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ABSTRACT understanding of how or why they work. This marks a fundamental

Embedded systems were once built with clarity—each line of code
grounded in an algorithm, each behavior traceable and explain-
able. But as Al models rapidly replace classical methods in sensing,
scheduling, decision, and control, we have gained accuracy at the
cost of trust. Today’s neural networks are black boxes, assembled
by intuition or brute force, leaving us unable to explain, debug, or
control their behavior. We argue this is not just a tooling issue, but
a design flaw: explainability has long been an afterthought, with
networks built first and interpreted later. We advocate a principled
approach where networks are grounded in algorithms and designed
with internal anchors—expected intermediate behaviors, invariants,
or interpretable signals—that support debugging and interpretation.
This paper presents Algorithm-Informed Neural Networks (AINN)—
architectures shaped by algorithms as implicit inductive bias. By
decomposing algorithms into logic blocks, we build modular net-
works that are easier to train, interpret, and debug. As proof of con-
cept, we present two use cases—fall detection and keyword spotting
problems—showing how algorithmic structure improves training
efficiency and enables effective debugging.
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1 INTRODUCTION

From Algorithms to AI: A Paradigm Shift. Embedded Sen-
sor systems have long been built on well-understood algorithms—
compressed sensing [1], DVFS [2], Kalman/Bloom filters [3, 4],
PID controllers [5], B/X-MAC protocols [6, 7], Markov models [8],
tri-/multi-lateration [9, 10], LEACH [11], SPIN [12], Direct Diffu-
sion [13], FTSP/TPSN [14, 15], RMS/EDF [16], Paxos/Raft [17-19]—
designed with mathematical models, bounded guarantees, and tight
control over system behavior. Every line of code has a purpose;
every signal transformation follows from known principles. These
systems are not just functional—they are interpretable, analyzable,
and debuggable. But as AI has matured, neural networks have
increasingly replaced these traditional approaches in applications—
from gesture recognition [20, 21] and audio sensing [22, 23] to
real-time control [24, 25]—offering impressive empirical gains. Yet
these models are rarely derived from first principles. Their architec-
tures are often shaped by intuition and trial-and-error, with little

shift in design methodology: from systems constructed with intent
to systems discovered through data.

The Trust Gap: Performance without Explanation or Control.
In classical embedded systems, developers had precise insight into
how each computation contributed to the final outcome [26]. In con-
trast, Al-powered systems increasingly behave as black boxes [27].
This has led to a wave of interest in explainable AT (XAI), with a
proliferation of techniques such as saliency maps [28], activation
heatmaps [29], feature attribution [30], and surrogate modeling [31].
But these approaches are fundamentally post hoc: they attempt to
explain behavior that was never explicitly structured to be explain-
able. As a result, explanations are often vague, unstable across
similar inputs, or divorced from the actual internal reasoning of
the model [32-34]. Despite years of work, XAl has failed to de-
liver robust, actionable understanding—especially in safety-critical,
real-time embedded contexts.

Why Explainability is Failing: No Expectations, No Account-
ability. At the root of this failure is a deeper problem: we are trying
to explain Al models that were never designed with explainability
in mind. In traditional computer programming, we can explain
and debug a piece of code because every line is written with in-
tent. We know what a loop should iterate over, what a condition
should enforce, and how a variable’s value should change. When
an output is wrong, we can identify which statement violates its
expected behavior. Neural networks, by contrast, are not built with
this mindset. We do not assign any functional expectation to indi-
vidual neurons or layers; we simply optimize them for end-to-end
performance. When a neuron fails, we do not know what it is sup-
posed to compute in the first place—so how can we tell what goes
wrong? Explainability fails not because neural networks are in-
herently mysterious, but because we have never imbued them with
semantic intent. Without expectation, there is nothing meaningful
to explain—and debugging becomes guesswork.

Algorithmic Grounding as Inductive Bias. In traditional ma-
chine learning, inductive bias plays a crucial role in constraining
the space of models a learner can explore. Even in data-driven set-
tings like curve fitting, one begins with a strong prior: whether the
underlying relationship is linear, quadratic, or exponential. This
bias shapes not just the learning outcome but also the interpretabil-
ity and generalizability of the model. In contrast, modern neural
networks—particularly in embedded Al applications—are designed
with little or no such discipline. Their architectures are assem-
bled based on empirical success in other domains, manual tuning,
or automated architecture search, rarely reflecting the structure
or constraints of the underlying problem. We argue that classical
algorithms—developed over decades for tasks such as signal pro-
cessing, scheduling, control, and pattern recognition—should serve



as the implicit algorithmic inductive bias in neural network design.
Algorithms offer a structured, interpretable, and domain-grounded
scaffold that can constrain learning in a principled way and restore
intent to neural computation.

A Vision for Modular and Observable Neural Architectures.
We envision Algorithm-Informed Neural Networks (AINNs) as a new
class of neural architectures that embed algorithmic structure di-
rectly into the network’s design. In this vision, a classical algorithm
is decomposed into functional or logic blocks, each mapped to a
corresponding neural module. These modules preserve the input-
output relationships and operational invariants of their source
blocks, resulting in a network that mirrors the logic of the algo-
rithm it replaces. The resulting architecture is inherently modular,
interpretable, and traceable. It enables fine-grained observability at
the block level, which facilitates anomaly detection through acti-
vation monitoring and execution path analysis. Two key benefits
emerge: first, by constraining the learning space with algorithmic
structure, these networks typically require less data and training
effort to converge; and second, their modularity enables targeted
debugging—errors can be localized to specific blocks, and inter-
nal failures can be diagnosed with semantic meaning, a capability
lacking in conventional deep networks.

Positioning Relative to Existing Structured Neural Methods.
Our approach is inspired in spirit by physics-informed neural net-
works (PINNs) [35], which incorporate physical laws into the train-
ing objective by embedding differential equations as soft constraints.
However, unlike PINNs, algorithm-informed neural networks do
not merely regularize the solution—they reconstruct the algorithm
itself in neural form, preserving intermediate reasoning steps and
ensuring interpretability throughout the execution flow. These net-
works are also distinct from neuro-symbolic systems [36], which
combine symbolic logic and neural components in hybrid archi-
tectures. In contrast, proposed AINNs are fully neural, but their
structure is guided by algorithms as an inductive bias—not lay-
ered on top as symbolic reasoning or rule engines. The algorithm
serves as a blueprint, not a supervisory rule set, and thus shapes the
very way the network processes information. This fusion of neu-
ral flexibility with algorithmic grounding positions our approach
as a unique and promising direction for developing explainable,
controllable, and efficient Al systems in embedded environments.

Proof of Concept and Evaluation. We demonstrate the viabil-
ity of algorithm-informed neural networks through two sensor-
enabled embedded Al applications. The first is fall detection from
wearable accelerometer data that classifies fall vs not fall, guided
by a Hidden Markov Model (HMM) blueprint [8]. The second is
keyword spotting from audio that classifies keywords—such as yes,
no, up, down, left, right, on, off —guided by dynamic time warping
(DTW) [37] and K-nearest neighbors (KNN) [38]. In both cases,
algorithmic components such as state updates, sequence alignment,
and decision rules are translated into neural blocks that enforce
invariants and are monitored for anomalous behavior. These algo-
rithmic blueprints constrain network structure, simplify training,
and enable interpretable execution—allowing errors to be traced to
specific functional modules and demonstrating improved efficiency,
transparency, and debuggability.
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Figure 1: Algorithmic steps are mapped to neural blocks that enforce
invariants, with each block’s activation and invariant violations
monitored for anomalies—enabling debugging and error localization.

2 ALGORITHM-INFORMED NEURAL MODEL

Overview. We define Algorithm-Informed Neural Networks (AINNs)
as deep neural architectures whose structure, data flow, and inter-
pretability are explicitly derived from a guiding algorithmic blue-
print. In an AINN, each major step of the blueprint is represented
by a corresponding neural block that mirrors the logic and con-
straints of that step. These blocks exchange intermediate outputs
according to the blueprint’s control flow and collectively form the
full network. Each block enforces known invariants and exposes
its activations for inspection, allowing errors to be localized to
specific algorithmic stages. Blocks can be trained independently or
jointly, and their internal representations define latent subspaces
that are interpretable either by design (through known algorithmic
semantics) or through post-hoc analysis after training.

Example. Figure 1 shows an AINN for the greedy knapsack [39]
algorithm with three neural blocks. Each block enforces algorithmic
logic and invariants and is monitored for out-of-distribution behav-
ior; e.g., the scoring block learns a function a(log p; — log w;) + f3,
notably closely correlated with the optimal p; /w;. During inference,
if an incorrect result occurs from scoring, the error can be traced to
this block. Likewise, errors in sorting or selection can be localized
to their respective blocks through similar monitoring mechanisms.

Properties of AINNSs. Three defining features characterize AINNs
and distinguish them from conventional neural networks:

o First, AINNs are constructed from an algorithmic blueprint. Each
part of the network mirrors an algorithmic step, yielding a co-
herent, logic-guided structure without trial-and-error design.

o Second, AINNs execute information step by step, like algorithms.
Logic blocks are mapped to neural blocks that respect algorith-
mic dependencies, enabling an organized flow while allowing
flexibility in implementation.

e Third, AINNs support program-like debugging. Errors can be
traced to specific neural blocks corresponding to logic blocks,
with block-level monitoring exposing intermediate behaviors
for targeted fixes and interpretation.

Advantages of AINNs: AINNs offer two major advantages:

o First, reduced training data requirement: AINNs need less data be-
cause algorithmic blueprints constrain network structure—each
neural block learns a well-defined step, enabling focused and
efficient training.
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e Second, enabling error localization and debugging: AINNs enable
precise debugging since each neural block maps to a known
logic block, and block-level monitoring reveals internal states
that pinpoint errors.

3 FUNDAMENTAL CHALLENGES
3.1 Algorithm Grounding

Goal. Algorithms—in forms such as pseudocode, control flows,
or high-level flowcharts—offer a rich inductive bias for building
modular and interpretable neural networks. Our goal is to trans-
late algorithmic blueprints into neural architectures by identifying
and mapping logic blocks to neural blocks. Key challenges include
handling diverse algorithm forms, identifying logical components,
dealing with incomplete specifications, and ensuring fidelity and
observability. We explore two strategies: a top-down approach that
mirrors the algorithm’s structure, and a bottom-up method that
incrementally aligns neural components with logic.

Methodology. To build AINNs, we propose the following method-
ology: (1) Decomposing algorithm forms—addressing the complexity
of diverse algorithm representations (e.g., programs, pseudocode,
flowcharts, and data flow diagrams) by breaking them into logic
blocks, identified through manual annotation, code analysis tools,
or large language models (LLMs); (2) Translating to neural blocks—
converting these logic blocks into neural counterparts, approxi-
mating missing information such as inputs, outputs, and pre/post-
conditions to preserve fidelity to the original algorithm; (3) Explor-
ing construction approaches—employing a bottom-up method that
incrementally replaces logical blocks while preserving structure,
and a top-down method that jointly trains neural blocks, incor-
porating constraints like expected outputs into the loss function;
(4) Ensuring observability and fidelity—using additional encoding
layers and diagnostic tools to monitor latent space relationships,
enabling runtime error detection and ensuring the neural network
adheres to the intended algorithmic behavior.

Incremental Neural Substitution. This approach constructs an
AINN by incrementally replacing logic blocks with neural counter-
parts—a bottom-up strategy suited for cases where intermediate
outputs are unavailable or costly to compute. It trains the neural
blocks using available labels or by minimizing the discrepancy
between the final algorithm output and that of the partially substi-
tuted model. Non-differentiable operations (e.g., sorting or discrete
selection) are handled using differentiable relaxations such as soft
sorting [40] or Sinkhorn normalization [41, 42], or via non-gradient
optimizers [43, 44]. This enables logic-aligned neural behavior even
without explicit supervision and facilitates the discovery of im-
proved algorithmic heuristics.

Block-Wise Joint Training. This approach replaces each logic
block in an algorithm with a neural block and trains them jointly.
For each block k, the neural network Ni (X; 0y) is trained to ap-
proximate the output Y of its corresponding logic block, mini-
mizing a weighted sum of block-level losses: £ = ».7_, AcllYx —
N (Xg; 0k)|lm> where A controls each block’s contribution. This
joint optimization preserves local fidelity and interpretability while

coordinating learning across the entire algorithmic structure for
unified, end-to-end performance improvement.

Invariants. Each neural block in an AINN is constrained by a set
of invariants—conditions that must hold true for its inputs, out-
puts, or intermediate representations throughout execution. Invari-
ants serve as algorithm-informed guardrails that preserve logical
or physical consistency, ensuring the block performs its intended
function. They can express relationships such as monotonicity (e.g.,
scores must remain sorted after a ranking step), boundedness (e.g.,
probabilities in an HMM must sum to one), or conservation (e.g.,
total resource usage in a knapsack block cannot exceed capacity).
Invariants may be directly derived from the guiding algorithm’s
specification, discovered through symbolic or analytical reason-
ing, or implemented as regularization terms during training. By
enforcing these constraints, AINNs maintain structural fidelity to
the algorithm, promote stable learning, and enable interpretable
and verifiable block-level behavior.

3.2 Debuggable Neural Blocks

Goal. Enabling effective debugging is one of the core motivations
for designing algorithm-informed neural networks. Our goal is to
localize the source of errors in AINNs by monitoring the behavior
of individual neural blocks during execution, even in the absence
of intermediate ground-truth outputs. Key challenges include the
difficulty of tracing errors through complex, interconnected blocks,
the exponential number of possible execution paths, and the hidden
nature of internal logic. We explore two core strategies: profil-
ing subnetworks to isolate faults within large neural blocks, and
encoding their activations or intermediate outputs to detect out-of-
distribution behavior for interactive, program-like debugging.

Methodology. To model and monitor neural block behavior, we
propose the following methodology: (1) Selecting subnetworks—
instead of monitoring the entire neural block, which may be pro-
hibitively large, a smaller subnetwork is chosen whose behavior
is sufficient to distinguish between regular and irregular activa-
tion patterns. While this faces challenges such as the exponential
number of possible subsets, it reduces complexity and focuses the
analysis. (2) Profiling and encoding the subnetwork—the selected
subnetwork is profiled using an encoder to produce latent feature
vectors. By collecting data with known ground-truth behavior for
the corresponding logic block, distributions of regular and irregular
patterns are estimated. Out-of-distribution detection techniques are
then applied to distinguish normal from anomalous activations. (3)
Discovering hidden logic within the neural block—when the algorith-
mic logic is unknown but an equivalent neural representation exists,
the goal is to reverse-engineer the embedded logical operations by
inverting the logic-to-neural conversion. (4) Developing a debugging
tool—the complete methodology is packaged into an interactive
diagnostic tool that monitors network behavior, flags anomalies,
and helps isolate, modify, and retrain faulty neural blocks.

Neural Block Monitoring. Neural block behavior can be mon-
itored at inference time to support debugging by identifying the
source of execution errors without requiring ground-truth inter-
mediate outputs. This is achieved through two complementary
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Figure 3: AINN-based fall detection: evaluation results.

strategies. First, the internal activation A of each neural block is en-
coded into a latent feature vector z = E(A), and compared against
a distribution Dyormal built during training or profiling. Out-of-
distribution detection methods flag a neural block as anomalous
when its current activation deviates significantly from expected
patterns. Second, the block’s output 7 is evaluated against known
logical properties P (x, §), such as bounds, monotonicity, or struc-
tural constraints derived from the original algorithm. When vio-
lations occur, they indicate that the error likely originates in or
before the corresponding block.

Error Localization and Debugging. A key advantage of this
approach is its ability to localize faults at the level of individual
neural blocks—unlike existing debugging or interpretability meth-
ods, which focus on final outputs or coarse global patterns. It can
detect “mismatched” cases where the output is correct but inter-
nal activations are anomalous, or vice versa—often signaling frag-
ile generalization, silent failures, or overfitting. By isolating such
anomalies, block-level monitoring provides a powerful new tool
for understanding and improving neural network behavior.

4 EXAMPLE 1 - FALL DETECTOR

Sensing Problem. Fall detection from wearable is a canonical se-
quence—-pattern recognition task: given a time series of accelerome-
ter readings, decide whether a segment contains a fall. It is represen-
tative of broader physical-signal recognition problems—gestures
and daily activities, speech and acoustic events, facial expressions,
and physiological episodes—where temporal sensor streams are
mapped to semantic labels [45-51]. Existing fall-detection systems
increasingly rely on neural networks; in our study, we include
two strong baselines—a bidirectional recurrent neural network
(BRNN) [52] and a multilayer perceptron (MLP) [53]—implemented

Zhenyu Wang, Md Yusuf Sarwar Uddin, and Shahriar Nirjon

under identical model and deployment settings. We then construct
an AINN for the same task and compare against these baselines to
assess accuracy, data efficiency, and interpretability.

Algorithmic Blueprint. We select the Hidden Markov Model (HMM)
as the algorithmic blueprint because fall detection from wearable
accelerometers is inherently sequential, and HMMs provide inter-
pretable state dynamics and principled probabilistic decoding [8].
Concretely, we model two class-specific HMMs (fall vs. non-fall)
with parameters A = (i, A, B) capturing initial state distribution,
state transitions, and emissions [54-56]. Given a sensor sequence
X = (x1,...,x7), the forward algorithm computes class likelihoods
P(X | A); classification follows by comparing these likelihoods.

AINN Construction. Our AINN uses two neural blocks aligned
to the HMM blueprint: (i) an Observation Mapper (windowed ac-
celerometer — latent features), implemented as a lightweight MLP
for low-latency, on-device per-window mapping with few parame-
ters; and (ii) an Emission Estimator (latent features — class/state
emission scores), implemented as a small Transformer to capture
short-/long-range temporal dependencies under tight memory/ run-
time. The HMM forward recursion and final decision remain fixed,
differentiable layers that consume neural emissions.

Invariants are enforced at block I/O: (i) Observation Mapper
outputs are bounded,; (ii) Emission Estimator scores are nonnegative
and simplex-normalized; (iii) state transition probabilities form a
row-stochastic process; (iv) cumulative forward score provides an
approximation of the sequence likelihood along valid paths in log
space —supporting interpretable execution, block-level monitoring,
and error localization.

Training Process. We follow a two-stage procedure using the pre-
trained HMM as a reference. The accelerometer stream is segmented
into ~1s windows (250 samples) and summarized (mean, std, me-
dian of magnitude), then fed to the Observation Mapper (MLP),
trained with final labels to produce task-specific latents. Next, we
freeze the mapper and train the Emission Estimator (small Trans-
former) to approximate emissions while aligning to HMM struc-
ture using a composite loss: £ = Las + ¥ Xpe(fnf) (L (7, #) +
L1(Ay, A,?)), where L is the classification loss, £; is the #; loss,
and y balances regularization. This staged training preserves inter-
pretability while improving accuracy and data efficiency.

Result—Training Efficiency. We evaluate training efficiency us-
ing the publicly available UMAFall dataset [57], which contains
145 fall instances collected from wearable accelerometers. The goal
is to assess whether AINN learns more effectively than typical
neural networks. We compare against two baseline models: a state-
of-the-art fall detection model (BRNN—bidirectional GRU layer
followed by batch normalization and two fully connected layers)
from [52], and an MLP [53] of comparable size to our AINN. All
models are trained on a system with an Intel Core 19-9900K CPU,
32 GB RAM, and an NVIDIA RTX 2080 GPU. We vary the amount
of training data and measure classification accuracy. As shown in
Figure 3 (a), AINN achieves a 12.60%-21.78% accuracy gain over the
baselines using only 6.58% of the training data, while operating with
a 1.67-5.49x smaller model and a 5.72 ms average inference time
on a Google Pixel 6a. This efficiency arises from each neural block
being structurally constrained by the logic of the HMM component
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Figure 5: AINN-based keyword spotting: evaluation results.

it replaces, demonstrating the benefit of algorithm-informed design
for sequence modeling tasks such as fall detection.

Result—Debuggability. The previously trained AINN achieved
near-perfect accuracy (99.21%), leaving little room to observe fail-
ures. To evaluate debuggability, we train a reduced version with
fewer iterations, yielding a lower accuracy of 84.51%. Encoders are
attached to the Observation Mapper and Emission Estimator to
monitor their internal behaviors. Each encoder outputs a scalar
logit, and together the two logits form a 2D representation of the
network’s execution for each input sequence. As shown in Fig-
ure 3 (b), each execution is plotted as a point colored by correctness
(blue for correct, red for incorrect), with a linear decision boundary
separating anomalous executions at 98.95% accuracy. The boundary
corresponds to a zero decision threshold (p = 0.5 after sigmoid),
the standard equal-odds point in binary classification [58].

Because the boundary is a weighted sum of encoder logits, the
sign and magnitude of each weighted logit indicate which block
contributes most to an error. For example, a dominant positive logit
from the emission encoder identifies the Emission Estimator as the
likely source. This enables AINN to localize faults without ground
truth, facilitating targeted and interpretable debugging.

5 EXAMPLE 2 - KEYWORD SPOTTER

Sensing Problem. Keyword spotting (KWS) from short speech ut-
terances is a canonical sequence—pattern recognition task: given a
time series of acoustic features, decide whether a segment contains
a target keyword (e.g., “yes”, “stop”, or“Alexa”). It is representative
of broader acoustic-signal recognition problems—phoneme and
word recognition, wake-word detection, speaker identification, and
environmental sound classification—where temporal audio streams
are mapped to semantic labels [59-61]. Existing KWS systems in-
creasingly rely on neural networks; in our study, we include a
strong state-of-the-art baseline [62] implemented under identical
model and deployment settings. We then construct an AINN for

the same task and compare against this baseline to assess accuracy,
robustness to temporal misalignment, and interpretability.

Algorithmic Blueprint. Each keyword class k € {1, ..., S} is rep-
resented by a small set of Ry reference utterances {P]" € RUXFY,
each with a temporal length of U and F acoustic features. Given
a query utterance x with temporal length of T, we compute its
similarity to all references and classify it using a K-nearest neigh-
bors [38] rule § = argming KNN({D(x, P")}), where D(x, P")
measures dissimilarity. The distance D(-, ) is computed via Dy-
namic Time Warping (DTW) [37], which aligns two sequences
that differ in length or speaking rate. For each pair of frames,
DTW accumulates a minimal path cost DP[t,u] = d(x, py) +
min g p)e{(-1,0),(0,-1),(=1,-1)} DP[t + a,u + b], where d(-, ") is the
frame-level distance. The final cost D(x, P}") = DP[T, U] quanti-
fies the optimal temporal alignment.

AINN Construction. The AINN mirrors the DTW-KNN algorithm
through three neural blocks—Cost Estimator, Dynamic Programmer,
and Score Aggregator—each corresponding to a key computation in
the algorithmic blueprint. The Cost Estimator is a temporal CNN

(Conv1D) encoder with a cosine—bilinear (Siamese-style) matcher
that computes pairwise similarities between latent query and refer-

ence frame embeddings. It is applied R X T X U times per utterance
(via a single einsum operation) to produce the local cost matrices
C € R™U and Cy € RR*TXU  which serves as neural analogs of
DTW’s cost matrix, where R = S X R.. The Dynamic Programmer is
a compact feedforward network (layer normalization + two dense
layers) that learns a differentiable soft-min operation over three
neighboring cells to emulate DTW’s recursive update rule. It is ap-
plied to every cell of each cost matrix—T X U times per reference—to
construct the accumulated alignment cost matrix DP € RT*V cap-
turing the minimal path costs across all time steps. The Score Ag-
gregator—a differentiable sorting selector (TorchSort [63]) followed
by an MLP head—softly ranks the reference sequences by their
final alignment scores and aggregates the top-K alignment scores
into class-level logits, corresponding to the reference selection and
voting step of the DTW-KNN algorithm.

Invariants are imposed at the inputs and outputs of each block
to preserve algorithmic fidelity and interpretability: (i) distance
measurement preserves the commutative property; (ii) the dynamic
programmer maintains cumulative cost evolution ensuring opti-
mal substructure; (iii) score aggregation preserves class-level inter-
pretability through explicit, focused score decomposition.

Training Process. All three neural blocks are trained jointly in
an end-to-end manner, allowing alignment and classification to co-
adapt without intermediate supervision. The Cost Estimator and Dy-
namic Programmer learn alignment structures guided solely by the
final task loss. Training uses a composite objective: cross-entropy
between predicted and ground-truth labels plus a regularization
term on the Cost Estimator’s distance computation to stabilize
similarity learning and reduce overfitting.

Result—Training Efficiency. Figure 5(a) compares AINN and
the baseline model [62] on the GSC dataset [64] across different
training set sizes. All models are trained on a cluster node with Intel
Xeon Platinum 8470 and NVIDIA H100 GPU. AINN achieves up to
7.75% higher accuracy using only half of the training data while
maintaining a 46.16x smaller model and real-time inference (0.14



s) on a Google Pixel 6a. The results demonstrate that algorithm-
informed initialization and structural constraints lead to more data-
efficient learning without sacrificing performance.

Result—Debuggability. We evaluate AINN’s debuggability by
analyzing whether block-level behaviors can reveal the source of
prediction errors. To make such failures observable, we train the
AINN for fewer iterations, achieving a lower accuracy of 64.38%.

Figure 5 (b) illustrates the Dynamic Programmer’s learned soft-
min relation between its predicted update and the true minimum of
neighboring DP cells. The two remain highly correlated along the
diagonal during normal execution, while deviations mark faulty
or unstable updates, allowing detection of numerical or structural
errors within this block.

To localize errors among the other neural blocks, we attach light-
weight encoders to the Cost Estimator and Score Aggregator to moni-
tor hidden activations. Each encoder projects its block’s activity into
a 2D feature space; as shown in Figure 5 (c), normal and anomalous
executions form clusters. A linear boundary classifies anomalous
executions with 77.38% accuracy. The boundary’s weighted com-
ponents further indicate which block contributes most to an error,
enabling AINN to identify the faulty module without ground-truth
supervision and supporting interpretable, block-level debugging.

6 DISCUSSION

Algorithmic Blueprint. A well-chosen blueprint can improve
training efficiency by injecting task-specific rules that general net-
works struggle to learn from data alone. Gains arise when blocks
are aligned with specific algorithmic roles, which narrows the hy-
pothesis space and introduces strong inductive bias. Conversely, a
misleading algorithm or an overly broad/mis-specified logic block
will limit performance and negate training-efficiency advantages.

Classic Algorithm Instead of AINN. Classical algorithms are
rigid: they work well when their assumptions hold but often under-
perform on noisy sensor data. AINNs add learnable capacity where
rules are useful yet inexact, while the algorithmic scaffold preserves
structure, interpretability, and block-level debugging. As a seminal
vision, the AINNs described in this paper convert known algorithms
to demonstrate gains in training efficiency and debuggability, es-
tablishing design principles before tackling harder problems with
no exact algorithm or with NP-hard structure (e.g., approximation
under violated assumptions).

Granularity of Error Localization. The AINNs presented here
do not target fine-grained (e.g., neuron-level) error localization. In-
stead, they elevate explanation to algorithm-mapped neural blocks,
enabling block-level tracing and fault localization—capabilities that
a single end-to-end network does not provide. Advancing toward
finer-grained localization within and across blocks, while preserv-
ing algorithmic interpretability, is an important future direction.

7 RELATED WORK

PINNs and Neuro-Symbolic Systems. Like PINNs, AINN blocks
can incorporate constraint terms, but AINNs go further by encod-
ing discrete algorithmic invariants (not only PDE residuals) and

executing within a modular, typed scaffold that supports step-wise
tracing and fault localization. Unlike neuro-symbolic hybrids that

Zhenyu Wang, Md Yusuf Sarwar Uddin, and Shahriar Nirjon

couple symbolic reasoning with neural modules, AINNs are fully
neural yet guided by classical algorithms as inductive blueprints;
bottom-up substitution can yield hybrids where some components
remain algorithmic for efficiency or reliability, complementing and
extending neuro-symbolic approaches. AINNs also differ from prior
modular or concept-bottleneck designs that introduce structure
without aligning to an algorithmic trace [65], and from neural al-
gorithmic reasoning [66] or differentiable operators [67], which
emphasize learned operators but provide limited visibility into
intermediate computations. Finally, AINNs employ block-level mon-
itors, enabling automatic fault detection and localization without
additional intermediate labels.

Algorithmic Reasoning and Interpretability. Work in explain-
able AI [29, 68] improves visualization and interpretation of pre-
dictions but lacks logic-based, step-wise understanding akin to
algorithms. Neuro-symbolic systems [36, 69] integrate logic with
learning yet face scalability and sequential-reasoning challenges.
Neural algorithmic reasoning [70, 71] simulates algorithmic be-
havior but offers limited flexible traceability. Differentiable pro-
gramming [72] enables gradients through programmatic structures
but struggles with mutable state and control flow. Function-based
interpretability [73] provides mathematical transparency without
algorithmic grounding. These limitations motivate embedding al-
gorithmic logic within neural networks for structured, traceable,
and data-efficient reasoning.

Subnetwork Debugging and Anomaly Detection. Tools like
TensorBoard [74] and DeepVis [75] offer global insights but lack
granularity for subnetwork anomaly localization. Subnetwork se-
lection methods—from pruning [76, 77] to quantum [78] and policy-
based approaches [79]—target optimization rather than anomaly
detection. Cost-efficient fusion and block selection for transfer
learning or on-device inference [80-82] do not surface latent anom-
alies. OOD detection [83-87] flags abnormal inputs but not irregu-
lar activations inside blocks. Rule extraction [88, 89] and symbolic
regression [90, 91] provide structural understanding yet struggle
to scale or reverse-engineer hidden logic—highlighting a gap in
subnetwork-level anomaly detection and interpretability.

8 CONCLUSION AND FUTURE DIRECTIONS

This paper presents Algorithm-Informed Neural Networks (AINNs)
as a seminal framework that embeds algorithmic structure within
neural models to achieve interpretable, modular, and debuggable
learning. We addressed two core challenges—construction and de-
bugging—and demonstrated AINNSs for two sensing problems, show-
ing how algorithmic blueprints narrow hypothesis space, enable
block-level monitoring, and support fault localization. While these
results establish the viability of AINNs, they also expose key limi-
tations and opportunities for improving reliability, scalability, sam-
ple/data efficiency, verifiability, and deployability. The open-source
implementation of AINN is available at [92].

Open Problems. Many open problems remain and call for new re-
search to make AINNs more reliable, scalable, efficient, verifiable, and
broadly applicable: (i) algorithmic foundations & theory—formalize
logic blocks, select decomposition granularity, and map control
flow (loops, recursion, conditionals) to neural counterparts with
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provable correctness and traceability; (ii) automation & compil-
ers—automate block discovery and translation via compiler analy-
ses, program synthesis, and LLM-assisted tooling; devise compiler-
inspired methods to reverse-engineer learned blocks into reusable
components; (iii) anomaly detection & debugging—improve detec-
tion accuracy with scalable subnetwork selection, principled statis-
tics, and OOD reasoning; build tools that surface irregular within-
block activations and support iterative diagnosis; (iv) invariant
extraction & verification—derive block-level invariants from speci-
fications; use symbolic regression and logic-based verification for
runtime monitoring and formal guarantees; (v) scalability, edge, &
generalizability—maintain algorithmic structure at scale for LLMs
and generative systems [93-116]; identify practicality thresholds
and exploit parallel/distributed training, accelerators, block merg-
ing, and NAS for lightweight edge deployments; (vi) causal and
hybrid reasoning—formalize a taxonomy mapping algorithmic prim-
itives to neural analogs to standardize block decomposition; embed
causal and counterfactual reasoning in AINNSs for proactive fault
prevention and stronger interpretability; (vii) applications—pursue
domains where interpretability and traceability are essential (drug
discovery [117], healthcare decision-making [118], finance [119],
robotics [120], intelligent transportation [121]) to stress-test AINNs
and refine design principles.
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