table 3 presents stop-time estima-
tion results for each subject and threshold 𝐿thres , chosen based
on empirical DP. The table reports mean values across 20 repeti-
tions per ↑subject,𝐿thres↓ pair. As expected from the DP estimation
results, the dependency-aware estimator provides more accurate
stop-time estimates than GoTu. Its relative error is signi!cantly
lower across all subjects and thresholds, except for Libpcap, where
both estimators perform similarly. Excluding Libpcap, all subjects
have a relative error below 0.9 for the dependency-aware estimator,
with a median RE𝑁𝑀 of 0.17, meaning fuzzing stops less than 17%
later than necessary (mean: 0.32). In contrast, for over half of the
↑subject,𝐿thres↓ pairs, GoTu’s relative error exceeds 1.0, reaching
up to 54 (median: 1.27, mean: 4.22), leading to signi!cant resource
waste. Notably, for ↑Sqlite3, 10→4↓, GoTu never reached the thresh-
old within the 24-hour fuzzing campaign in any of the 20 repetitions.
The dependency-aware estimator achieves an absolute error 7↔
lower than GoTu, demonstrating its superior performance in stop-
time estimation.

Answer to RQ1: Our dependency-aware estimator signi!cantly
outperforms the Good-Turing estimator in discovery probability
estimation. Five and seven subjects show a relative absolute error
below 1.0 and 2.0, respectively, with a median error one-!fth
that of the Good-Turing estimator. It also provides accurate stop
time estimates, with an absolute error 7↔ lower than that of the
Good-Turing estimator.

5.2 RQ2: E!ect of Node Removal Mechanism
Table 4 presents the results of the node removal mechanism, report-
ing the number of nodes in the original (|𝑁 |) and reduced control-
"ow graphs (|𝑁rm |) along with the proportion of nodes remaining
after removal. Results show a signi!cant reduction in control-"ow
graph size, decreasing node count by 36-46% (average: 43%).

Table 4: The impact of the node removal mechanism.

Subject |𝑁 | |𝑁rm | |𝑂rm |
|𝑂 | 𝑀𝑃 .𝑄. 𝑂 (eps) 𝑂 (epsrm) 𝑂

(
epsrm
eps

)
Sqlite3 58,253 32,849 0.56 -82.6s (-29%) 21.93 31.43 1.43
Freetype2 46,051 26,553 0.58 -7.6s (-9%) 51.06 104.05 2.04
Libxml2 93,858 50,573 0.54 -5.7s (-11%) 18.82 50.17 2.67
Libjpeg 36,840 21,788 0.59 -9.9s (-18%) 290.40 1061.58 3.66
Zlib 1,775 986 0.56 -0.6s (-13%) 7043.66 7683.91 1.09
Libpcap 14,355 7,815 0.54 -8.9s (-15%) 5415.95 5664.24 1.05
Jsoncpp 8,780 5,631 0.64 -3.5s (-9%) 2686.26 3370.08 1.25
Libpng 10,463 6,077 0.58 -2.7s (-10%) 2210.39 3140.78 1.42

Avg. 0.57 -15.2s (-14%) 1.83

Subject |𝑃 | 𝑄𝑅=0emp RE𝑆GoTu RE𝑆St
Assimp 5.6 3.8e-05 1090.6 53.4
File 4.4 3.1e-05 124.3 38.5
Harfbuzz 4.2 1.9e-05 3557.3 347.7
Libxml2 6.0 6.7e-06 1190.2 107.6

Figure 5: Le!: Residual risk estimation for Assimp (x-axis:
time (min.), y-axis: prob.). Right: Result summary for the
bug-based evaluation. |𝑃 | is the number of unique crashes
found during the fuzzing, and 𝑄𝑅=0emp is the initial residual risk.
The table reports the mean values across 5 repetitions.

Notably, node removal also reduces compilation time overhead.
𝑀𝑃 .𝑄. represents this overhead, computed as the di#erence in compi-
lation time with node removal minus that without it, measured in
seconds (s) and percentage (%). The results show an average reduc-
tion of 15.2s (14%), a consistent trend across subjects with negligible
correlation to subject size. This negative overhead suggests that the
time saved from reducing the number of basic blocks to instrument
outweighs the cost of node removal.

𝑂 (eps) and 𝑂 (epsrm) denote the average executions per second
(eps) during fuzzing with and without node removal. Their ratios
range from 1.05 to 3.66, averaging 1.83, indicating improved fuzzing
e$ciency. Compared to Table 1, the dependency-aware estima-
tor generally shows greater DP estimation accuracy improvement
when eps is lower. This aligns with the intuition that when many
discoveries remain, the di#erence between singleton and single-
ton cluster sizes is larger. Additionally, longer execution traces
(re"ected in lower eps) suggest more dependencies, reinforcing the
mechanism’s impact.

Answer to RQ2: The node removal mechanism signi!cantly
reduces control-"ow graph size, decreasing nodes by 36-46%
(average: 43%). The mechanism also reduces compilation time
overhead by 15.2s (14%) on average, indicating that the time
saved from reducing the number of basic blocks to instrument
outweighs the cost of node removal.

5.3 RQ3: Bug-based Residual Risk Estimation
In this experiment, we evaluate residual risk estimation using DP
estimators. Since not all coverage elements are bugs, DP estimation
is expected to overapproximate residual risk. The left side of Figure 5
shows the empirical residual risk 𝑄emp and DP estimation forAssimp
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Table 3: Stop time estimation, error (AE), and relative error
(RE).𝐿thres denotes the threshold for the stopping criterion.
The table showsmean values across 20 repetitions per subject.

Subject 𝐿thres 𝑀emp 𝑀𝐿 𝑀𝑀 AE𝑁𝐿 AE𝑁𝑀 RE𝑁𝐿 RE𝑁𝑀
AE𝐿𝑀
AE𝐿𝑁

Sqlite3 10→3 6.4 355.9 7.2 349.47 0.79 54.18 0.12 0.00
Sqlite3 10→4 328.5 1440.0 348.2 1111.46 19.69 3.38 0.06 0.02
Freetype2 10→3 9.8 26.8 10.7 16.99 0.94 1.74 0.10 0.06
Freetype2 10→4 92.6 354.6 92.2 262.07 0.34 2.83 0.00 0.00
Libxml2 10→3 59.2 111.0 57.3 51.89 1.91 0.88 0.03 0.04
Libxml2 10→4 444.4 673.0 467.6 228.55 23.23 0.51 0.05 0.10
Libjpeg 10→4 2.1 9.3 2.9 7.16 0.83 3.38 0.39 0.12
Libjpeg 10→5 42.3 160.7 51.0 118.36 8.64 2.80 0.20 0.07
Libjpeg 10→6 469.4 1064.5 571.7 595.19 102.31 1.27 0.22 0.17
Zlib 10→5 8.2 23.4 11.6 15.19 3.36 1.85 0.41 0.22
Zlib 10→6 65.9 118.6 73.6 52.75 7.75 0.80 0.12 0.15
Zlib 10→7 240.5 692.9 551.2 452.42 310.77 1.88 1.29 0.69
Libpcap 10→8 1.6 780.7 567.2 779.05 565.51 474.83 344.68 0.73
Jsoncpp 10→5 5.3 7.5 6.2 2.19 0.90 0.41 0.17 0.41
Jsoncpp 10→6 21.1 40.5 34.6 19.40 13.53 0.92 0.64 0.70
Jsoncpp 10→7 81.7 189.6 163.3 107.98 81.68 1.32 1.00 0.76
Libpng 10→4 2.9 3.6 2.9 0.68 0.04 0.23 0.01 0.06
Libpng 10→5 16.4 23.3 18.6 6.94 2.23 0.42 0.14 0.32
Libpng 10→6 63.7 95.7 87.0 31.93 23.30 0.50 0.37 0.73
Libpng 10→7 291.7 565.1 539.3 273.41 247.65 0.94 0.85 0.91

Stop-Time Estimation Accuracy. Table 3 presents stop-time estima-
tion results for each subject and threshold 𝐿thres , chosen based
on empirical DP. The table reports mean values across 20 repeti-
tions per ↑subject,𝐿thres↓ pair. As expected from the DP estimation
results, the dependency-aware estimator provides more accurate
stop-time estimates than GoTu. Its relative error is signi!cantly
lower across all subjects and thresholds, except for Libpcap, where
both estimators perform similarly. Excluding Libpcap, all subjects
have a relative error below 0.9 for the dependency-aware estimator,
with a median RE𝑁𝑀 of 0.17, meaning fuzzing stops less than 17%
later than necessary (mean: 0.32). In contrast, for over half of the
↑subject,𝐿thres↓ pairs, GoTu’s relative error exceeds 1.0, reaching
up to 54 (median: 1.27, mean: 4.22), leading to signi!cant resource
waste. Notably, for ↑Sqlite3, 10→4↓, GoTu never reached the thresh-
old within the 24-hour fuzzing campaign in any of the 20 repetitions.
The dependency-aware estimator achieves an absolute error 7↔
lower than GoTu, demonstrating its superior performance in stop-
time estimation.

Answer to RQ1: Our dependency-aware estimator signi!cantly
outperforms the Good-Turing estimator in discovery probability
estimation. Five and seven subjects show a relative absolute error
below 1.0 and 2.0, respectively, with a median error one-!fth
that of the Good-Turing estimator. It also provides accurate stop
time estimates, with an absolute error 7↔ lower than that of the
Good-Turing estimator.

5.2 RQ2: E!ect of Node Removal Mechanism
Table 4 presents the results of the node removal mechanism, report-
ing the number of nodes in the original (|𝑁 |) and reduced control-
"ow graphs (|𝑁rm |) along with the proportion of nodes remaining
after removal. Results show a signi!cant reduction in control-"ow
graph size, decreasing node count by 36-46% (average: 43%).

Table 4: The impact of the node removal mechanism.

Subject |𝑁 | |𝑁rm | |𝑂rm |
|𝑂 | 𝑀𝑃 .𝑄. 𝑂 (eps) 𝑂 (epsrm) 𝑂

(
epsrm
eps

)
Sqlite3 58,253 32,849 0.56 -82.6s (-29%) 21.93 31.43 1.43
Freetype2 46,051 26,553 0.58 -7.6s (-9%) 51.06 104.05 2.04
Libxml2 93,858 50,573 0.54 -5.7s (-11%) 18.82 50.17 2.67
Libjpeg 36,840 21,788 0.59 -9.9s (-18%) 290.40 1061.58 3.66
Zlib 1,775 986 0.56 -0.6s (-13%) 7043.66 7683.91 1.09
Libpcap 14,355 7,815 0.54 -8.9s (-15%) 5415.95 5664.24 1.05
Jsoncpp 8,780 5,631 0.64 -3.5s (-9%) 2686.26 3370.08 1.25
Libpng 10,463 6,077 0.58 -2.7s (-10%) 2210.39 3140.78 1.42

Avg. 0.57 -15.2s (-14%) 1.83

Subject |𝑃 | 𝑄𝑅=0emp RE𝑆GoTu RE𝑆St
Assimp 5.6 3.8e-05 1090.6 53.4
File 4.4 3.1e-05 124.3 38.5
Harfbuzz 4.2 1.9e-05 3557.3 347.7
Libxml2 6.0 6.7e-06 1190.2 107.6

Figure 5: Le!: Residual risk estimation for Assimp (x-axis:
time (min.), y-axis: prob.). Right: Result summary for the
bug-based evaluation. |𝑃 | is the number of unique crashes
found during the fuzzing, and 𝑄𝑅=0emp is the initial residual risk.
The table reports the mean values across 5 repetitions.

Notably, node removal also reduces compilation time overhead.
𝑀𝑃 .𝑄. represents this overhead, computed as the di#erence in compi-
lation time with node removal minus that without it, measured in
seconds (s) and percentage (%). The results show an average reduc-
tion of 15.2s (14%), a consistent trend across subjects with negligible
correlation to subject size. This negative overhead suggests that the
time saved from reducing the number of basic blocks to instrument
outweighs the cost of node removal.

𝑂 (eps) and 𝑂 (epsrm) denote the average executions per second
(eps) during fuzzing with and without node removal. Their ratios
range from 1.05 to 3.66, averaging 1.83, indicating improved fuzzing
e$ciency. Compared to Table 1, the dependency-aware estima-
tor generally shows greater DP estimation accuracy improvement
when eps is lower. This aligns with the intuition that when many
discoveries remain, the di#erence between singleton and single-
ton cluster sizes is larger. Additionally, longer execution traces
(re"ected in lower eps) suggest more dependencies, reinforcing the
mechanism’s impact.

Answer to RQ2: The node removal mechanism signi!cantly
reduces control-"ow graph size, decreasing nodes by 36-46%
(average: 43%). The mechanism also reduces compilation time
overhead by 15.2s (14%) on average, indicating that the time
saved from reducing the number of basic blocks to instrument
outweighs the cost of node removal.

5.3 RQ3: Bug-based Residual Risk Estimation
In this experiment, we evaluate residual risk estimation using DP
estimators. Since not all coverage elements are bugs, DP estimation
is expected to overapproximate residual risk. The left side of Figure 5
shows the empirical residual risk 𝑄emp and DP estimation forAssimp

Ratio
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Table 3: Stop time estimation, error (AE), and relative error
(RE).𝐿thres denotes the threshold for the stopping criterion.
The table showsmean values across 20 repetitions per subject.

Subject 𝐿thres 𝑀emp 𝑀𝐿 𝑀𝑀 AE𝑁𝐿 AE𝑁𝑀 RE𝑁𝐿 RE𝑁𝑀
AE𝐿𝑀
AE𝐿𝑁

Sqlite3 10→3 6.4 355.9 7.2 349.47 0.79 54.18 0.12 0.00
Sqlite3 10→4 328.5 1440.0 348.2 1111.46 19.69 3.38 0.06 0.02
Freetype2 10→3 9.8 26.8 10.7 16.99 0.94 1.74 0.10 0.06
Freetype2 10→4 92.6 354.6 92.2 262.07 0.34 2.83 0.00 0.00
Libxml2 10→3 59.2 111.0 57.3 51.89 1.91 0.88 0.03 0.04
Libxml2 10→4 444.4 673.0 467.6 228.55 23.23 0.51 0.05 0.10
Libjpeg 10→4 2.1 9.3 2.9 7.16 0.83 3.38 0.39 0.12
Libjpeg 10→5 42.3 160.7 51.0 118.36 8.64 2.80 0.20 0.07
Libjpeg 10→6 469.4 1064.5 571.7 595.19 102.31 1.27 0.22 0.17
Zlib 10→5 8.2 23.4 11.6 15.19 3.36 1.85 0.41 0.22
Zlib 10→6 65.9 118.6 73.6 52.75 7.75 0.80 0.12 0.15
Zlib 10→7 240.5 692.9 551.2 452.42 310.77 1.88 1.29 0.69
Libpcap 10→8 1.6 780.7 567.2 779.05 565.51 474.83 344.68 0.73
Jsoncpp 10→5 5.3 7.5 6.2 2.19 0.90 0.41 0.17 0.41
Jsoncpp 10→6 21.1 40.5 34.6 19.40 13.53 0.92 0.64 0.70
Jsoncpp 10→7 81.7 189.6 163.3 107.98 81.68 1.32 1.00 0.76
Libpng 10→4 2.9 3.6 2.9 0.68 0.04 0.23 0.01 0.06
Libpng 10→5 16.4 23.3 18.6 6.94 2.23 0.42 0.14 0.32
Libpng 10→6 63.7 95.7 87.0 31.93 23.30 0.50 0.37 0.73
Libpng 10→7 291.7 565.1 539.3 273.41 247.65 0.94 0.85 0.91

Stop-Time Estimation Accuracy. Table 3 presents stop-time estima-
tion results for each subject and threshold 𝐿thres , chosen based
on empirical DP. The table reports mean values across 20 repeti-
tions per ↑subject,𝐿thres↓ pair. As expected from the DP estimation
results, the dependency-aware estimator provides more accurate
stop-time estimates than GoTu. Its relative error is signi!cantly
lower across all subjects and thresholds, except for Libpcap, where
both estimators perform similarly. Excluding Libpcap, all subjects
have a relative error below 0.9 for the dependency-aware estimator,
with a median RE𝑁𝑀 of 0.17, meaning fuzzing stops less than 17%
later than necessary (mean: 0.32). In contrast, for over half of the
↑subject,𝐿thres↓ pairs, GoTu’s relative error exceeds 1.0, reaching
up to 54 (median: 1.27, mean: 4.22), leading to signi!cant resource
waste. Notably, for ↑Sqlite3, 10→4↓, GoTu never reached the thresh-
old within the 24-hour fuzzing campaign in any of the 20 repetitions.
The dependency-aware estimator achieves an absolute error 7↔
lower than GoTu, demonstrating its superior performance in stop-
time estimation.

Answer to RQ1: Our dependency-aware estimator signi!cantly
outperforms the Good-Turing estimator in discovery probability
estimation. Five and seven subjects show a relative absolute error
below 1.0 and 2.0, respectively, with a median error one-!fth
that of the Good-Turing estimator. It also provides accurate stop
time estimates, with an absolute error 7↔ lower than that of the
Good-Turing estimator.

5.2 RQ2: E!ect of Node Removal Mechanism
Table 4 presents the results of the node removal mechanism, report-
ing the number of nodes in the original (|𝑁 |) and reduced control-
"ow graphs (|𝑁rm |) along with the proportion of nodes remaining
after removal. Results show a signi!cant reduction in control-"ow
graph size, decreasing node count by 36-46% (average: 43%).

Table 4: The impact of the node removal mechanism.

Subject |𝑁 | |𝑁rm | |𝑂rm |
|𝑂 | 𝑀𝑃 .𝑄. 𝑂 (eps) 𝑂 (epsrm) 𝑂

(
epsrm
eps

)
Sqlite3 58,253 32,849 0.56 -82.6s (-29%) 21.93 31.43 1.43
Freetype2 46,051 26,553 0.58 -7.6s (-9%) 51.06 104.05 2.04
Libxml2 93,858 50,573 0.54 -5.7s (-11%) 18.82 50.17 2.67
Libjpeg 36,840 21,788 0.59 -9.9s (-18%) 290.40 1061.58 3.66
Zlib 1,775 986 0.56 -0.6s (-13%) 7043.66 7683.91 1.09
Libpcap 14,355 7,815 0.54 -8.9s (-15%) 5415.95 5664.24 1.05
Jsoncpp 8,780 5,631 0.64 -3.5s (-9%) 2686.26 3370.08 1.25
Libpng 10,463 6,077 0.58 -2.7s (-10%) 2210.39 3140.78 1.42

Avg. 0.57 -15.2s (-14%) 1.83

Subject |𝑃 | 𝑄𝑅=0emp RE𝑆GoTu RE𝑆St
Assimp 5.6 3.8e-05 1090.6 53.4
File 4.4 3.1e-05 124.3 38.5
Harfbuzz 4.2 1.9e-05 3557.3 347.7
Libxml2 6.0 6.7e-06 1190.2 107.6

Figure 5: Le!: Residual risk estimation for Assimp (x-axis:
time (min.), y-axis: prob.). Right: Result summary for the
bug-based evaluation. |𝑃 | is the number of unique crashes
found during the fuzzing, and 𝑄𝑅=0emp is the initial residual risk.
The table reports the mean values across 5 repetitions.

Notably, node removal also reduces compilation time overhead.
𝑀𝑃 .𝑄. represents this overhead, computed as the di#erence in compi-
lation time with node removal minus that without it, measured in
seconds (s) and percentage (%). The results show an average reduc-
tion of 15.2s (14%), a consistent trend across subjects with negligible
correlation to subject size. This negative overhead suggests that the
time saved from reducing the number of basic blocks to instrument
outweighs the cost of node removal.

𝑂 (eps) and 𝑂 (epsrm) denote the average executions per second
(eps) during fuzzing with and without node removal. Their ratios
range from 1.05 to 3.66, averaging 1.83, indicating improved fuzzing
e$ciency. Compared to Table 1, the dependency-aware estima-
tor generally shows greater DP estimation accuracy improvement
when eps is lower. This aligns with the intuition that when many
discoveries remain, the di#erence between singleton and single-
ton cluster sizes is larger. Additionally, longer execution traces
(re"ected in lower eps) suggest more dependencies, reinforcing the
mechanism’s impact.

Answer to RQ2: The node removal mechanism signi!cantly
reduces control-"ow graph size, decreasing nodes by 36-46%
(average: 43%). The mechanism also reduces compilation time
overhead by 15.2s (14%) on average, indicating that the time
saved from reducing the number of basic blocks to instrument
outweighs the cost of node removal.

5.3 RQ3: Bug-based Residual Risk Estimation
In this experiment, we evaluate residual risk estimation using DP
estimators. Since not all coverage elements are bugs, DP estimation
is expected to overapproximate residual risk. The left side of Figure 5
shows the empirical residual risk 𝑄emp and DP estimation forAssimp
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Table 3: Stop time estimation, error (AE), and relative error
(RE).𝐿thres denotes the threshold for the stopping criterion.
The table showsmean values across 20 repetitions per subject.

Subject 𝐿thres 𝑀emp 𝑀𝐿 𝑀𝑀 AE𝑁𝐿 AE𝑁𝑀 RE𝑁𝐿 RE𝑁𝑀
AE𝐿𝑀
AE𝐿𝑁

Sqlite3 10→3 6.4 355.9 7.2 349.47 0.79 54.18 0.12 0.00
Sqlite3 10→4 328.5 1440.0 348.2 1111.46 19.69 3.38 0.06 0.02
Freetype2 10→3 9.8 26.8 10.7 16.99 0.94 1.74 0.10 0.06
Freetype2 10→4 92.6 354.6 92.2 262.07 0.34 2.83 0.00 0.00
Libxml2 10→3 59.2 111.0 57.3 51.89 1.91 0.88 0.03 0.04
Libxml2 10→4 444.4 673.0 467.6 228.55 23.23 0.51 0.05 0.10
Libjpeg 10→4 2.1 9.3 2.9 7.16 0.83 3.38 0.39 0.12
Libjpeg 10→5 42.3 160.7 51.0 118.36 8.64 2.80 0.20 0.07
Libjpeg 10→6 469.4 1064.5 571.7 595.19 102.31 1.27 0.22 0.17
Zlib 10→5 8.2 23.4 11.6 15.19 3.36 1.85 0.41 0.22
Zlib 10→6 65.9 118.6 73.6 52.75 7.75 0.80 0.12 0.15
Zlib 10→7 240.5 692.9 551.2 452.42 310.77 1.88 1.29 0.69
Libpcap 10→8 1.6 780.7 567.2 779.05 565.51 474.83 344.68 0.73
Jsoncpp 10→5 5.3 7.5 6.2 2.19 0.90 0.41 0.17 0.41
Jsoncpp 10→6 21.1 40.5 34.6 19.40 13.53 0.92 0.64 0.70
Jsoncpp 10→7 81.7 189.6 163.3 107.98 81.68 1.32 1.00 0.76
Libpng 10→4 2.9 3.6 2.9 0.68 0.04 0.23 0.01 0.06
Libpng 10→5 16.4 23.3 18.6 6.94 2.23 0.42 0.14 0.32
Libpng 10→6 63.7 95.7 87.0 31.93 23.30 0.50 0.37 0.73
Libpng 10→7 291.7 565.1 539.3 273.41 247.65 0.94 0.85 0.91

Stop-Time Estimation Accuracy. Table 3 presents stop-time estima-
tion results for each subject and threshold 𝐿thres , chosen based
on empirical DP. The table reports mean values across 20 repeti-
tions per ↑subject,𝐿thres↓ pair. As expected from the DP estimation
results, the dependency-aware estimator provides more accurate
stop-time estimates than GoTu. Its relative error is signi!cantly
lower across all subjects and thresholds, except for Libpcap, where
both estimators perform similarly. Excluding Libpcap, all subjects
have a relative error below 0.9 for the dependency-aware estimator,
with a median RE𝑁𝑀 of 0.17, meaning fuzzing stops less than 17%
later than necessary (mean: 0.32). In contrast, for over half of the
↑subject,𝐿thres↓ pairs, GoTu’s relative error exceeds 1.0, reaching
up to 54 (median: 1.27, mean: 4.22), leading to signi!cant resource
waste. Notably, for ↑Sqlite3, 10→4↓, GoTu never reached the thresh-
old within the 24-hour fuzzing campaign in any of the 20 repetitions.
The dependency-aware estimator achieves an absolute error 7↔
lower than GoTu, demonstrating its superior performance in stop-
time estimation.

Answer to RQ1: Our dependency-aware estimator signi!cantly
outperforms the Good-Turing estimator in discovery probability
estimation. Five and seven subjects show a relative absolute error
below 1.0 and 2.0, respectively, with a median error one-!fth
that of the Good-Turing estimator. It also provides accurate stop
time estimates, with an absolute error 7↔ lower than that of the
Good-Turing estimator.

5.2 RQ2: E!ect of Node Removal Mechanism
Table 4 presents the results of the node removal mechanism, report-
ing the number of nodes in the original (|𝑁 |) and reduced control-
"ow graphs (|𝑁rm |) along with the proportion of nodes remaining
after removal. Results show a signi!cant reduction in control-"ow
graph size, decreasing node count by 36-46% (average: 43%).

Table 4: The impact of the node removal mechanism.

Subject |𝑁 | |𝑁rm | |𝑂rm |
|𝑂 | 𝑀𝑃 .𝑄. 𝑂 (eps) 𝑂 (epsrm) 𝑂

(
epsrm
eps

)
Sqlite3 58,253 32,849 0.56 -82.6s (-29%) 21.93 31.43 1.43
Freetype2 46,051 26,553 0.58 -7.6s (-9%) 51.06 104.05 2.04
Libxml2 93,858 50,573 0.54 -5.7s (-11%) 18.82 50.17 2.67
Libjpeg 36,840 21,788 0.59 -9.9s (-18%) 290.40 1061.58 3.66
Zlib 1,775 986 0.56 -0.6s (-13%) 7043.66 7683.91 1.09
Libpcap 14,355 7,815 0.54 -8.9s (-15%) 5415.95 5664.24 1.05
Jsoncpp 8,780 5,631 0.64 -3.5s (-9%) 2686.26 3370.08 1.25
Libpng 10,463 6,077 0.58 -2.7s (-10%) 2210.39 3140.78 1.42

Avg. 0.57 -15.2s (-14%) 1.83

Subject |𝑃 | 𝑄𝑅=0emp RE𝑆GoTu RE𝑆St
Assimp 5.6 3.8e-05 1090.6 53.4
File 4.4 3.1e-05 124.3 38.5
Harfbuzz 4.2 1.9e-05 3557.3 347.7
Libxml2 6.0 6.7e-06 1190.2 107.6

Figure 5: Le!: Residual risk estimation for Assimp (x-axis:
time (min.), y-axis: prob.). Right: Result summary for the
bug-based evaluation. |𝑃 | is the number of unique crashes
found during the fuzzing, and 𝑄𝑅=0emp is the initial residual risk.
The table reports the mean values across 5 repetitions.

Notably, node removal also reduces compilation time overhead.
𝑀𝑃 .𝑄. represents this overhead, computed as the di#erence in compi-
lation time with node removal minus that without it, measured in
seconds (s) and percentage (%). The results show an average reduc-
tion of 15.2s (14%), a consistent trend across subjects with negligible
correlation to subject size. This negative overhead suggests that the
time saved from reducing the number of basic blocks to instrument
outweighs the cost of node removal.

𝑂 (eps) and 𝑂 (epsrm) denote the average executions per second
(eps) during fuzzing with and without node removal. Their ratios
range from 1.05 to 3.66, averaging 1.83, indicating improved fuzzing
e$ciency. Compared to Table 1, the dependency-aware estima-
tor generally shows greater DP estimation accuracy improvement
when eps is lower. This aligns with the intuition that when many
discoveries remain, the di#erence between singleton and single-
ton cluster sizes is larger. Additionally, longer execution traces
(re"ected in lower eps) suggest more dependencies, reinforcing the
mechanism’s impact.

Answer to RQ2: The node removal mechanism signi!cantly
reduces control-"ow graph size, decreasing nodes by 36-46%
(average: 43%). The mechanism also reduces compilation time
overhead by 15.2s (14%) on average, indicating that the time
saved from reducing the number of basic blocks to instrument
outweighs the cost of node removal.

5.3 RQ3: Bug-based Residual Risk Estimation
In this experiment, we evaluate residual risk estimation using DP
estimators. Since not all coverage elements are bugs, DP estimation
is expected to overapproximate residual risk. The left side of Figure 5
shows the empirical residual risk 𝑄emp and DP estimation forAssimp
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Table 3: Stop time estimation, error (AE), and relative error
(RE).𝐿thres denotes the threshold for the stopping criterion.
The table showsmean values across 20 repetitions per subject.

Subject 𝐿thres 𝑀emp 𝑀𝐿 𝑀𝑀 AE𝑁𝐿 AE𝑁𝑀 RE𝑁𝐿 RE𝑁𝑀
AE𝐿𝑀
AE𝐿𝑁

Sqlite3 10→3 6.4 355.9 7.2 349.47 0.79 54.18 0.12 0.00
Sqlite3 10→4 328.5 1440.0 348.2 1111.46 19.69 3.38 0.06 0.02
Freetype2 10→3 9.8 26.8 10.7 16.99 0.94 1.74 0.10 0.06
Freetype2 10→4 92.6 354.6 92.2 262.07 0.34 2.83 0.00 0.00
Libxml2 10→3 59.2 111.0 57.3 51.89 1.91 0.88 0.03 0.04
Libxml2 10→4 444.4 673.0 467.6 228.55 23.23 0.51 0.05 0.10
Libjpeg 10→4 2.1 9.3 2.9 7.16 0.83 3.38 0.39 0.12
Libjpeg 10→5 42.3 160.7 51.0 118.36 8.64 2.80 0.20 0.07
Libjpeg 10→6 469.4 1064.5 571.7 595.19 102.31 1.27 0.22 0.17
Zlib 10→5 8.2 23.4 11.6 15.19 3.36 1.85 0.41 0.22
Zlib 10→6 65.9 118.6 73.6 52.75 7.75 0.80 0.12 0.15
Zlib 10→7 240.5 692.9 551.2 452.42 310.77 1.88 1.29 0.69
Libpcap 10→8 1.6 780.7 567.2 779.05 565.51 474.83 344.68 0.73
Jsoncpp 10→5 5.3 7.5 6.2 2.19 0.90 0.41 0.17 0.41
Jsoncpp 10→6 21.1 40.5 34.6 19.40 13.53 0.92 0.64 0.70
Jsoncpp 10→7 81.7 189.6 163.3 107.98 81.68 1.32 1.00 0.76
Libpng 10→4 2.9 3.6 2.9 0.68 0.04 0.23 0.01 0.06
Libpng 10→5 16.4 23.3 18.6 6.94 2.23 0.42 0.14 0.32
Libpng 10→6 63.7 95.7 87.0 31.93 23.30 0.50 0.37 0.73
Libpng 10→7 291.7 565.1 539.3 273.41 247.65 0.94 0.85 0.91

Stop-Time Estimation Accuracy. Table 3 presents stop-time estima-
tion results for each subject and threshold 𝐿thres , chosen based
on empirical DP. The table reports mean values across 20 repeti-
tions per ↑subject,𝐿thres↓ pair. As expected from the DP estimation
results, the dependency-aware estimator provides more accurate
stop-time estimates than GoTu. Its relative error is signi!cantly
lower across all subjects and thresholds, except for Libpcap, where
both estimators perform similarly. Excluding Libpcap, all subjects
have a relative error below 0.9 for the dependency-aware estimator,
with a median RE𝑁𝑀 of 0.17, meaning fuzzing stops less than 17%
later than necessary (mean: 0.32). In contrast, for over half of the
↑subject,𝐿thres↓ pairs, GoTu’s relative error exceeds 1.0, reaching
up to 54 (median: 1.27, mean: 4.22), leading to signi!cant resource
waste. Notably, for ↑Sqlite3, 10→4↓, GoTu never reached the thresh-
old within the 24-hour fuzzing campaign in any of the 20 repetitions.
The dependency-aware estimator achieves an absolute error 7↔
lower than GoTu, demonstrating its superior performance in stop-
time estimation.

Answer to RQ1: Our dependency-aware estimator signi!cantly
outperforms the Good-Turing estimator in discovery probability
estimation. Five and seven subjects show a relative absolute error
below 1.0 and 2.0, respectively, with a median error one-!fth
that of the Good-Turing estimator. It also provides accurate stop
time estimates, with an absolute error 7↔ lower than that of the
Good-Turing estimator.

5.2 RQ2: E!ect of Node Removal Mechanism
Table 4 presents the results of the node removal mechanism, report-
ing the number of nodes in the original (|𝑁 |) and reduced control-
"ow graphs (|𝑁rm |) along with the proportion of nodes remaining
after removal. Results show a signi!cant reduction in control-"ow
graph size, decreasing node count by 36-46% (average: 43%).

Table 4: The impact of the node removal mechanism.

Subject |𝑁 | |𝑁rm | |𝑂rm |
|𝑂 | 𝑀𝑃 .𝑄. 𝑂 (eps) 𝑂 (epsrm) 𝑂

(
epsrm
eps

)
Sqlite3 58,253 32,849 0.56 -82.6s (-29%) 21.93 31.43 1.43
Freetype2 46,051 26,553 0.58 -7.6s (-9%) 51.06 104.05 2.04
Libxml2 93,858 50,573 0.54 -5.7s (-11%) 18.82 50.17 2.67
Libjpeg 36,840 21,788 0.59 -9.9s (-18%) 290.40 1061.58 3.66
Zlib 1,775 986 0.56 -0.6s (-13%) 7043.66 7683.91 1.09
Libpcap 14,355 7,815 0.54 -8.9s (-15%) 5415.95 5664.24 1.05
Jsoncpp 8,780 5,631 0.64 -3.5s (-9%) 2686.26 3370.08 1.25
Libpng 10,463 6,077 0.58 -2.7s (-10%) 2210.39 3140.78 1.42

Avg. 0.57 -15.2s (-14%) 1.83

Subject |𝑃 | 𝑄𝑅=0emp RE𝑆GoTu RE𝑆St
Assimp 5.6 3.8e-05 1090.6 53.4
File 4.4 3.1e-05 124.3 38.5
Harfbuzz 4.2 1.9e-05 3557.3 347.7
Libxml2 6.0 6.7e-06 1190.2 107.6

Figure 5: Le!: Residual risk estimation for Assimp (x-axis:
time (min.), y-axis: prob.). Right: Result summary for the
bug-based evaluation. |𝑃 | is the number of unique crashes
found during the fuzzing, and 𝑄𝑅=0emp is the initial residual risk.
The table reports the mean values across 5 repetitions.

Notably, node removal also reduces compilation time overhead.
𝑀𝑃 .𝑄. represents this overhead, computed as the di#erence in compi-
lation time with node removal minus that without it, measured in
seconds (s) and percentage (%). The results show an average reduc-
tion of 15.2s (14%), a consistent trend across subjects with negligible
correlation to subject size. This negative overhead suggests that the
time saved from reducing the number of basic blocks to instrument
outweighs the cost of node removal.

𝑂 (eps) and 𝑂 (epsrm) denote the average executions per second
(eps) during fuzzing with and without node removal. Their ratios
range from 1.05 to 3.66, averaging 1.83, indicating improved fuzzing
e$ciency. Compared to Table 1, the dependency-aware estima-
tor generally shows greater DP estimation accuracy improvement
when eps is lower. This aligns with the intuition that when many
discoveries remain, the di#erence between singleton and single-
ton cluster sizes is larger. Additionally, longer execution traces
(re"ected in lower eps) suggest more dependencies, reinforcing the
mechanism’s impact.

Answer to RQ2: The node removal mechanism signi!cantly
reduces control-"ow graph size, decreasing nodes by 36-46%
(average: 43%). The mechanism also reduces compilation time
overhead by 15.2s (14%) on average, indicating that the time
saved from reducing the number of basic blocks to instrument
outweighs the cost of node removal.

5.3 RQ3: Bug-based Residual Risk Estimation
In this experiment, we evaluate residual risk estimation using DP
estimators. Since not all coverage elements are bugs, DP estimation
is expected to overapproximate residual risk. The left side of Figure 5
shows the empirical residual risk 𝑄emp and DP estimation forAssimp

The dependency-aware estimator gives a significantly tighter upper-bound of the 
residual risk compared to the dependency-agnostic estimator.
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Control Flow Graph

 if (p) 
     stmt1;  
 else 
     stmt2;  
 stmt3; 

if-body BB

if-cond BB

else-body BB

following BB

2. if-body BB  already tells you  covers a 
singleton w/o help from  if-cond BB.

E

⇒ No need to monitor  if-body BB

*  These  basic blocks are singletons.

 Insight 1: No need to monitor all basic blocks
#What we want to know: Which execution covers singletons?

Example. 1. Execution  is the only execution 
covering  if-cond BB.

E

If we use the dominance relationship in the CFG, we can safely ignore basic blocks for 
monitoring while still accurately determining which execution covers singletons.

Limitation of Existing Estimator

• They assume independence between program elements.  ⇐  NOT TRUE!

 ... 
 if (pred)  
   stmt; 
 ...

‘stmt’ is executed  
only if ‘if’ is executed.

func a

func b

func c

call

call There are long call-chains 
in the program.

Dependencies led to considerable overestimation of the DP. 
⇒ False underconfidence in the testing result 
⇒ Waste of resources on an already saturated  

(unable to find anything new) testing campaign!
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Our Solution: Two insights for efficient dependency-aware estimation

Optimization 1.  
Dropping safely ignorable basic blocks

Insight 1:  
No need to monitor all basic blocks

Insight 2:  
No need to record execution history

 ⇒ O(b ≤ n) O(b) ⇒  b − 0.5b

Optimization 2.  
Maintaining clusters of singletons

Make a dependency-aware estimator feasible to apply  
at scale in software fuzz testing.⛳

10

Existing estimators

≤

— Dependency-aware estimator [3] —

# of executions with singleton

# test execution

Basic Blocks (b)

Coverage Matrix (size: )n − b

Ex
ec

ut
io

ns
 (n

)

≠DPDep =

BBBBBBBBB…EEEEE

E.g., , 24 hours of fuzzing

Number of  
basic blocks (b)

Number of exec. 
after 24 hours (n) b X n

14,355 467,938,080 ~6 trillion

Problem: 
Naïvely computing  requires a  
huge space , where 

- : # of test executions so far 

- : # of basic blocks in the program

≠DPDep

O(n − b)
n

b

➡ 83% Faster Fuzzing 
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     covered together  
     in the same execution.

≤O(n − b) O(b)

 Insight 2: No need to record execution history
#What we want to know: The number of executions covering singletons



Next Direction

{P}S{Q} , {Q}T{R}
{P}S; T{R}

Unified verification with 
formal + statistical guarantee

Sampling-based low-overhead 
coverage approximation



Code

Control Flow Graph

 if (p) 
     stmt1;  
 else 
     stmt2;  
 stmt3; 

if-body BB

if-cond BB

else-body BB

following BB

2. if-body BB  already tells you  covers a 
singleton w/o help from  if-cond BB.

E

⇒ No need to monitor  if-body BB

*  These  basic blocks are singletons.

 Insight 1: No need to monitor all basic blocks
#What we want to know: Which execution covers singletons?

Example. 1. Execution  is the only execution 
covering  if-cond BB.

E

If we use the dominance relationship in the CFG, we can safely ignore basic blocks for 
monitoring while still accurately determining which execution covers singletons.

Limitation of Existing Estimator

• They assume independence between program elements.  ⇐  NOT TRUE!

 ... 
 if (pred)  
   stmt; 
 ...

‘stmt’ is executed  
only if ‘if’ is executed.

func a

func b

func c

call

call There are long call-chains 
in the program.

Dependencies led to considerable overestimation of the DP. 
⇒ False underconfidence in the testing result 
⇒ Waste of resources on an already saturated  

(unable to find anything new) testing campaign!
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