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Abstract

Recent advances in protein structure prediction, most notably AlphaFold, have demonstrated near-
experimental accuracy for many classes of proteins. Despite this success, AlphaFold-class
systems remain fundamentally stochastic, lacking formal guarantees of determinism, replayability,
and auditability across time, hardware, and software environments. These limitations constrain
their use as reliable computational evidence in regulated and safety-critical scientific workflows.

This paper argues that predictive accuracy alone is insufficient to advance the state of the art in
scientific artificial intelligence. We analyze current techniques used to mitigate nondeterminism in
AlphaFold-class systems-including fixed random seeds, constrained sampling, deterministic GPU
kernels, and rigid environment control-and show that these approaches enforce reproducibility
procedurally rather than structurally. We then introduce a deterministic systems perspective based
on the Deterministic Computation Law (DCL), which establishes canonicalized state
representation, invariant decision rules, and replayable reasoning as necessary conditions for
reproducible computation.

We show that DCL does not modify or replace AlphaFold’s learned predictive models, but instead
constrains their use within a deterministic judgment framework that enables reproducible
selection, verification, and reuse of predicted structures. By separating stochastic perception from
deterministic decision-making, this framework advances AlphaFold-class systems from high-
accuracy predictors to reproducible, auditable, and regulator-ready computational tools,
establishing determinism as an independent axis of progress in scientific Al.

1. Introduction

Protein structure prediction is a foundational problem in molecular biology, drug discovery, and
biomedical research. Accurate structural models underpin downstream tasks such as molecular
docking, drug target identification, functional annotation, and mechanistic hypothesis generation.
The introduction of AlphaFold represented a major milestone in this domain, demonstrating that
deep learning systems can achieve near-experimental accuracy for many protein structures.

As aresult, AlphaFold and related models are now widely adopted in academic research and
increasingly considered for industrial and regulated scientific workflows. However, while AlphaFold
advances predictive accuracy, it does not address a distinct and equally critical requirement: the
ability to treat computational outputs as reproducible scientific evidence.



In regulated domains-including drug discovery, diagnostics, and safety-critical biological modeling-
scientific results must be reproducible, auditable, and replayable across time and execution
environments. Identical inputs must yield identical outputs, and the reasoning that led to a
decision must be verifiable after the fact. These requirements extend beyond statistical confidence
and demand structural guarantees about the computation itself.

AlphaFold-class systems were not designed with these requirements as first-class constraints.
Although extensive engineering effort has been invested in mitigating nondeterminism,
reproducibility remains contingent on procedural controls rather than guaranteed by the structure
of the computation. This paper examines that gap and proposes a principled solution.

This paper introduces determinism as a missing structural principle in scientific Al and shows how
stochastic predictors such as AlphaFold can be integrated into reproducible, auditable
computational workflows without modifying their predictive models.

2. Related Work: Reproducibility and Determinism in Scientific Al
2.1 Reproducibility in Machine Learning

Reproducibility in machine learning has traditionally been addressed through empirical
repeatability: rerunning experiments under controlled conditions to obtain similar results. Common
practices include fixing random seeds, standardizing datasets, and publishing model checkpoints.
While these measures improve repeatability, they do not provide formal guarantees that a
computation will converge to a unique, replayable outcome.

Recent work has highlighted the distinction between repeatability, reproducibility, and
determinism. Repeatability refers to obtaining similar results under identical experimental
conditions, while reproducibility concerns the ability to obtain consistent results across different
environments or implementations. Determinism, in contrast, requires that identical problem
instances yield identical outputs by construction, independent of execution order, hardware, or
stochastic variation.

Most machine learning systems, including AlphaFold-class models, satisfy repeatability only
approximately and lack formal determinism.

2.2 Procedural Approaches to Deterministic Execution

To address nondeterminism in scientific Al, practitioners have developed a range of procedural
techniques. These include deterministic execution modes in deep learning frameworks, fixed-order
floating-point reductions, containerized software environments, and strict dependency pinning.
Such approaches are increasingly used in regulated research settings to improve auditability and
compliance.

However, these techniques operate at the level of execution control rather than computational
structure. They constrain how a computation is performed without redefining the computation



itself. As a result, reproducibility remains fragile: small changes in environment, representation, or
execution context can still lead to divergent outcomes.

2.3 Limitations of Existing Reproducibility Frameworks

Workflow provenance systems, experiment tracking tools, and confidence metrics have also been
proposed to improve transparency and traceability in scientific Al. While these tools provide
valuable metadata, they do not resolve the underlying nondeterminism of stochastic computation.
Confidence scores quantify uncertainty but do not provide replayable reasoning or deterministic
identity for computational decisions.

In contrast, a deterministic framework must ensure that equivalent inputs collapse to a unique
canonical representation and that reasoning proceeds invariantly from that representation. This
observation motivates the need for a structural approach to determinism.

3. Formal Definitions and Terminology
To clarify the scope of this work, we introduce the following definitions.

Definition 1 (Reproducible Computation).

A computation is reproducible if identical canonical problem instances yield identical outputs
under invariant reasoning, independent of execution environment, hardware, or software
configuration.

Definition 2 (Determinism).
A computation is deterministic if its outcome is uniquely determined by its canonical input
representation, with no dependence on stochastic processes or execution order.

Definition 3 (Canonical Representation).
A canonical representation is a normalized form of a problem instance such that all semantically
equivalent representations map to the same internal state.

Definition 4 (Replayable Reasoning).
Replayable reasoning is the ability to re-derive a computational outcome from its canonical input
and deterministic reasoning process without reliance on probabilistic sampling or retraining.

These definitions distinguish determinism as a structural property of computation rather than an
emergent property of constrained execution.

Throughout this paper, reproducibility refers to the ability to obtain identical outcomes from
identical canonical inputs under invariant reasoning, not statistical similarity or empirical
repeatability. Determinism is treated as a structural property of computation rather than a
constraint on execution hardware or numerical precision.



4. Deterministic Computation Law: A Structural Perspective

The Deterministic Computation Law (DCL) formalizes reproducible computation as a mathematical
property. DCL asserts that for any reproducible computation, the result must factor through a
canonical representation of the problem followed by deterministic reasoning:

R = H(D(P))

where Dis a canonicalization operator mapping equivalent problem representations into a unique
canonical form, and His a deterministic reasoning operator whose execution is invariant across
time, hardware, and execution environment.

Uniqueness is understood up to isomorphism of canonical representations and does not prescribe
any specific implementation or algorithm. This formulation establishes determinism as a structural
invariant rather than a performance tradeoff or execution constraint.

5. Reproducibility in AlphaFold-Class Systems: Current State of the Art

AlphaFold-class systems represent a class of deep learning models whose predictive performance
relies on stochastic training and inference processes. While these systems achieve high accuracy,
reproducibility is not guaranteed by design. Instead, reproducibility is approximated through a
collection of procedural techniques that constrain, but do not eliminate, sources of
nondeterminism.

5.1 Algorithmic Sources of Stochasticity

During training, AlphaFold-class models rely on stochastic optimization techniques, including
random weight initialization and stochastic gradient descent. While training nondeterminism is
generally tolerated in machine learning, it complicates the interpretation of trained models as
stable scientific instruments.

At inference time, additional sources of stochasticity arise from ensemble sampling, iterative
recycling mechanisms, and, in newer versions, diffusion-based refinement processes. To mitigate
these effects, practitioners commonly employ the following techniques:

o Explicitly setting global random seeds across programming languages, humerical libraries,
deep learning frameworks, and GPU runtime environments

e Restricting inference to a single fixed seed or to a predefined ensemble of seeds
o Deterministically selecting or averaging ensemble outputs using fixed scoring criteria
¢ Increasing recycling iterations to promote convergence toward stable structures

These measures improve empirical repeatability under controlled conditions but do not eliminate
stochastic dependence from the computational process itself.



5.2 Hardware and Software Nondeterminism

Even when algorithmic randomness is tightly controlled, nondeterminism persists due to the
architecture of modern computing systems. GPU-accelerated computation relies on massively
parallel floating-point operations, where variations in execution order can lead to small numerical
differences because floating-point arithmetic is not associative.

To address these effects, deep learning frameworks provide deterministic execution modes that
enforce fixed-order reductions and deterministic kernel selection. In addition, containerization
technologies such as Docker and Singularity are widely used to standardize operating systems,
libraries, drivers, and compiler configurations. Some workflows further adopt higher-precision
arithmetic to reduce numerical drift.

While these techniques significantly improve run-to-run reproducibility, they impose performance
costs and require strict environmental control. More importantly, they do not provide a formal
guarantee that semantically equivalent computations will converge to a unique, replayable
outcome.

5.3 Limitations of Procedural Determinism

The techniques described above represent the current ceiling of reproducibility engineering for
AlphaFold-class systems. They enforce determinism procedurally-by constraining how
computation is executed-rather than structurally, by redefining the computation such that
divergence is impossible.

As aresult:

e Reproducibility depends on maintaining identical execution environments

e Semantic equivalence of inputs is not formally enforced

e There is no canonical identity for computational decisions

e \Verification typically requires full recomputation

e Auditability is limited to confidence metrics rather than replayable reasoning

These limitations motivate the need for a structural approach to determinism.
5.4 Determinism as a Hierarchy

Determinism in modern scientific computation is not binary but hierarchical. Different levels of
consistency may be achieved depending on how a system constrains randomness, software
execution, and hardware behavior. At coarse levels, stochastic systems may produce statistically
similar outcomes that preserve high-level structure while differing in fine-grained numerical details.
At more constrained levels, identical software configurations and execution paths may yield
repeatable numerical results within a fixed environment.

However, exact bit-for-bit identity across heterogeneous hardware platforms is generally
unattainable in floating-point computation. Parallel execution, non-associative arithmetic, and



hardware-specific optimizations introduce unavoidable sources of numerical variation. As a result,
procedural controls alone cannot guarantee environment-independent determinism, even when
randomness is tightly constrained.

This hierarchy highlights a fundamental limitation of execution-level reproducibility: numerical
consistency depends on contingent properties of hardware and software rather than on the
structure of the computation itself. The Deterministic Computation Law addresses this limitation
by enforcing determinism at the level of canonical state representation and invariant reasoning,
rather than at the level of numerical execution.

6. Applying Deterministic Computation Law to AlphaFold-Class Systems

Given the inherent limits of execution-level determinism described above, the following section
introduces the Deterministic Computation Law as a structural approach that enforces
reproducibility through canonical state representation and invariant reasoning, rather than through
procedural control of numerical execution.

6.1 Separation of Stochastic Perception and Deterministic Judgment

Under a DCL framework, AlphaFold is not treated as a deterministic decision-maker but as a
stochastic perception or proposal engine. Its role is to generate candidate protein structures from
canonicalized biological inputs. Deterministic computation is enforced at the judgment layer,
where acceptance, verification, and reuse of predictions occur.

This separation reflects established scientific practice: hypothesis generation may be stochastic,
but conclusions must be stable, reproducible, and auditable. DCL formalizes this distinction
computationally.

6.2 Canonical Biological State Representation

DCL requires that biological inputs be mapped to a canonical representation prior to inference. This
canonicalization ensures that semantically equivalent biological states-such as equivalent
sequence encodings or representation variants-collapse to a single internal form.

By enforcing canonical state representation, DCL removes ambiguity before inference begins,
preventing divergence caused by representational variation rather than biological difference.

6.3 Deterministic Selection, Verification, and Replay

Following stochastic proposal generation, DCL enforces deterministic acceptance criteria and
reasoning. This enables:

e Stable selection of predicted structures

¢ Deterministic reuse of previously validated results

o Replayable verification without full recomputation

e Cross-environment reproducibility independent of execution details



Importantly, these guarantees are achieved without modifying AlphaFold’s internal learning
architecture or training process.

6.4 Illustrative Deterministic AlphaFold Workflow (Non-Experimental)

This subsection provides a concrete, non-experimental illustration of how AlphaFold-class systems
can be embedded within a Deterministic Computation Law (DCL) framework. The purpose is to
clarify operational flow rather than to describe a specific implementation.

1. Canonicalization of Biological Input
The biological problem instance-such as a protein amino-acid sequence and associated
metadata-is first transformed into a canonical representation. Semantically equivalent
encodings (e.g., formatting differences, representation variants, or ordering artifacts) are
mapped to a single normalized internal form. This step ensures that identical biological
states correspond to identical computational identities prior to inference.

2. Stochastic Proposal Generation
The canonicalized input is provided to an AlphaFold-class predictor operating in its
standard stochastic mode. The model may generate one or more candidate protein
structures through ensemble inference, recycling, or diffusion-based refinement. At this
stage, stochasticity is permitted and explicitly acknowledged as part of hypothesis
generation.

3. Deterministic Selection and Judgment
Candidate structures produced by the predictor are evaluated using deterministic, invariant
selection criteria. These criteria may include fixed confidence thresholds, structural scoring
functions, or predefined ranking rules. Given the same canonical input and proposal set,
the selection outcome is uniquely determined.

4. Canonical Output Identity
The accepted structure is assigned a canonical identity derived from its normalized
structural representation. This identity serves as a stable reference for the computational
result, independent of when or where it was produced.

5. Replayable Verification and Reuse
Subsequent requests involving the same canonical biological input resolve directly to the
stored canonical output identity. Verification proceeds deterministically without re-invoking
stochastic inference, enabling replay, audit, and reuse of validated results across
environments and time.

This workflow illustrates how stochastic prediction and deterministic computation are separated by
design. AlphaFold remains a high-accuracy proposal engine, while DCL enforces reproducibility,
auditability, and replayability at the level of scientific judgment.



6.5 Comparison with Procedural Reproducibility Approaches

The distinction between procedural reproducibility and structural determinism is central to this
work. Table 1 contrasts common reproducibility techniques used in AlphaFold-class workflows
with the Deterministic Computation Law framework.

A h Primary Structural Replay Without Environment
roac
PP Mechanism Determinism Re-computation Independence
Fixed random seeds Execution control No No No
Deterministic GPU )
Hardware constraint No No No
kernels
Containerized Environment o
. o No No Limited
environments standardization
Provenance & L
Metadata capture  No No Limited

experiment tracking

Deterministic .
Canonical state +

Computation Law ] . Yes Yes Yes
. invariant reasoning
(this work)

Procedural techniques improve repeatability under tightly controlled conditions but do not
eliminate nondeterminism from the computation itself. Reproducibility remains contingent on
maintaining identical execution environments and rerunning inference.

In contrast, DCL enforces determinism structurally by ensuring that semantically equivalent inputs
collapse to a unique canonical state and that decision-making proceeds invariantly from that state.
As a result, validated outcomes can be replayed, audited, and reused without re-executing

stochastic computation, establishing determinism as a first-class property of scientific Al systems.

7. Advancing the State of the Art Beyond Accuracy

AlphaFold advances the state of the art in predictive accuracy. Deterministic Computation Law
advances the state of the art in scientific reliability.

These advances operate along orthogonal dimensions. Predictive accuracy measures how closely a
model approximates biological ground truth, while determinism measures whether computational
outcomes can be treated as stable scientific evidence.

Dimension AlphaFold AlphaFold + DCL

Predictive accuracy Near-experimental Preserved



Dimension AlphaFold AlphaFold + DCL
Deterministic replay No Yes

Auditability Limited Full
Cross-environment stability No Yes

Regulatory usability Limited High

This represents a genuine advancement in scientific artificial intelligence, not by improving
biological prediction itself, but by making those predictions reproducible, auditable, and reusable.

This work should be read as complementary to AlphaFold’s predictive advances: AlphaFold
addresses biological accuracy, while DCL addresses whether those predictions can function as
stable, replayable scientific artifacts.

8. Implications for Regulated Scientific Workflows

In regulated scientific domains, reproducibility is not optional. Regulatory frameworks increasingly
require that computational results be traceable, replayable, and auditable across time and
execution environments. In drug discovery, for example, structural predictions inform downstream
decisions such as molecular docking, lead optimization, toxicity assessment, and clinical
candidate selection. Variability in upstream predictions can cascade into divergent outcomes,
undermining confidence in computational evidence.

By enforcing canonical state representation and deterministic judgment, DCL enables AlphaFold-
class predictions to be treated as stable computational artifacts rather than exploratory
hypotheses. Deterministic replay allows previously validated predictions to be reused without
recomputation, while auditability enables reviewers to verify that identical biological inputs yield
identical structural outcomes. These properties align closely with emerging regulatory expectations
for trustworthy scientific Al.

Importantly, DCL does not require that predictive uncertainty be eliminated. Instead, it ensures that
uncertainty is handled deterministically and transparently, allowing regulators and scientists to
reason about variability explicitly rather than implicitly.

9. Limitations and Scope

The framework presented in this paper has several important limitations. First, DCL does not
improve the biological accuracy of AlphaFold-class predictions or resolve fundamental
uncertainties inherent in biological systems. Predictive accuracy remains bounded by the quality of
training data, model capacity, and the inherent complexity of biological phenomena.

Second, DCL does not replace experimental validation. Deterministic computation ensures
reproducibility of computational results but does not guarantee biological correctness.
Experimental evidence remains essential for confirming scientific hypotheses.
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Third, the present work focuses on structural determinism at the level of computational decision-
making rather than on deterministic training of machine learning models. Stochastic training
processes are compatible with DCL provided that inference and judgment are constrained
deterministically.

These limitations are intentional and reflect the scope of the contribution: establishing
determinism as a structural property of scientific computation rather than as an empirical
performance optimization.

10. Broader Applicability Beyond Protein Structure Prediction

While this paper focuses on AlphaFold-class systems, the principles underlying the Deterministic
Computation Law apply broadly to scientific artificial intelligence. Any domain in which stochastic
models are used to generate hypotheses, predictions, or simulations-such as molecular dynamics,
climate modeling, systems biology, astrophysics, or materials science-faces similar challenges of
reproducibility, auditability, and long-term reliability.

In many such domains, probabilistic or ensemble-based models are used to explore complex state
spaces or approximate physical processes. These models are valuable for generating candidate
outcomes, but their outputs are often difficult to treat as stable scientific evidence due to
sensitivity to sampling, initialization, execution order, or environment. Procedural reproducibility
techniques may improve repeatability, but they do not ensure that semantically equivalent problem
instances resolve to a unique, replayable computational result.

By separating stochastic perception from deterministic judgment, the Deterministic Computation
Law provides a general framework for transforming probabilistic predictions into reproducible
computational artifacts. Stochastic models may continue to serve as proposal engines, while
deterministic canonicalization, selection, and replay ensure that accepted outcomes remain stable
across time, environments, and downstream use. This separation mirrors established scientific
practice, in which exploratory modeling is permitted but conclusions must be invariant and
auditable.

These observations suggest that determinism should be treated as a first-class design objective in
scientific Al systems, complementary to accuracy, expressiveness, and performance. As Al-
generated results increasingly inform high-stakes scientific and regulatory decisions, structural
determinism may become a foundational requirement for treating computational outputs as
durable scientific evidence rather than transient exploratory results.

11. Conclusion

AlphaFold represents a major milestone in predictive modeling for biology, achieving near-
experimental accuracy for many protein structures. However, accuracy alone is insufficient for
treating Al-generated predictions as reliable scientific or regulatory evidence. Reproducibility,
auditability, and replayability are essential requirements in regulated scientific workflows, and
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AlphaFold-class systems were not designed to satisfy these requirements as first-class
constraints.

This paper has shown that existing reproducibility techniques for AlphaFold enforce determinism
procedurally rather than structurally. In contrast, the Deterministic Computation Law introduces
determinism as a mathematical invariant by requiring canonicalized state representation and
invariant reasoning. When applied to AlphaFold-class systems, DCL enables deterministic
selection, verification, and reuse of predicted structures without modifying the underlying
predictive models.

By integrating DCL with AlphaFold-class systems, scientific artificial intelligence advances beyond
high-accuracy prediction toward reproducible, auditable, and regulator-ready computation.
AlphaFold advances predictive accuracy; DCL advances scientific reliability. Together, they
advance the state of the art.
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