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Abstract: Sorting is one of the most fundamental and most studied operations in computer science. Classical comparison-based
algorithms such as Quicksort, Merge Sort, and Heap Sort have been refined for decades until they approach their theoretical limits,
and further human improvement has become very difficult. Recent advances in artificial intelligence have reopened the question of
whether machines can rethink sorting itself. This paper surveys two complementary directions in which deep learning and
reinforcement learning are reinventing classical sorting. The first direction, learning to sort, replaces the discrete sorting operator
with differentiable approximations — such as Pointer Networks and NeuralSort — so that ordering can be embedded directly inside
trainable neural pipelines. The second direction, learning to discover, uses deep reinforcement learning to search the space of low-
level programs and uncover faster correct algorithms, exemplified by DeepMind’s AlphaDev, whose discovered routines were added
to the LLVM C++ standard sorting library. We compare the methodology, results, strengths, and limitations of both directions. We
conclude that Al does not replace classical sorting but extends it: enabling end-to-end learning on one side and superhuman low-
level optimization on the other.
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1. Introduction

Sorting — arranging a collection of items into a defined order — is among the most widely executed operations in computing.
Fundamental routines such as sorting and hashing are used trillions of times every day, underpinning everything from database
queries and search ranking to data compression and scientific computing. Because of this scale, even a small improvement in a core
sorting routine can translate into large savings in time and energy across the world’s computers.

Classical sorting is also one of the best understood problems in the field. Comparison-based algorithms are bounded below by Q(n
log n) comparisons, and well-known methods such as Quicksort, Merge Sort, and Heap Sort already operate close to this limit.
Decades of engineering have squeezed these algorithms to a point where additional gains are extremely hard to obtain, for human
experts and for traditional automated search alike.

Artificial intelligence interacts with sorting in two distinct ways, and this paper treats them as the two faces of “reinventing” sorting.
The first is learning to sort: instead of calling a fixed algorithm, a neural network learns to produce an ordering, and the sorting step
itself is made differentiable so it can sit inside a larger machine-learning pipeline trained end-to-end. The second is learning to
discover: a reinforcement-learning agent treats the construction of a sorting program as a game and searches for new routines that
are provably correct yet faster than the best human designs.

This is a survey paper. Rather than running new experiments, it organizes, explains, and compares the main published methods and
benchmark results in both directions, and discusses what each approach can and cannot do in practice.

2. Objectives
The objectives of this paper are:

* Toreview classical sorting algorithms and explain why they are difficult to improve further.

* To examine deep-learning approaches that make the sorting operator differentiable, including Pointer Networks and
NeuralSort.

* To examine reinforcement-learning approaches that discover faster low-level sorting routines, focusing on AlphaDev.
*  To compare the reported results and benchmarks of these approaches against classical baselines.

* To discuss the strengths, limitations, and practical implications of using Al to reinvent sorting.

www.ijeais.org/ijaisr
74



International Journal of Academic Information Systems Research (IJAISR)
ISSN: 2643-9026
Vol. 10 Issue 7 July - 2026, Pages: 74-78

3. Problem Statement

Reinventing sorting with Al faces two separate technical obstacles, one for each direction studied in this paper.

The first obstacle is differentiability. Modern deep learning is trained with gradient descent, which requires every operation in the
pipeline to be differentiable. The sorting operator, however, is discrete: a tiny change in the input either leaves the output order
unchanged or flips two elements abruptly. Its gradient is therefore zero almost everywhere and undefined at the switching points.
This blocks any attempt to train a model end-to-end when ranking or ordering is part of the objective, for example in learning-to-
rank, top-k selection, or differentiable nearest-neighbour models.

The second obstacle is optimality. Classical sorting routines are already highly optimized and, for small fixed sizes, are implemented
as branchless sorting networks that are very close to optimal.

Improving them is hard precisely because the search space of valid programs is enormous and a single wrong instruction makes the
whole routine incorrect. Traditional automated search struggles here, so the question is whether a learning agent can navigate this
space and find correct routines that are genuinely faster than the human state of the art.

4. Literature Review

4.1 Classical foundations

The theory of comparison-based sorting is mature. Hoare’s Quicksort (1962) and the classic Merge Sort and Heap Sort all achieve
O(n log n) average behaviour, matching the comparison lower bound up to constants. For very small inputs, the state of the art is the
sorting network: a fixed sequence of compare-and-swap operations that contains no data-dependent branches, which makes it fast
and predictable on modern CPUs. These small networks are important because larger sorting functions call them many times as base
cases, so their efficiency affects the overall cost of sorting any input.

4.2 Neural and differentiable sorting

The first deep-learning method able to learn an ordering of a set was the Pointer Network of Vinyals, Fortunato, and Jaitly (2015). It
is an encoder—decoder architecture in which the attention mechanism is used as a pointer that selects an element of the input at each
output step. Because the output is a position in the input rather than a token from a fixed vocabulary, Pointer Networks can handle
variable-length sequences and were shown to learn to sort numbers and to generalize beyond the lengths seen during training.

A more direct line of work makes the sorting operation itself differentiable. Grover, Wang, Zweig, and Ermon (2019) introduced
NeuralSort, a continuous relaxation of the argsort operator. Instead of producing a hard permutation matrix, NeuralSort produces a
unimodal row-stochastic matrix — each row sums to one and has a distinct maximum — controlled by a temperature parameter; as
the temperature approaches zero, the relaxation converges to the exact permutation. This makes ordering differentiable and was used
to build, for example, a fully differentiable k-nearestneighbour classifier. Related operators followed: Cuturi et al. (2019) cast sorting
as an optimaltransport problem solved with the Sinkhorn algorithm; Blondel et al. (2020) proposed differentiable sort and rank
operators running in O(n log n) time; and Petersen et al. (2021, 2022) developed differentiable and monotonic sorting networks for
scalable ranking supervision.

4.3 Reinforcement learning for algorithm discovery

A different idea is to use Al not to approximate sorting but to discover better sorting code. This direction builds on AlphaZero, the
reinforcement-learning system that mastered Go, chess, and shogi through self-play. Mankowitz et al. (2023) adapted this approach
in AlphaDev, which treats the construction of a low-level sorting routine as a single-player game and searches for assembly programs
that are both correct and fast. AlphaDev is the first case in which an Al-discovered algorithm was accepted into a widely used
standard library, marking the first change to the C++ standard sorting routines in over a decade.

5. Methodology

5.1 Survey approach

This paper follows a descriptive survey methodology. The relevant methods were grouped into two paradigms — learning to sort
and learning to discover — and each was analysed in terms of its problem formulation, model, training signal, and reported results.
The comparison in Section 6 relies on benchmark numbers published in the original peer-reviewed papers rather than on new
experiments, so the reported figures reflect the authors’ own measurements.
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5.2 Learning to sort: differentiable and neural methods

In this paradigm the goal is to embed ordering inside a trainable network. Pointer Networks frame sorting as sequence-to-sequence
prediction: an encoder reads the input elements into hidden states, and at each decoding step a content-based attention distribution
over the inputs is interpreted as a pointer that selects the next element of the sorted output. Training uses supervised pairs of unsorted
and sorted sequences.

Differentiable operators such as NeuralSort take a different route. They replace the hard permutation matrix that represents a sort
with a soft, row-stochastic approximation parameterized by a temperature. Because this soft matrix is differentiable, gradients can
flow through the ordering step, so the surrounding model can be trained end-to-end and the relaxation can be tightened toward a true
sort as training proceeds. Optimal-transport, fast-rank, and differentiable-sortingnetwork variants offer the same capability with
different trade-offs in accuracy and computational cost.

5.3 Learning to discover: reinforcement learning over programs

AlphaDev formulates algorithm discovery as a single-player “AssemblyGame.” The state is the sequence of assembly instructions
generated so far together with the current state of the CPU registers and memory. At each turn the agent chooses the next legal
instruction to append. The episode ends when the program is complete, and the reward combines two terms: correctness, measured
by running the candidate program on test inputs and checking the outputs, and latency, measured as the actual execution speed of
the program (with measured latency computed only for a small fraction of candidates to control cost).

The learning algorithm extends AlphaZero: a deep neural network, using a Transformer-based representation of the assembly
program, guides a Monte-Carlo Tree Search through the space of possible instruction sequences. Because a single wrong instruction
can invalidate the entire routine, the search space is extremely sparse and unforgiving, which is what makes the problem hard and
the result notable. AlphaDev was applied to both fixed-length sorting (Sort 3, 4, 5) and variable-length sorting (VarSort 3, 4, 5).

6. Results
The two paradigms are evaluated against different baselines, so their results are reported separately and then summarized together.

For algorithm discovery, AlphaDev produced sorting routines that were shorter and faster than the human state of the art. It found
programs with fewer instructions than the human benchmark for Sort 3 and Sort 5 and matched it for Sort 4, and for variable sorting
it discovered a VarSort4 routine that was 29 assembly instructions shorter than the human design. Two novel instruction patterns,
named the AlphaDev swap and copy moves, each removed an instruction relative to the conventional implementation. When reverse-
engineered to C++ and integrated into the LLVM libc++ standard library, the new routines were up to 70% faster for short sequences
of around five elements and roughly 1.7% faster for sequences longer than 250,000 elements. The same approach also improved
certain hashing functions by up to about 30%. These were the first changes to the C++ standard sorting routines in more than a
decade.

For learning to sort, the results are reported as task accuracy rather than execution speed. NeuralSort enabled differentiable models
that learned correct orderings on sorting benchmarks and powered a differentiable k-nearest-neighbour classifier with strong
accuracy on standard image datasets. Pointer Networks learned to sort variable-length sequences from examples alone and
generalized to lengths beyond those seen in training. These methods are not meant to replace a library sort; their value is that ordering
becomes a trainable component inside a larger model.

The table below summarizes the comparison.

Classical (Quicksort / Baseline generalpurpose = Always correct O(n log n); near-optimal
sorting networks) sorting small-case networks
Pointer Networks Learn ordering of a set Probabilistic / learned Sorts variable lengths;
(2015) generalizes beyond training
length
NeuralSort (2019) Differentiable sorting Approximate Enables end-to-end training;
inside ML pipelines (temperature-controlled)  differentiable KNN
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AlphaDev (2023) Discover faster lowlevel | Provably correct, verified = Up to 70% faster (short) /
routines ~1.7% (very large); added to
libe++

7. Discussion

The two directions reinvent sorting in different senses and answer to different needs. Learning to sort changes where sorting lives: it
turns ordering into a soft, trainable operation so that ranking and selection can be optimized jointly with the rest of a neural model.
The price is correctness. A differentiable or learned sort is only approximate — it is correct in the limit or with high probability, not
by guarantee — so it is unsuitable as a drop-in replacement for a library sort, but well suited to machine-learning tasks where the
ordering is a means to an end.

Learning to discover changes how sorting is implemented. AlphaDev keeps the output exactly correct — its programs are verified
— and competes directly on speed, which is why its routines could be shipped in a real standard library. Its limitations are scope and
cost: the gains are concentrated on small fixed sizes, the search is computationally expensive, and the discovered routines are tightly
tied to specific instruction sets and CPU architectures. The headline numbers also need careful reading: the large 70% figure applies
to very short sequences, while the improvement on very large inputs is a much smaller 1.7%. Even so, because these base cases are
called so often, the aggregate effect at global scale is significant in both time and energy.

Taken together, the results support a clear message: Al is not replacing the classical theory of sorting, which still provides the
correctness guarantees and the asymptotic bounds. Instead, Al extends sorting at both ends — making it differentiable for learning
systems, and pushing lowlevel constant-factor performance beyond what manual engineering had reached. Open challenges remain,
including scaling RL discovery to larger and more general routines, providing guarantees for learned sorters, and reducing the
substantial computational cost of the search.

8. Conclusion

This paper surveyed how deep learning and reinforcement learning are reinventing the classical problem of sorting. Two
complementary paradigms were examined. The first, learning to sort, uses Pointer Networks and differentiable operators such as
NeuralSort to make ordering a trainable, gradient-friendly component of larger models, accepting approximate correctness in
exchange for end-to-end learnability. The second, learning to discover, uses reinforcement learning over lowlevel programs — most
notably AlphaDev — to find provably correct routines that are faster than decades of human optimization, to the point of being
adopted into the C++ standard library.

Neither paradigm overturns classical sorting; both build on it. The classical algorithms supply the correctness and the asymptotic
limits, while Al contributes differentiability for learning pipelines and superhuman constant-factor speed for core routines. Future
work is likely to focus on extending RL-based discovery to larger and more general algorithms, on giving formal guarantees to
learned sorters, and on lowering the cost of the search so that these techniques can be applied more broadly.
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