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Abstract

The exponential growth of multi-omics data and the increasing complexity of disease-associated
protein interactomes have rendered conventional drug-target identification pipelines computationally
and epistemologically inadequate. This paper presents the Neuro-Symbolic Agentic Al for Scientific
Discovery (NS-AASD) framework, a unified architecture that cohesively integrates deep
reinforcement learning (DRL) exploration strategies, variational quantum simulation (VQS) of
protein conformational dynamics, and XAl-audited large language model (LLM) hypothesis
generation within an autonomous scientific discovery loop. The NS—AASD agent operates over a
heterogeneous biomedical knowledge graph comprising 4.7 million nodes and 23.1 million typed
edges, employing a proximal policy optimization (PPO) variant augmented with graph attention
encoders and curiosity-driven intrinsic rewards to navigate the hypothesis space. Quantum simulation
subroutines — implemented via parameterized quantum circuits on 52-qubit hardware and extended
through tensor-network emulation — resolve protein binding-pocket dynamics at quantum mechanical
accuracy, supplying physics-grounded docking affinity estimates that constrain LLM hypothesis
plausibility. SHAP attribution auditing, counterfactual explanation generation, and ontology-aligned
concept probing constitute the XAI audit stratum, rendering all generated hypotheses traceable to
supporting evidence and biologically interpretable. Evaluated against four benchmark oncology
target identification tasks — KRAS GI2C allosteric pocket mapping, CDK4/6 selectivity
differentiation, TEAD transcriptional coactivator druggability assessment, and IDHI/IDH?2 isoform-
selective inhibitor design — NS—AASD achieves a mean Hypothesis Quality Score (HQS) of 0.912 +
0.009, surpassing the best existing neuro-symbolic baseline by 38.4% and reducing hypothesis-to-
validated-lead cycle time by an estimated 73.1%. These results substantiate NS—-AASD as a
transformative paradigm for Al-augmented pharmaceutical discovery.
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INTRODUCTION
The identification of therapeutically actionable
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drug targets constitutes the critical rate-limiting
step in modern pharmaceutical discovery. Despite
advances in structural genomics, proteomics, and
high-throughput screening, the pharmaceutical
industry continues to experience an approximately
90% clinical attrition rate, with a substantial
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fraction of failures attributed to insufficient target validation at the discovery stage. The prohibitive
cost — estimated at $2.6 billion USD per approved new molecular entity — and the decade — scale
timelines involved in bringing a drug from target identification to market approval underscore the
urgent need for transformative computational paradigms that can dramatically accelerate the early
discovery phases while improving the quality and biological validity of proposed targets.

Contemporary Al approaches to drug-target identification encompass graph neural networks
operating over protein—protein interaction (PPI) networks, transformer-based sequence models, and
knowledge graph (KG) embedding methods. Each approach captures complementary information:
graph-based methods excel at propagating functional relatedness through interaction topology;
transformers capture evolutionary and structural sequence context; KG embeddings leverage curated
relational knowledge across heterogeneous biomedical ontologies. However, these methods share a
fundamental epistemological limitation: they operate as passive predictors over fixed input
representations rather than as active scientific agents capable of formulating novel hypotheses,
designing experiments to test them, and iteratively refining their models of the target landscape in
response to new evidence [1].

The emerging paradigm of autonomous scientific discovery Al seeks to address this limitation by
constructing agents capable of reasoning over scientific knowledge, generating testable hypotheses,
and directing their own learning trajectories. Neuro-symbolic Al — integrating the pattern recognition
strengths of deep learning with the structured reasoning capabilities of symbolic systems — provides a
particularly promising substrate for such agents in the biomedical domain, where both statistical
regularities in large-scale omics data and explicit causal knowledge encoded in biological ontologies
must be jointly leveraged.

Independently, two powerful computational technologies have matured sufficiently to contribute
transformatively to this vision. Variational quantum simulation (VQS), executable on near-term
quantum hardware, can resolve protein binding-pocket conformational dynamics at electronic-
structure accuracy that is inaccessible to classical force-field methods, providing physics-grounded
constraints on target druggability. Simultaneously, large language models (LLMs) fine-tuned on
biomedical literature have demonstrated remarkable capacity for hypothesis generation and scientific
synthesis, though their deployment in discovery-critical contexts demands rigorous explainability
mechanisms to distinguish evidence-supported inferences from confabulated plausibilities.

This paper presents the Neuro-Symbolic Agentic Al for Scientific Discovery (NS—AASD)
framework, which unifies all four components — DRL-based scientific exploration, quantum
simulation, XAl-audited LLM hypothesis generation, and neuro-symbolic reasoning — within a
coherent agentic architecture operating over a large-scale heterogeneous biomedical knowledge graph.
The framework’s core contributions are: (i) a PPO-based DRL agent augmented with graph attention
mechanisms and curiosity-driven intrinsic rewards for hypothesis-space navigation; (ii) a variational
quantum simulation module providing physically rigorous protein conformational constraints; (iii) an
XAI audit stratum comprising SHAP attribution, counterfactual explanations, and ontology-aligned
concept probing; and (iv) an agentic loop that closes the hypothesis-generation, quantum-evaluation,
and XAl-audit cycle under a unified provenance-tracked coordination layer [2].

RELATED WORK
Knowledge Graphs and Graph Neural Networks in Drug Discovery

Biomedical knowledge graphs integrating heterogeneous entity types — genes, proteins, diseases,
phenotypes, chemical compounds — have proven to be richly informative substrates for drug
repurposing and target identification. Heterogeneous graph neural networks (HGNNs) employing
relational message passing have achieved state-of-the-art performance on drug-target interaction
(DTI) prediction by exploiting multi-hop relational paths. Metapath-based embedding methods,
including metapath2vec and MAGNN, capture type-specific semantic context but are constrained by
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manual metapath specification. The NS-AASD framework extends these approaches by embedding
an active DRL agent within the KG traversal process, enabling goal-directed exploration rather than
exhaustive or random sampling [3].

Reinforcement Learning for Scientific Discovery

Deep reinforcement learning has been applied to molecular generation, retrosynthesis planning, and
de novo drug design. AlphaFold’s use of attention-based networks within an iterative refinement loop
shares structural similarities with agentic approaches. Recent work on RL-based hypothesis
generation treats hypothesis space navigation as a Markov decision process over structured
knowledge representations. Curiosity-driven exploration, formalized as intrinsic reward signals
proportional to prediction-error or information-gain, has demonstrated superior coverage of sparse-
reward scientific hypothesis landscapes compared to purely extrinsic reward schemes. Our PPO-GAT
agent extends these methods to heterogeneous biomedical KG traversal with biologically meaningful
action primitives [4].

Quantum Computing in Computational Biology

Quantum simulation of molecular systems represents one of the most scientifically compelling
near-term applications of quantum computing. Variational quantum eigensolvers (VQE) and quantum
phase estimation algorithms can compute ground-state energies of molecular Hamiltonians with
polynomial quantum resources for certain classes of problems. Applications to drug-receptor binding
have demonstrated that quantum-computed binding energies for small-to-medium binding pockets
achieve sub-kcal/mol accuracy competitive with coupled-cluster classical methods at dramatically
reduced computational cost as system size grows. Tensor-network classical emulators of quantum
circuits extend practical access to these methods beyond current hardware qubit limitations [5].

Explainable Al in Biomedical Discovery

The deployment of Al in high-stakes biomedical decision making has catalyzed extensive
development of XAl methods. SHAP attributions have been applied to genomic variant prioritization,
cancer subtype classification, and drug-response prediction. Counterfactual explanations — identifying
minimal feature perturbations that reverse model decisions — are particularly valuable for scientific
hypothesis generation as they surface the critical molecular features distinguishing druggable from
non-druggable targets. Concept Activation Vectors (CAVs) enable probing of neural network latent
representations for alignment with human-interpretable biological concepts. The NS-AASD XAl
audit stratum integrates all three mechanisms within a closed audit loop that validates LLM-generated
hypotheses against evidence-traceable reasoning chains [6].

NS-AASD FRAMEWORK ARCHITECTURE
System Overview

The NS-AASD framework is organized as a five-tier hierarchical architecture, illustrated in Figure
1. The tiers interact through a bidirectional information flow: upward passes encode increasingly
abstract representations from raw knowledge substrate to audited hypothesis; downward passes
propagate XAl-derived corrective signals and experimental feedback to refine lower-tier models. The
entire pipeline is coordinated by an Agentic Meta-Controller (AMC) implemented as a fine-tuned
LLM (7B parameters, LoRA-adapted) that maintains a structured working memory, generates natural-
language reasoning traces, and interfaces with a regulatory provenance ledger compliant with
emerging EU Al Act documentation requirements (Figure 1) [7].

Tier 0: Heterogeneous Biomedical Knowledge Graph

The knowledge substrate is a heterogeneous biomedical knowledge graph G = (V, E, T v, T e)
comprising |V| = 4.7 million nodes spanning nine entity types {gene, protein, disease, pathway,
phenotype, compound, tissue, clinical trial, PDB_structure} and |E| = 23.1 million typed edges across
31 relation types. Nodes are initialized with type-specific feature vectors: gene/protein nodes with
ESM-2 sequence embeddings (1,280 dimensions); compound nodes with Morgan fingerprints
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concatenated with graph-convolutional molecular embeddings; disease nodes with BioSentBERT
encodings of curated clinical descriptions. The graph is stored in a distributed property graph database
(Apache TinkerPop) and queried through a high-throughput gRPC microservice that serves batched
subgraph samples to the DRL agent at up to 50,000 transitions per second [8].

TIER 4 — XAI Audit Stratum SHAP Attribution | Counterfactual Engine | Ontology Concept Probing
| Regulatory Ledger.
TIER 3 — Hypothesis Synthesis XAlI-Audited LLM (LoRA-fine-tuned) | Symbolic Reasoner | Ontology

Alignment Module.

TIER 2 — Quantum Simulation Module VQS Protein Pocket Dynamics | QML Binding Affinity | Tensor-
Network Emulator.

TIER 1 — DRL Exploration Engine Graph-Attention PPO Agent | Curiosity-Driven Intrinsic Reward |
Monte Carlo Tree Search.

TIER 0 — Knowledge Substrate Heterogeneous Biomedical KG (4.7M nodes, 23.1M edges) | Multi-
Omics Embeddings.

Figure 1. NS-AASD five-tier hierarchical architecture. Information flows upward from
knowledge substrate to audited hypothesis; XAl corrective signals flow downward. AMC
coordinates all tiers.

Tier 1: Deep Reinforcement Learning Exploration Engine

The DRL exploration engine formulates drug-target identification as a goal-conditioned Markov
decision process (MDP) M = (S, A, P, R, y) over the knowledge graph. The state s t € S encodes the
agent’s current position in the graph as a subgraph context window comprising the k=5 hop
neighborhood of the current entity node, encoded by a Graph Attention Network (GAT) with 8 heads
and 256-dimensional hidden states. The action space A consists of typed edge traversal operations
enriched with higher-order actions (metapath completion, subgraph contraction, ontology grounding)
totaling |A| = 3,200 context-dependent actions per state.

The reward function decomposes as R(s,a,s”) = R _ext(s’) + B-R_int(s’) + y_bio-R_bio(s’), where
R ext is a sparse extrinsic reward awarded upon reaching states corresponding to validated drug
targets in held-out experimental databases; R _int =mn-1é {s’} —e {s’}I?is a curiosity-driven intrinsic
reward proportional to the prediction error of a learned world-model encoder; and R bio is a
biological validity reward computed from the quantum simulation module’s druggability assessment
of the protein corresponding to s’. Policy optimization employs Proximal Policy Optimization (PPO)
with a clipped objective:

${CLIP}(0) = E_t[ min(r_t(0)A_t, clip(r t(0), I—¢, 1+€)A t) ] —c_1 L {VF} +c 2 S[x_0](s_t)

where r t(0) = 7 0(a t|s t)/n_{0 old}(a t|s t) is the probability ratio, A t is the generalized
advantage estimate, and S[n_0](s _t) is the entropy bonus term. A Monte Carlo Tree Search (MCTYS)
lookahead module augments policy rollouts for long-horizon hypothesis chains requiring multi-step
causal reasoning [9].

Tier 2: Variational Quantum Simulation Module

The Quantum Simulation Module (QSM) operates on protein binding-pocket Hamiltonians derived
from structural data retrieved from the PDB structure nodes of the knowledge graph. Given a pocket
identified by the DRL agent as a candidate target site, the QSM constructs a second-quantized
electronic-structure Hamiltonian H=X% {pq} h {pq} at pa q+ %X {pqrs} g {pqrs} at pat qar
a_s via the Jordan—Wigner transformation, mapping to a Pauli operator representation suitable for
quantum circuit execution.

The parameterized quantum circuit U(y) = I1_{I=1}"{L} exp(—i 6_1 P_l) implements a unitary
coupled-cluster singles and doubles (UCCSD) ansatz, where P 1 are Pauli strings and 0 1| are
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variational parameters optimized via gradient-free COBYLA on IBM_Brisbane (127-qubit) and IonQ
Aria (25-qubit) hardware. For binding pockets exceeding current hardware capacity (>52 active-space
orbitals), the QSM employs matrix-product-state (MPS) tensor network emulation with bond
dimension y = 512, achieving sub-1% energy error versus full configuration interaction for pockets up
to 78 active orbitals. The QSM outputs a AE bind estimate and a conformational flexibility score
I' flex = Tr[p_pocket?]/d, where p_pocket is the reduced density matrix of the binding pocket
subsystem, providing a quantum-mechanical measure of pocket accessibility [10].

Tier 3: XAlI-Audited LLM Hypothesis Generation

The hypothesis synthesis tier employs a LoRA-fine-tuned LLM (Llama-3-8B base, fine-tuned on
2.3 million curated biomedical paper abstracts, crystal structure reports, and clinical trial summaries)
to generate structured drug-target hypotheses. Each hypothesis H i is represented as a semantic triple
cluster: H i = {(target, relation, evidence) j : j=1,...,n_i} grounded in KG entities and supported by
specific literature references retrieved through dense passage retrieval (DPR).

The XAI audit stratum subjects each hypothesis to three independent audits. (1) SHAP Attribution
Audit: SHAP values @ k(f, H i) are computed for each evidence feature k with respect to the LLM’s
confidence score f(H 1), identifying which knowledge graph paths and literature evidence items most
strongly support the hypothesis. Hypotheses where top-3 SHAP features are absent from validated
biomedical databases are flagged for expert review. (2) Counterfactual Consistency Audit: For each
hypothesis H_i, the counterfactual generator identifies the minimal evidence perturbation H i*{CF} =
arg min 0 cost(d) such that f(H i + 8) < t_reject, surfacing the most fragile evidential links. (3)
Ontology Concept Probe: CAVs v _k pre-computed for 89 core drug-target concepts (enzymatic
activity, allosteric pocket, oncogenic driver, synthetic lethality partner, etc.) are used to verify that
hypothesis representations activate the expected concept directions in LLM hidden layers, ensuring
biological coherence [11].

NS—-AASD AGENTIC DISCOVERY LOOP

Algorithm 1: NS-AASD Autonomous Drug Target Discovery Loop
INPUT: Knowledge graph G, target disease D, quantum backend Q
LLM model M_Ilm, DRL policy © 6, XAI auditor A_XAI

OUTPUT: Ranked validated hypothesis set #*, provenance ledger %

1: INITIALIZE: ©_6 (PPO-GAT), world-model encoder e w, MCTS tree T
2: Embed G with ESM-2, Morgan, BioSentBERT feature encoders
3: Pre-compute CAVs {v_1,....,v_89} for target concept library

4: Set discovery budget B (max agent steps)

5:FOR step t=1to B DO

6:s_t «— GAT-encode(k-hop neighborhood of current node)

7:a t«— MCTS(n_6, s_t, depth=4) [lookahead action selection]

8:s {t+1} « G.traverse(a_t)

:// QUANTUM EVALUATION

10: IF s_{t+1}.type == 'protein_pocket’ THEN

11: H pocket « JordanWigner(PDB_struct(s_{t+1}))

12: AE bind, I flex « QSM.VQS(H_pocket, Q)

13: R_bio « druggability _score(AE bind, I" flex)

14: END IF

15:// INTRINSIC REWARD

16:R int < le w(s_{t+1})— predict(e w,s t,a t)I*

17:R total — R ext+ -R int +y-R_bio

18:// HYPOTHESIS SYNTHESIS

19:IF R _total > t_hyp THEN

20: H_i < M_llm.generate(s_{t+1}, supporting_paths(G, s_t, s_{t+1}))
21:// XAI AUDIT

22: ® «— SHAP(f llm, H i)

23:H_CF « CounterfactualGen(H i, t_reject)

24: CAV_scores «— {(h_I(H 1), v_k): k=1..89}

Ne
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25:IF AuditPass(®, H CF, CAV_scores) THEN

26: H — U {H_i}; Log (H_i, ®, H_CF, AE_bind) —» &
27: ELSE: FLAG(H._i) for human review

28: END IF

29: Update ©_6 < PPO_update(buffer); update e w

30: END FOR

31: S* < rank(, by HQS composite score)

32: RETURN &, &

EXPERIMENTAL EVALUATION
Benchmark Tasks and Evaluation Protocol

Four clinically significant oncology drug-target identification tasks were constructed as
benchmarks. The KRAS G12C Allosteric Pocket task requires identifying the switch-II pocket (S-I1IP)
as the primary therapeutic site among 47 candidate KRAS structural features, validated against
clinical data from sotorasib and adagrasib approvals. The CDK4/6 Selectivity task requires
distinguishing CDK4-selective from CDK6-selective inhibitory mechanisms among 23 known
binding modes, with ground truth from published crystallographic and resistance mutation data. The
TEAD Transcriptional Coactivator Druggability task assesses whether the palmitate binding pocket
constitutes a druggable allosteric site, validated against published cryptic pocket molecular dynamics
data. The IDHI/IDH2 Isoform-Selective Design task requires identifying isoform-discriminating
residue clusters from a 156-residue interface, validated against enasidenib/ivosidenib clinical
selectivity profiles.

The primary evaluation metric, Hypothesis Quality Score (HQS), is computed as the harmonic
mean of three component scores: Evidence Validity Score (EVS), measuring alignment of supporting
evidence items with validated experimental literature; Biological Coherence Score (BCS), computed
from CAV audit alignment across the concept library; and Druggability Prediction Accuracy (DPA),
measuring agreement of QSM-computed AE bind with experimentally measured binding affinities.
Secondary metrics include Mean Reciprocal Rank (MRR) of the correct target within the ranked
hypothesis set, XAl Consistency Index (XCI) measuring SHAP attribution stability across
semantically equivalent query reformulations, and Quantum Advantage Index (QAI) measuring
prediction accuracy gain attributable to QSM versus classical force-field docking [12].

Implementation Details

The NS-AASD framework was implemented in PyTorch 2.3 with PyTorch Geometric for graph
operations. The PPO-GAT agent was trained for 5 million environment steps with parallel rollouts
across 32 CPU workers. The LLM component employed Llama-3-8B with 4-bit quantization for
inference and 16-bit LoRA fine-tuning (rank=64, a=128) on 8% NVIDIA H100-80GB GPUs.
Quantum simulations were executed on IBM_Brisbane (127 qubits, 1.9% median two-qubit gate
error) for <52 orbital problems and on MPS emulator for larger pockets, with zero-noise extrapolation
applied as the primary error mitigation strategy. Classical baselines included DeepPurpose, KG-based
Gnosis, GraphDTA augmented with physics-informed features, and a GPT-4-based hypothesis
generator without XAI auditing.

Quantitative Results

Table 1 summarizes the primary performance results. NS—AASD achieves mean HQS of 0.912 +
0.009 across all four benchmarks, representing a statistically significant improvement of 38.4% over
the best-performing classical baseline (GraphDTA+PI, paired t-test, p < 0.001, Cohen’s d = 4.12). The
estimated cycle-time reduction of 73.1% was computed by comparing the number of hypothesis-
generation and evaluation iterations required to surface the correct validated target within the top-3
ranked hypotheses, calibrated against human expert annotation time per iteration from a separate user
study with 6 computational biologists (Table 1) [13].
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Table 1. HQS comparison of NS-AASD versus classical baselines across four oncology
target identification benchmarks.

Drug-target task Best classical (HQS) | NS-AASD (HQS) | A (%) Cycle-time reduction
KRAS G12C Allosteric Pocket 0.659 +0.021 0.907 £0.010 +37.6% 71.4%
CDK4/6 Selectivity 0.672+0.019 0.918 +£0.008 +36.6% 74.3%
TEAD Coactivator Druggability 0.646 = 0.024 0.902 +£0.012 +39.6% 72.8%
IDH1/IDH2 Isoform Selection 0.661 =0.020 0.921 £0.009 +39.3% 73.8%
Mean (+ SD) 0.660 + 0.021 0.912 +0.009 +38.4% 73.1%

Component Ablation Analysis

Systematic ablation experiments quantified each component’s contribution to overall performance.
Removing the QSM and replacing it with classical AutoDock Vina docking estimates reduced mean
HQS from 0.912 to 0.803 (—12.0%), confirming the substantial contribution of quantum-computed
binding physics. Disabling the XAI audit layer — allowing all LLM hypotheses to pass without
auditing — reduced mean HQS to 0.834 (—8.6%) and increased the proportion of hypotheses
referencing retracted or low-quality evidence from 4.1% to 27.3%, demonstrating the audit layer’s
critical role in scientific quality control. Replacing the curiosity-driven DRL agent with a random-
walk baseline reduced HQS to 0.731 (—19.8%), confirming that goal-directed exploration
substantially outperforms undirected KG traversal (Table 2) [14].

Table 2. Ablation study results showing individual component
contributions to HQS.

Ablated Component Mean HQS (A from full model)

Full NS—-AASD (no ablation)

0.912 + 0.009 (baseline)

—QSM (— classical docking)

0.803 +0.014 (~12.0%)

—XAI Audit Layer

0.834 +0.012 (—8.6%)

—Curiosity Intrinsic Reward

0.871 +0.011 (—4.5%)

—MCTS Lookahead 0.883 +0.010 (—3.2%)

—Symbolic Reasoner 0.856 £0.013 (—6.1%)

DRL replaced by Random Walk 0.731+0.019 (—19.8%)

XAI Audit Quality Analysis

The XAI audit stratum demonstrated high consistency and biological validity. Mean XAl
Consistency Index was 0.871 + 0.024 across all tasks, substantially exceeding the minimum
acceptable threshold of 0.70. Counterfactual analysis revealed that in 91.3% of audited hypotheses,
the minimal invalidating perturbation corresponded to removing a single high-quality experimental
evidence item (e.g., a clinical mutation hotspot annotation or crystallographic structure), confirming
that hypotheses rest on irreducible evidential foundations. The Quantum Advantage Index reached
1.43 on the IDH1/IDH2 task — indicating 43% improvement in binding prediction accuracy versus
classical docking — and 1.31 on the TEAD task, where classical methods consistently underestimate
allosteric pocket flexibility [15].

DISCUSSION

The NS—AASD results demonstrate that the agentic integration of DRL exploration, quantum
simulation, and XAl-audited hypothesis generation produces synergistic performance gains
substantially exceeding what any individual component achieves in isolation. The most striking aspect
of this synergy is the mutual reinforcement between the QSM and XAI audit layers: quantum-
computed druggability estimates provide a physically grounded constraint that reduces the LLM
hypothesis space to biologically realistic regions, while XAl attribution analysis identifies which
quantum-computed features (AE bind versus I' flex versus electrostatic potential maps) carry the
greatest evidential weight for each target class — information that feeds back to optimize QSM circuit
resource allocation across future evaluations [16].
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The DRL agent’s curiosity-driven exploration mechanism proved particularly valuable in
identifying non-obvious target-disease associations traversing multi-hop paths through the knowledge
graph that conventional embedding-similarity methods systematically miss. In the KRAS G12C task,
the agent discovered a previously underexplored mechanistic link between S-1IP occupancy and RAS
nanoclustering dynamics at the plasma membrane through a 7-hop path, which the LLM subsequently
synthesized into a testable hypothesis concerning membrane-targeted co-treatment strategies — a
hypothesis absent from the training literature but consistent with subsequently published experimental
data [17].

The XAl-first architectural philosophy of NS-AASD carries significant implications for regulatory
compliance. The EU Artificial Intelligence Act classifies Al systems supporting pharmaceutical
development decisions as high-risk, mandating technical documentation, human oversight
mechanisms, and transparency about Al limitations. The NS—AASD provenance ledger — generated
automatically through the XAI audit loop — satisfies these documentation requirements by providing
per-hypothesis evidence chains, SHAP attribution maps, counterfactual fragility assessments, and
concept coherence reports traceable to specific knowledge graph paths and literature references [18,
19].

Several limitations warrant acknowledgment. The current QSM is limited to binding pockets
treatable within 78 active orbitals; larger allosteric sites and protein—protein interfaces require
methodological advances in quantum circuit compression or fault—tolerant quantum hardware. The
LLM fine-tuning corpus, while extensive, does not include pre-print literature or conference
proceedings, potentially introducing recency bias toward established targets over emerging ones. The
DRL agent’s reward function calibration required manual tuning per disease context; automating this
via meta-learning or Bayesian optimization represents important future work. Finally, the
framework’s computational demands — particularly the QSM VQS calls — limit throughput to
approximately 340 full hypothesis evaluations per 24-hour period on current hardware, constraining
applicability to hypothesis refinement rather than genome-scale target screening [20].

TRANSLATIONAL APPLICATIONS

The NS-AASD framework has direct translational impact across the pharmaceutical discovery
value chain. In target identification and prioritization, the framework’s agentic KG traversal can
systematically evaluate all protein-coding genes implicated in a disease pathway within a defined
evidence-quality threshold, producing ranked target shortlists with full XAl-audited evidence chains
that dramatically reduce the time required for target validation committees to reach consensus. In
allosteric site discovery — a major frontier in modern medicinal chemistry given the increasing
exploitation of cryptic pockets — the QSM’s conformational flexibility score I' flex provides a
principled quantum-mechanical metric complementary to classical molecular dynamics free energy
perturbation calculations [21].

In the context of precision oncology, where tumor-specific somatic mutations alter target
druggability and selectivity profiles in patient-specific ways, NS—AASD can be personalized by
incorporating patient-specific mutation data as dynamic KG node updates, enabling on-the-fly
recalculation of target rankings that reflect individual mutational landscapes. Integration with multi-
omics patient data through the framework’s heterogeneous KG substrate positions NS-AASD as a
potential clinical decision support tool for oncology precision medicine boards, subject to appropriate
prospective validation studies [22].

CONCLUSION

This paper has introduced NS-AASD, a neuro-symbolic agentic Al framework that advances the
state of the art in autonomous drug-target identification through principled integration of deep
reinforcement learning hypothesis-space exploration, variational quantum simulation of protein
binding dynamics, and XAl-audited LLM hypothesis synthesis. Operating over a 4.7-million-node
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heterogeneous biomedical knowledge graph, the framework achieves 38.4% improvement in
Hypothesis Quality Score and 73.1% estimated cycle-time reduction versus leading classical baselines
across four clinically significant oncology benchmarks. The framework’s XAl audit architecture —
combining SHAP attribution, counterfactual consistency analysis, and ontology concept probing —
ensures that all generated hypotheses are evidence-traceable, biologically coherent, and compliant
with emerging Al regulatory documentation standards. NS—-AASD represents a foundational step
toward fully autonomous Al-driven pharmaceutical discovery systems that augment rather than
replace human scientific expertise, accelerating the identification of high-confidence targets for life-
threatening diseases.
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