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The Real-World Stakes: Drug Discovery is Broken

12yr
Time to Market2

90%
Failure Rate3

Average 

Development 

Timeline from 

discovery to approval, 

delaying life-saving 

treatments.

Clinical trial 

failure rate, with 

most candidates 

never reaching 

patients.

Delayed treatment has been proven to increase mortality4. Faster molecular 

optimization (MO) can significantly speed up drug candidate screening. 

$2.6B
Average Drug Cost1

Average cost to 

bring a drug to 

market…much of it 

on wasted 

candidates.
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One Reason is that Molecules are Hard to Simulate
VQE is a Solution

Born-Oppenheimer approximation implies 

the most stable structure of a structure lies 

at the lowest ground-state energy5

Models such as DFT attempt to minimize this 

energy to perform molecular optimization5.

Fundamentals Behinds MO
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Thousand-year problems potentially solved in days10.

• Hamiltonian is the operator that stores a structure’s 

energy11



Hypothesis is Based on Robust Reinforcement Learning

Hypothesis: If canonical information in each measurement 

shot can be maximized using reinforcement learning, then the 

number of estimation shots for a Hamiltonian’s energy can be 

significantly reduced because maximizing information reduces 

uncertainty in the energy estimate more efficiently, allowing 

convergence with fewer measurements. 3

Objectives

Information Gain Reward using Entropy 



Partially-Observable MDP (POMDP) Formulation

Full Architecture Pipeline

VAE 

Compression

Ring Buffer

Temporal 
Transformer

Policy & Value

Bayesian SMC

Action Space and Observation

Bayesian Sequential Monte Carlo (SMC)

A Bayesian method that tracks uncertainty and estimates

parameters16. SymQNet guides it using its uncertainty metric.

SymQNet Architecture is Based on Markov-Decision Process (MDP)
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Since measurements are SymQNet’s observation, the 

MDP must be framed as partially-observable; 

measurements are indirect signals of the underlying 

state.



SymQNet Offers Decisive Win Over State-of-the-Art

Decisive Win Over SOTA

SymQNet achieves lower Parameter RMSE than 

HAL-FI (SOTA) and GreedyBED across all shot 

budgets (2¹⁰–2¹³).

Statistically significant: p < 0.05 via paired-

Wilcoxon test (Holm-corrected)

• Softens exponential error growth in 

downstream Hamiltonian use

Same budget. Better results.
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Noise Stress-Test Supports Hypothesis

Robust Under Realistic Noise

SymQNet outperforms both GreedyBED 

and HAL-FI under readout noise (4×) and 

dephasing noise (2×).

• Statistically significant (±2 SEM)

p < 0.05 via paired-Wilcoxon test (Holm-

corrected)

Gains maintained under realistic 

hardware conditions: ready for real-

world deployment (see below).

Deployment:
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No Metadata

Removing 

metadata injection 

degrades 

performance 

(context matters!).

No Graph

Removing qubit 

graph structure 

hurts as spatial 

relationships are 

informative.

Reduced Particles

Fewer SMC 

particles (1.6×) 

reduces Bayesian 

estimation 

quality.

Ablation studies systematically remove or degrade each 

component of SymQNet to verify its contribution. Across 

30 seeds, SymQNet (Full) achieves the lowest MSE,

confirming that every design choice (metadata, graph 

structure, VAE compression, particle count) contributes 

meaningfully to performance. Helps understand model.

Ablation Studies Show Maximal Component Utilization

p < 0.05 (SymQNet vs Partials) by paired-t-tests

Provides empirical evidence SymQNet learned.
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Molecular Application Show Significant Speedup

46.7%
Shot Reduction

Fewer shots needed to 

reach success threshold

4/4
Molecules Won

Better solution on 

Pyridine, Imidazole, Urea & 

Ising (p < 0.05)

21.2%
MAE Reduction

Better mean energy error 

reduction vs. baseline

1.88x
Drug Discovery Speedup

More molecules screened 

under the same budget

Regular VQE used standard Pauli-Term energy 

estimation. 8



Empirical Runtime Scale Tests Show O(1) Scaling

Reference17: Baseline methods scale as O(N4) and O(M)

Why Should I Care?

Cost doesn’t explode as molecules grow larger!

SymQNet is currently patent-pending

Open-source Repository

Accessible in One Line

How can SymQNet be accessible?

9



Hypothesis Supported and Speedup Established

Drug Discovery Speedup
1.88× more molecules screened per budget. 46.7% shot reduction. 21.2% better energy error.

Beats state-of-the-art
Lower RMSE than HAL-FI & GreedyBED under same shot budget and under quantum noise (p < 0.05).

Empirical O(1) Scaling
Improves from O(N4), O(M) to O(1) (empirically confirmed).

From the results, the hypothesis appears to be supported!

Maximizing information from each shot with RL can lead to significant speedup of MO on VQE!
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Next Steps for SymQNet

• Faster drug development with lower costs

• Better drugs with lower clinical failure rates.

My Long-Term Vision

• Train with Higher Dimensional Hamiltonians

• Real-Life Deployment of SymQNet.
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Thank you for reading through my work! I wanted to 

express my passion for chemistry and CS with SymQNet. 
I look forward to discussions at the fair!
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