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Abstract. Neural Algorithmic Reasoning (NAR) is the research area that aims
to build artificial neural networks that can mimic (classical) algorithms, repro-
ducing intermediary steps from their execution traces. This paper introduces
MHAD-MPNN (Multi-Head Attention and Dual Message-Passing Neural Net-
work), a Triplet-GMPNN-inspired method that integrates feature representa-
tions with a multi-head attention memory block and a streamlined message-
passing procedure. Our solution achieved results comparable to the current
state-of-the-art. Furthermore, we conducted a comprehensive ablation study to
evaluate key parameter modifications, thereby deepening our understanding of
Neural Algorithmic Reasoning.

1. Introduction

Neural Algorithmic Reasoning (NAR) is the research field that builds artificial neu-
ral networks to mimic (classical) algorithms, reproducing their steps from intermedi-
ary abstract inputs (traces) [Velickovi¢ and Blundell 2021] [Mahdavi et al. 2023]. This
research area emerged to enhance the generalization of neural networks and develop
faster, more efficient algorithms, particularly those focused on algorithmic representa-
tions [Mahdavi et al. 2023] [Velickovi¢ and Blundell 2021].

Learning algorithms must seem inappropriate at first, once classical determin-
istic algorithms use a precise, finite, and effective approach, using a set of instruc-
tions to transform an input into an output [Cormen et al. 2022] [Arora and Barak 2009]
[Robert Sedgewick 2011]. Nevertheless, traditional metrics like output accuracy and cor-
rectness lose their conventional meaning when the input data is imprecise. Using a precise
algorithm on an imprecise input will not necessarily produce an optimal value.

Neural Algorithmic Reasoning (NAR) is particularly promising for dynamic sys-
tems, especially those in real-world, uncontrolled environments. It excels in these
contexts because they contain imprecise and noisy metrics, subject to interactive up-
dates (feedback loops) that continuously alter the system’s state. Real-time routing
problems are an example of a practical application suitable for NAR methods. In
such problems, input data, such as distance, speed, and traffic conditions, are impre-
cise and constantly changing, often forcing conventional algorithms to rely on sim-
plified averages [Rahemi and Mosavi 2021] [Sirish Kumar and Srilatha Indira Dutt 2020]
[Zhang and Fink 2026].

Inspired by the Triplet-GMPNN architecture [Ibarz et al. 2022], this research
presents a new method to mimic algorithms named MHAD-MPNN (Multi-Head Attention



and Dual Message-Passing Neural Network). The main contributions of this paper are
(i) a dual message passing mechanism for MPNN architectures that operates on node,
edge, and graph pair; (ii) a multi-head attention memory block integrated with feature
representations; (iii) the evaluation of the minimum aggregation function for dimension-
ality reduction; and (iv) a detailed ablation study evaluating the individual impact of ar-
chitectural changes, allowing for an analysis through the lens of algorithmic alignment.

This work is organized as follows. Section 2 contains a brief background to un-
derstand this paper, while related works are presented in Section 3. Section 4 outlines
our method. The experiments and their result analysis are presented in Section 5. Finally,
Section 6 draws some conclusions and proposes future work.

2. Background

Neural Algorithmic Reasoning (NAR) aims to design neural network models to emulate
the execution of algorithms with robust performance on novel and unseen training data
distribution (OOD - out of distribution), solving instances with higher complexity than
those used in the learning phase [Velickovi¢ and Blundell 2021] [Xu et al. 2021].

In NAR, an algorithm 7 should be learned by a neural network ¢. Considering
that the algorithm 7 admits the existence of an abstracted input 7, after the execution, 7
produces an output 7, summarized by ¥ = 7(Z). NAR model expects that ¢ receives
an abstracted input 7, producing an output ¥ ~ ¢(¥) [Veli¢kovi¢ and Blundell 2021]
[Ibarz et al. 2022].

Considering that NAR is suitable for imprecise or noisy input data, it is possible
to consider that the abstracted input data ¥ ~ x, where x is the real non-abstracted input.
Then, the output y for the real problem is modeled as y ~ 7(Z), which can be modeled
as y ~ ¢(T), once the differentiable neural network can supposedly adjust the inherited
modeled input error.

In NAR, a common paradigm to mimic algorithms is the encode-process-decode
[Hamrick et al. 2018]. In that, ¢ represents an encoder-process-decoder neural network
composed of an encoder function f, a processor p, and a decoder function g. The proces-
sor p operates within a latent space, learning a differentiable function that algorithmically
maps an input  to an output .

3. Related Work

Before the rise of Graph Neural Networks (GNNs), Reinforcement Learning (RL) stood
out as a differentiable architecture to reproduce algorithms. Even before the definition
of Neural Algorithm Reasoning, some authors [Vinyals et al. 2015] [Graves et al. 2014]
[Reed and de Freitas 2016] built methods and architectures to replicate part of the algo-
rithms, such as loops, internal states, recursion, and other structures, especially for tasks,
such as addition, multiplication, if, loops, and variable assignment.

The sequence of NAR research was characterized by efforts to reproduce the algo-
rithms themselves or their core components, including basic structures, if-structures, and
loops [Veli¢kovi€ et al. 2020] [Velickovi€ et al. 2020] [Yan et al. 2020]. Individual work
reproduced a set of algorithms, but without a standardized evaluation framework. After



2019, Graph Neural Networks (GNNs) emerged as the prevailing methodology for algo-
rithmic reasoning. The introduction of the CLRS-30 benchmark [Velickovic et al. 2022]
accelerated this trend, creating a standard that biased the use of graph-based architectures.

Using the CLRS-30 benchmark [Velickovié et al. 2022], multiple new model
architectures were developed. Ibarz et al. [Ibarz et al. 2022] built Triplet-GMPNN,
a generalist learner using triplet messages. Triplet Learning was also used
as a base method for Triplet Edge Attention [Jung and Ahn 2023], which in-
cluded an attention mechanism with edge features, and Triplet-GMPNN with No-
Hint [Rodionov and Prokhorenkova 2023], which removed intermediate supervision, pro-
ducing a new graph representation without a hint regime.

Different approaches were evaluated in the CLRS-30 benchmark, as ForgetNet
[Bohde et al. 2024], which uses historical embeddings to realign the graph with the al-
gorithms. Neural Priority Queues [Jain et al. 2023] introduced memory-enhanced GNN's
by using priority queues as external memory. In addition to GNNs, Transformer-based
architectures have been used to emulate algorithmic execution [Diao and Loynd 2023]
[Mahdavi et al. 2023] [Li et al. 2024].

The literature also provides the theoretical foundation for using neural net-
works to mimic algorithms. Dudzik and Veli¢kovi¢ [Dudzik and Velickovi¢ 2022] es-
tablished a formal relationship between Graph Neural Networks and Dynamic Pro-
gramming, suggesting that Message-Passing Neural Networks can represent relational
structures required for algorithmic execution. In related work, Luca and Foun-
toulakis [Back De Luca and Fountoulakis 2024] demonstrated that Transformer Net-
works are able to reproduce algorithms and their intermediate steps.

4. Method

The following sections provide a detailed exposition of the proposed method.

4.1. Processor

Our model follows the Triplet-GMPNN [Ibarz et al. 2022] architecture by combining
node, xgt), edge, eg), and graph, g(t), embeddings. However, it departs from the base-
line approach by omitting the concatenation of node embeddings with previous interme-
diate inputs, hgt_l). Instead, node embeddings are processed independently from previous

computational steps

The set of the embeddings is defined as {xgt) ) hgt_l) : eg) ) g(t)}. To incorpo-

rate generalization and memory-based perspectives, a memory block (e.g., Multi-head
Attention, LSTM, GRU, etc) was integrated with the inputs. This block, miig}l), where
m©) = 0, is fused individually with each node and edge embedding, excluding graph-
level embeddings, to produce a refined set of features. Subsequently, node, edge, and
graph embeddings, along with historical intermediate inputs, undergo independent linear
transformations of the input, according to Equation 1.

{xagt) , hagt_l) , eag) , g(t)} = {E (th) + mgt_1)> , L (hgt_l) + mgt_l)> , L (e%) + mg;_1)> , L (g(t)>} (@))



The combined embeddings are processed by a Multi-layer Perceptron (MLP), act-
ing as a message function, f,,. This representation is then scaled (multiplied) by the
“hints” before undergoing a permutation-invariant reduction, as defined by Equation 2.

m = O fm (xa(t), ha(-t_l), ea(-t»), g(t)) ,  where J = mazx, min, avg, ... (2)
! 1<j<n J Y

(t-1)

Subsequently, the outputs xa®, haj , and mgt) undergo independent linear

transformations before merging into a single representation, defined in Equation 3.

M“:<£@m@),com$”),ﬁ<mﬁ)) 3)
Finally, the output ﬁgt) is defined in Equation 4:

b = b 4+ n~Y €y

)

4.2. Reasoning model

Our preliminary evaluation of the triplet reasoning mechanism indicated that the high-
dimensional embeddings generated by the Triplet GMPNN led to excessive complexity
in the fully connected layers. To mitigate this, we transitioned from b x n xn xn x hto a
simplified b x n x n x h architecture, where n denotes the number of nodes, b is the batch
size, and h signifies the hints, a time series of intermediate states [Ibarz et al. 2022].

However, this reduction in triplet embeddings led to a decline in performance.
Our analysis revealed that the issue stemmed from insufficient informational variability
rather than the underlying data format. To address this, we duplicated the node and edge
embeddings to enhance data diversity. This adjustment successfully improved model per-
formance and served as the foundation for further architectural refinements.

The final messaging architecture incorporates dual representations of node, edges,
and intermediate layer embeddings. A single graph representation complete the mes-
saging model. To enhance feature diversity, each embedding is processed through two
distinct readout architectures: fi, a single-layer configuration consisting of a solitary lin-
ear transformation, and f5, a dual-layer configuration comprising two linear layers in-
terspersed with a ReLLU activation. These operations are formally defined by Equation

5.
x1 = fi(x), hi=fi(hi), e = filey), &= fi(g)
xg = fa(x;), ha = fo(hy), ex = fa(ey;)

The reasoning module computes representations that are subsequently reduced to
a consolidated latent vector, as formally defined in Equation 6.

(&)

ti; = Yu(x1, X2, hy, hy, €1, e, g1) (6)

Since the output data maintains the same dimensionality as the edge inputs
(b x n x n x h), an explicit aggregation function is unnecessary. This preserves the full



embedding dimensionality and mitigates potential information loss typically associated
with reduction operations. Consequently, the final output is derived through a singular
activation function, defined in Equation 7.

hij = ¢t(tz‘j) (7

5. Experiments and Results

5.1. Dataset

The CLRS Algorithmic Reasoning Benchmark [Veli¢kovi€ et al. 2022] features 30 algo-
rithms from the textbook “Introduction to Algorithms”, by Cormen, Leiserson, Rivest,
and Stein [Cormen et al. 2022], categorized into sorting, searching, dynamic program-
ming, graphs, strings, and geometry. In CLRS-30, all algorithms are modeled as graph
problems, regardless of their original domain. Each task’s data includes an input, an out-
put, and a set of “hints” — intermediate steps that capture the algorithm’s state — enabling a
step-by-step replication of its execution [Velickovié et al. 2022] [Diao and Loynd 2023].

5.2. Experimental Setup and Parameters

The experiments were developed using the CLRS-30 benchmark suite
[Velickovi¢ et al. 2022], running on a GeForce RTX 5060 16GB GPU. The set-
tings applied to all models, including in the ablative analysis, were a learning rate
Ir = 0.001, a batch size of 16, and no dropout probability. To mitigate experimental
variance, all trials — including those in the ablative analysis — were executed three times.

5.3. Results

To evaluate MHAD-MPNN, we adopted a parameterization consistent with the baseline
Triplet-GMPNN algorithm [Ibarz et al. 2022], setting the hidden dimension to h = 128.
The model was trained for 10, 000 epochs, and all experiments were repeated three times
to mitigate bias and ensure stability. Additionally, the evaluation utilizes two message-
passing steps to run per hint, followed by an LSTM message-passing block and the mini-
mum aggregation function defined in Equation 2.

Minimum aggregation introduces an inductive bias aligned with algorithmic rea-
soning by emphasizing constraint propagation and optimal (smallest) values, as seen in
classical methods like Dijkstra’s shortest path, Bellman—Ford, and dynamic program-
ming. Unlike max aggregation, which highlights dominant features, min aggregation
better supports stable and accurate reasoning in graph-based algorithmic tasks, as con-
firmed by the experimental results.

The experimental results are presented in Figure 1. Using the best overall setup,
the algorithm achieved an average accuracy of 75.13 4+ 0.74%. When incorporating
the best individual parameter settings described in Section 5.4 (Ablative Analysis), our
method reached 78.71% accuracy, demonstrating strong performance despite its simplic-
ity. Table 1 compares the proposed method against existing literature, categorized by
algorithm class, while a comprehensive evaluation of all algorithms is provided in Ap-
pendix A.
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Figure 1. Test scores of our method MHAD-MIN on the CLRS-30 benchmark.

Table 1. Comparison of our method with the literature by group of algorithms in
the CLRS-30 benchmark. Best results are marked in bold. Complete and
individual results are available in Appendix A.

NEURAL NETWORK ARCHITECTURE

T-GMPNN [Ibarz et al. 2022]

TEAM [Jung and Ahn 2023]

T-GMPNN-LSR [Mirjanic et al. 2024]
T-GMPNN-NH [Rodionov and Prokhorenkova 2023]
G-ForgetNet [Bohde et al. 2024]

N. Priority Queues [Jain et al. 2023]

Rel. Transformers [Diao and Loynd 2023]

2-WL GNN [Mahdavi et al. 2023]

Open-Book NAR [Li et al. 2024]

Recurrent NAR [Xu and Veli¢kovié 2024]

MHAD-MIN (ours)
MHAD-BEST (ours)

ALGORITHM

78.97 19.94 66.52 7570 74.52 83.53 59.24 65.80

Divide & Conquer 76.36 69.79 52.77

Dynamic Programming | 81.99 83.61 86.67 -  86.70 68.71 83.20 8592 82.14 42.69 82.70 83.40
Geometry 94.09 94.03 89.20 -  95.09 82.67 8455 -  96.55 88.44 88.77 93.80
Graphs 81.41 81.86 69.44 83.34 88.80 48.62 6533 - 8537 74.15 76.57 79.83
Greedy 91.22 91.80 8842 - 91.79 80.58 85.33 88.22 93.40 91.66 88.59 92.54
Search 58.61 62.79 5473 -  63.84 34.81 6531 64.85 63.15 82.90 60.95 61.11
Sorting 60.38 68.75 44.99 90.67 78.09 15.01 50.01 -  83.65 94.15 80.61 85.20
String 49.09 81.25 1538 - 5474 332 3252 - 7241 49.13 39.53 48.42
AVERAGE 7598 79.82 6551 -  82.89 4632 66.18 - 8291 75.78 75.13 78.71

Table 1 shows that our method achieved results comparable to other approaches
in the literature, outperforming several models, despite the architectural simplicity. Al-



though overall benchmarks were competitive with existing literature, performance atten-
uated when capturing certain algorithms, such as Depth-First Search, Floyd-Warshall,
Knuth-Morris-Pratt, Quickselect, and Strongly Connected Components. This outcome
parallels known limitations in Graph Neural Network (GNN) frameworks, underscoring
a broader challenge regarding their algorithmic alignment.

5.4. Ablative Analysis

The results of our ablation study are presented in Table 2. For clarity, the method varia-
tions are assigned names that reflect their specific parameter settings, as described below.

1. MHAD-MIN-NL: remove the LSTM layer after each message-passing block;

2. MHAD-MAX: the original parametrization was maintained, but the aggregation
function (Equation 2) was switched to max;

3. GRUD-MIN: the Multi-Head Attention (MHA) memory block was replaced by a
Gated Recurrent Unit (GRU);

4. D-MIN: removed the Multi-Head Attention (MHA) mechanism to isolate the con-
tribution of the memory block.

As shown in Table 2, removing the LSTM layer after GNN message passing
yielded an unexpected performance boost for most algorithms, often resulting in the high-
est individual scores. However, this modification considerably limited the learning capac-
ity of some algorithms, such as Bubble Sort, Insertion Sort, Quicksort, and Minimum
Search. Because of these performance drops, the overall average score declined sharply,
falling well below the other parameterizations.

Ablation results showed that maximum aggregation underperformed compared to
minimum aggregation, offered no significant algorithmic improvement, and was slightly
behind the baseline model without Attention. Interestingly, removing the Attention mech-
anism yielded performance nearly identical to the top-performing model. Achieving an
average training time of 3:22:18 + 0:00:31-a 16.25% speedup—with only a marginal
0.58% decrease in performance, omitting Attention may be recommended for reducing
training time and memory usage. Unlike MHA, the variant using a GRU memory layer
underperformed compared to the memoryless configuration, suggesting that this mecha-
nism actively hindered learning.

Our ablation study reveals that parameter selection significantly impacts algorith-
mic performance. While customized parameterizations could optimize individual mod-
els, we maintained a uniform setup to respect the generalist nature of NAR. However,
to highlight the potential performance, we added two evaluation columns in Table 2:
MHAD-BEST (the best performance using Multi-Head Attention) and D-BEST (the top
performance across all variations, including GRU and memoryless configurations). Both
optimized baselines yield results competitive with the literature, validating our approach.

6. Conclusion

This work introduces MHAD-MPNN, an evolution of the Triplet-GMPNN
[Ibarz et al. 2022] featuring an improved message-passing mechanism for MPNN
networks [Gilmer et al. 2017]. The proposed mechanism reduces both the dimensionality
and the information content of embeddings during message passing. Also, it uses



Table 2. Ablation study: Accuracy of our model variations on the CLRS-30 bench-
mark. Best results are marked in bold.

MHAD-MIN
MHAD-MIN-NL
MHAD-MAX
GRUD-MIN
D-MIN
MHAD-BEST
D-BEST

ALGORITHM

Activity Selector 90.81+0.23  93.16+2.16 89.37+1.87 83.57+£2.67 89.89+4.05| 93.16+2.16 93.16+2.16
Articulation Points 88.08+2.98 94.92+0.80 89.11+1.80 80.63+9.71 88.54+2.72| 94.92+0.80 94.92+0.80

Bellman Ford 91.86+3.43 89.73+£3.79 89.19+2.15 87.34+4.23 94.14+1.08 | 91.86+3.43 94.14+1.08
BFS 99.7740.07  99.89+0.12  99.79+0.20  99.19+0.99 99.35+0.54 | 99.89+0.12  99.89+0.12
Binary Search 86.62+1.31 82.41+421 83.85+6.89 76.42+3.77 85.89+3.83| 86.62+1.31 86.62+1.31
Bridges 95.07£1.63 97.45+1.83 94.53+1.47 82.1548.28 90.65+3.88 | 97.45£1.83 97.45+1.83
Bubble Sort 81.54+6.08 1.51£0.00 71.57+11.97 72.74+7.35 83.48+5.86 | 81.54+6.08 83.48+5.86

DAG shortest paths 93.98+0.96 95.31+2.24 91.36+1.75 92.29£1.85 92.11£0.51 | 95.31£2.24 95.31+2.24
DFS 30.9242.19 38.49+4.12 36.28+4.10 34.85+£3.50 24.30+£8.95| 38.49+4.12 38.49+4.12
Dijkstra 95.48+0.27 97.51+£0.42 94.48+1.91 93.49+0.34 94.16£1.09 | 97.51+0.42 97.51+0.42
Find Max. Subarray | 59.24+1.85 65.80+4.16 56.62+6.12 59.03+2.46 59.59+1.47| 65.80+4.16 65.80+4.16

Floyd-Warshall 30.58+0.47 32.30+1.60 28.35+1.00 29.99+0.71 31.37£2.21| 32.30£1.60 32.30+1.60
Graham Scan 87.97+£1.42 89.52+5.49 91.21+£0.87 89.70+0.95 91.60+2.07 | 91.21+0.87 91.60+2.07
Heapsort 66.83£17.71 85.03x11.79 57.06+18.25 88.77+2.00 80.66+9.81|85.03£11.79 88.77+2.00
Insertion sort 85.82+5.47 1.64+£0.24  86.00£6.26 77.23£16.91 87.63+3.74 | 86.00+£6.26 87.63+3.74
Jarvis’ March 92.51+0.78 44.21+24.58 93.02+£1.26 92.62+0.94 92.13+£0.79 | 93.02£1.26  93.02+1.26

Knuth-Morris-Pratt 26.66+7.20 44.45+7.76 42.42+4.14 10.81£7.65 24.24+7.21| 44.45+£7.76 44.45+7.76
LCS Length 85.21+£0.87 82.69+0.16 85.92+0.72 86.22+0.62 84.91+0.22 | 85.92+0.72 86.22+0.62
Matrix Chain Order | 88.92+0.39 37.91+28.28 89.174£2.71 87.85+0.48 88.99+0.39| 89.17+2.71 89.17+2.71
Minimum Search 95.38+1.44 29.20+47.49 93.07+0.85 95.35+2.24 94.95%1.62| 95.38+1.44 95.38+1.44
MST-Kruskal 89.33+£3.13 80.60£13.65 89.74+1.29 89.45+0.62 89.08+1.57 | 89.74+1.29 89.74+1.29
MST-Prim 83.19+£2.14 85.60+2.45 87.42+3.42 85.12+3.72 87.71+4.55| 87.42+3.42 87.71+4.55
Naive String Matcher | 52.39+12.56 1.81+£0.00 35.81+£6.80  1.12+0.72  12.08+8.35 | 52.39£12.56 52.39+12.56

Optimal BST 73.9742.04 75.1245.54 73.55+1.72 74.4943.10 75.974£2.50 | 75.1245.54 75.97+2.50
Quickselect 0.85+0.51 1.32+£0.60  0.13+0.12  0.46x0.42  1.14%1.06 | 1.32+0.60 1.32+0.60
Quicksort 88.23+3.44  1.51+0.00 87.01+2.91 81.05£10.14 89.39+3.24 | 88.23+3.44 8§9.39+3.24

Segments Intersect 85.85£0.36 97.16+0.18 84.79+0.91 85.02+0.97 85.58+0.91 | 97.16+0.18 97.16+0.18

SCC 40.17+13.80 37.34+3.64 50.31+4.38 43.86+3.84 50.13+5.33 | 50.31+4.38 50.31+4.38
Task Scheduling 86.38+2.12  91.92+3.26 85.97+2.34 86.17+1.79 85.32+2.59| 91.92+3.26 91.92+3.26
Topological Sort 80.42+£1.39 82.78+2.15 78.87+£0.67 78.88+2.65 81.49+2.53| 82.78+2.15 82.78+2.15
AVERAGE 75.13+0.74 61.94+£3.02 74.53+1.09 71.53+0.72 74.55+0.81 78.71 79.13

multi-head attention to add a small set of memory, which helps to learn algorithms,
despite our empirical results showing this yields only a subtle gain in performance.
To analyze the influence of each modification, a comprehensive ablation study was
conducted, containing parameter variations that influence the algorithm’s performance,
which helps to advance the understanding of Neural Algorithmic Reasoning.



For future work, we plan to integrate improvements existing in the literature, using
the training protocol of OpenBook [Li et al. 2024] and focus on a deeper analysis of the
generated networks, evaluating their similarity to the original solution to enhance the
interpretability of the results.
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Appendix
A. Complete Results in CLRS-30

Table 3 presents the complete results of our algorithm compared with the literature. To
ensure a fair comparison, we calculated the average performance using only those works
that reported results for all algorithms. In cases where a paper presented several method
variations, we chose the one that either performed best or was tested on a greater number
of algorithms. Our methods were trained three times to mitigate bias and ensure stability.



Table 3. Accuracy of literature algorithms in the CLRS-30 Benchmark.

T-GMPNN-NH [Rodionov and Prokhorenkova 2023]

NEURAL NETWORK ARCHITECTURE

_ 5
<t N e\l
o I k=) Q
& S £ = 2
~ < 8 Y & < g
— s 9 : ) 5 8 3
8 =z B ST B~ .83
8 I 9 _ B E = = 2
S 8 % s £ £ 3 3 %
- o = 15 ‘= o o —_
5 =z 3 g > 2 5 31 =z 7 &
5 2 o =) ] 4 g ~ & g 2 .
2 s @ =) g = = = & S E z
= g o 5} < é Z A Z & %’ g
Z = 4 Z 2 @ Z. o = = / =
z o) Z b5 }= 5 & 2 5 2 2 &
[ s [ 50 2 & M 2 =) 2 %)
= = = s L ) = < 5 = < =
O 3 S = A 3 z 2 3 g o -
ALGORITHM = = = ) z aa & o & = = a
Activity Selector 95.18 9590 90.50 - 99.03 83.36 87.72 9231 95.86 95.23 90.81 93.16 93.16
Articulation Points 88.32 86.89 59.99 9455 9797 13.40 34.15 79.07 9830 26.32 88.08 94.92 94.92
Bellman-Ford 97.39 96.08 9896 9525 99.18 87.50 9424 98.16 95.18 96.00 91.86 91.86 94.14
BFS 99.73 99.85 99.50 99.95 99.96 99.64 99.14 100.00 99.99 100.0 99.77 99.89 99.89
Binary Search 77.58 8531 6649 8529 8596 28.79 8148 9445 8744 6471 86.62 86.62 86.62
Bridges 9399 9753 84.10 9891 9943 1.83 37.88 97.05 99.26 7222 95.07 97.45 97.45
Bubble Sort 67.68 7435 55.51 90.67 83.19 17.78 38.22 - 73.16 95.78 81.54 81.54 83.48
DAG Shortest Paths | 98.19 98.13 82.56 98.18 99.37 96.19 96.61 9940 97.79 96.40 93.98 95.31 95.31
DFS 47.79 59.31 20.65 34.52 7431 6.03 3923 26.11 40.79 100.0 30.92 38.49 38.49
Dijkstra 96.05 93.14 96.02 96.97 99.14 83.94 91.20 - 98.29 95.04 9548 97.51 97.51
Find Max. Subarray | 76.36 69.79 52.77 - 7897 1994 66.52 75.70 74.52 83.53 59.24 65.80 65.80
Floyd-Warshall 48.52 3533 3252 42.16 56.32 17.84 31.59 3375 51.52 27.49 30.58 3230 32.30
Graham Scan 93.62 94.12 87.21 - 97.67 6195 74.15 9580 96.19 76.20 87.97 91.21 91.60
Heapsort 31.04 5442 1628 90.67 5747 16.37 32.96 - 85.71 93.07 66.83 85.03 88.77
Insertion Sort 78.14 90.73 61.69 90.67 9840 8.16 89.43 - 92.61 93.00 85.82 86.00 87.63
Jarvis’ March 91.01 93.02 81.57 - 88.53 92.88 94.57 - 9474 91.83 92.51 93.02 93.02
Knuth-Morris-Pratt 19.51 62.59 20.59 - 1245 3.23 0.03 - 71.24 454 26.66 44.45 4445
LCS Length 80.51 85.67 87.75 - 85.43 67.50 83.32 87.53 8554 6691 85.21 85.92 86.22
Matrix Chain Order 91.68 94.46 90.45 - 91.08 78.74 91.89 9254 90.85 25.12 8892 89.17 89.17
Minimum 97.78 99.23 96.08 99.98 99.26 75.65 9528 99.46 98.65 96.92 9538 95.38 95.38
MST-Kruskal 89.80 7847 8549 92.89 9125 4324 6491 9042 9126 67.29 89.33 89.74 89.74
MST-Prim 86.39 9330 76.68 85.70 95.19 60.31 8577 78.22 9341 86.60 83.19 87.42 87.71
Naive String Matcher | 78.67 99.90 10.16 - 97.02 340 6501 1624 73.57 93.71 5239 5239 52.39
Optimal BST 73.77 70.70 81.82 - 83.58 59.89 7440 77.68 70.04 36.04 7397 75.12 75.97
Quickselect 0.47 3.84 1.62 - 6.30 0.00 19.18 0.63 337 87.08 0.85 132 132
Quicksort 64.64 5549 4646 90.67 73.28 17.71 3942 1533 83.13 94.73 8823 88.23 89.39
Segments Intersect 97.64 9496 98.81 - 99.06 93.19 8494 9755 98.71 97.30 85.85 97.16 97.16
SCC 4343 4430 3253 6638 53.53 22.50 28.59 7147 65.83 48.43 40.17 50.31 50.31
Task Scheduling 87.25 87.70 86.34 - 84.55 77.79 8293 84.12 9093 88.08 86.38 91.92 91.92
Topological Sort 87.27 100.00 64.27 94.58 99.92 5098 80.62 80.84 92.80 74.00 80.42 82.78 82.78
AVERAGE 7598 79.82 65.51 - 82.89 46.32 66.18 - 8291 75.78 75.13 78.71 79.13




