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Abstract

This essay argues that the convergence of blockchain and artificial intelligence is the founda-
tion for on-chain reinforcement learning: a framework in which Al models learn, improve, and
are rewarded across decentralized infrastructure rather than inside the closed data, compute, and
feedback loops of a few large corporations. Recording training-data provenance on-chain makes
the lineage of model weights, gradient updates, reward signals, and evaluation history traceable
and auditable. The essay surveys decentralized Al training — data sharing without raw data
leaving its owner, federated learning with a cryptographic audit trail, and token-incentivized
aggregation — alongside its challenges: coordination overhead, quality control, and scalability.
It then presents Consensus Learning, in which participants share only predictions and converge
through a gossip protocol with confidence-weighted, Byzantine-resilient aggregation. On-chain
reinforcement learning extends this to the temporal, reward-driven domain: the blockchain
serves as environment record, reward oracle, and coordination layer in a seven-step training
loop of observation, action, reward, on-chain transition logging, policy update, checkpoint com-
mitment, and participant reward. Solana’s fast blocks, low fees, programs, and compressed
NFTs make this loop economically viable. The essay closes with a concrete instantiation — the
DeepSolana reference model and the Solana Clawd Al training pipeline, with published datasets,
LoRA models, an on-chain registry, and a validator network — and a roadmap toward an open,
collectively owned intelligence layer.

We are standing at the edge of a paradigm shift. For decades, the development of artificial intel-
ligence has been concentrated in the hands of a few large corporations with access to proprietary
datasets, enormous compute budgets, and closed feedback loops. The models that emerged were
powerful, but opaque, biased, and inaccessible to most of the world.

Two technologies are changing that. Together, they open a door to on-chain reinforcement
learning: a framework in which AI models learn, improve, and are rewarded across decentralized
infrastructure.

1 Transparency and Trust

Blockchain introduced a new model for secure, decentralized, and transparent data management.
Recording training data provenance on-chain means developers and the public can trace the lineage
of model weights, gradient updates, reward signals, and evaluation history.

At the World Economic Forum in Davos, executives noted that blockchain could be instrumental
in monitoring the data used to train Al models and preventing bias. That is not just a future
possibility. It is an architectural decision we can make today.
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2 The Convergence

2.1 Secure Healthcare

Blockchain-verified patient records, analyzed by federated Al models, enable privacy-preserving
diagnosis without data leaving the hospital.

2.2 Sustainable Energy

Al-optimized grids, powered by tokenized renewable energy markets, reduce waste and carbon
output at scale.

2.3 Financial Inclusion

Decentralized microfinance platforms with Al lending algorithms reach communities that traditional
banks ignore.

2.4 Solana-Native DeFi

Thousands of TPS at sub-cent fees make Solana uniquely suited as the settlement and coordination
layer for Al training pipelines.

3 Part II: Decentralized AI Training

Decentralized Al training distributes the process of building AI models across multiple independent
nodes in a blockchain network. Instead of relying on a centralized data repository or a single com-
pute provider, training transactions are coordinated and recorded on-chain, ensuring data integrity
and security throughout.

4 Key Components

Component Role

Data sharing Data owners contribute datasets to model
training without transferring raw data
off-premises. The blockchain records
contributions and preserves each participant’s
data rights.

Model training ATl models train across multiple decentralized
nodes, each on different data subsets. This is
federated learning with a cryptographic audit
trail.

Aggregation After local training, improvements such as
updated weights or gradients are aggregated.
Blockchain ensures the process is secure,
transparent, and that contributors are
rewarded fairly.




5 Benefits

Benefit Description

Privacy Data stays local; only model updates move
across the network.

Reduced bias Diverse contributors produce more
generalizable models.

Incentivization Token rewards drive participation from data
owners and compute providers.

Auditability Every training step is verifiable on-chain.

6 Challenges

Computational overhead: Coordinating training across many nodes introduces latency com-
pared to centralized GPU clusters.

Quality control: Ensuring contributions from malicious or low-quality nodes do not corrupt
model performance requires Byzantine-fault-tolerant aggregation protocols.

Scalability: As participant count grows, the coordination layer must scale without becoming
a bottleneck. This is the central unsolved problem that on-chain reinforcement learning addresses.

7 Part III: Consensus Learning

Flare Research’s work on Consensus Learning represents one of the most promising convergences
of these ideas. Consensus Learning creates decentralized Al models where participants never share
raw data or model weights, only predictions. The blockchain coordinates the consensus protocol
that turns individual predictions into a collectively optimal output.

8 How It Works

8.1 Phase 1: Individual Learning

Each participant trains their own model on private data. No sensitive information is disclosed.
After training, participants submit initial predictions through a smart contract or proof-of-stake
mechanism.

8.2 Phase 2: Communication

Participants transmit predictions to peers through a gossip protocol. Each participant updates
their prediction based on the quality and confidence of peer outputs, converging on consensus.

9 Why Consensus Learning Is Different

Unlike federated learning, which shares gradients, or traditional ensemble methods, which share
models, Consensus Learning shares only predictions. That is the most privacy-preserving unit of
information.



Project Approach What Consensus Learning

does differently

Bittensor Incentivized subnet inference Uses gossip consensus on

predictions instead of validator
scoring alone.

FLock.io Federated fine-tuning and Avoids sharing gradients or
rewards weights.
Ritual AT coprocessor for contracts Aggregates knowledge without

a trusted coprocessor.

Consensus Learning is Byzantine-resilient and data-confidential by design. Malicious nodes are
filtered through confidence-weighted aggregation, and the gossip protocol makes the system safer
by construction.

10

Part IV: On-Chain Reinforcement Learning

Consensus Learning is a supervised paradigm: participants train on labeled data and converge on
predictions. On-chain reinforcement learning extends this to the temporal, reward-driven domain,
where agents learn by taking actions in an environment and receiving feedback over time.

In on-chain reinforcement learning, the blockchain serves three roles:

1.

11

Environment record: Every state, action, and reward is written to chain, creating a
tamper-proof trajectory log.

Reward oracle: Smart contracts define the reward function. The objective is transparent
and cannot be corrupted by any single party.

. Coordination layer: Multiple agents learn in parallel while the chain aggregates their

experiences into a shared replay buffer.

The ORL Training Loop

. Observe state: the agent reads on-chain data such as prices, liquidity, governance, and pro-

tocol state.

. Take action: the agent generates a prediction, executes a trade, submits a vote, or calls a

smart contract.

. Receive reward: the environment returns a reward defined by smart contract logic.
. Write to chain: the transition, including state, action, reward, and next state, is written to

an on-chain replay buffer.

. Update policy: an aggregator samples the replay buffer and updates shared policy model

weights.
Commit checkpoint: the updated model is committed to chain, or to IPFS with an on-chain
hash through compressed NFTs.

. Reward participants: stakers receive rewards proportional to contribution quality, then the

loop repeats.

This loop creates a self-improving, collectively owned Al system. It gets smarter as more par-
ticipants contribute, and its entire learning history remains permanently auditable. The blockchain
does not just store the model. It is the model’s teacher.



12 Why Solana?

Capability Why it matters

400ms block time Near-real-time environment steps can be
recorded on-chain.

Low transaction cost It becomes economically viable to log millions
of training steps.

Programs Smart contracts can define complex
programmable reward functions.

Compressed NFTs Cheap, versioned model checkpoints can scale.

13 DeepSolana: The Reference Model

DeepSolana is the first open-weight model in this lineage: a Solana-native language model trained
on blockchain transaction data, protocol documentation, and on-chain events.

o A pretrained base for fine-tuning on task-specific reward signals.
o Distributed through Ollama for local inference with no cloud dependency.
e A foundation for ORL experiments on Solana’s live data stream.

ollama run 8bit/DeepSolana

14 Part V: The Onchain Model Kit

The architecture described above is not theoretical. The Solana Clawd AI Training pipeline is an
operational, reproducible LoRA fine-tuning system that takes base instruct models and turns them
into Solana-fluent sovereign agents registered on-chain, attested by validators, and served through
ClawdRouter.

15 Official Published Assets

Artifact Type Size

solanaclawd /solana-clawd- Dataset 35,173 SFT examples
core-ai-instruct

solanaclawd /solana-clawd- Dataset 29,058 examples from PDFs,
realtime-research-instruct notebooks, parquet
solanaclawd /solana-clawd- Dataset 142 examples, with 127 train,
nvidia-trading-factory-instruct 7 eval, and 8 test
solanaclawd /solana-nvidia- Model Hermes-3-8B LoRA with
trading-factory-8b-lora 85.47% eval accuracy
solanaclawd /solana-clawd- Model Qwen2.5-1.5B LoRA, recovery
core-ai-1.5b-lora training in progress




16 Omne-Shot Training

git clone https://github.com/Solizardking/solana-clawd

cd solana-clawd/ai-training

pip install -r requirements.txt

export HF_TOKEN=hf_...

./scripts/launch_hf_jobs.sh al0O-large

./dao/register_model.sh --hf-model YOUR_ORG/your-model --eval-accuracy 0.60 --dataset-
size 36109

17 Onchain Registry

Surface Address

solana_ ai_ inference 3dLst2E3djtCSwG19mFS3REHxtZPngjyga7iY ZLDL5x;]

SAS Program ATSPssFHEjvJgAXKKkfAWNRqTQWIOWm6JDDVWT7Ec1G3z)
$CLAWD Token 8cHzQHUS2s2h8TzCmfqPKYiM4dSt4roa3n7MyRLApump
Inference clawd-box-router.fly.dev/v1

18 Register a Model

curl -X POST https://onchain.x402.wtf/api/register \
-H "Content-Type: application/json" \
_d ;{
"model_type": "TextGeneration",
"api_endpoint": "https://clawd-box-router.fly.dev/vi",
"hf model_id": "solanaclawd/solana-clawd-1.5b",
"dataset_size": 36109,
"eval_accuracy": 0.60,
"cluster": "devnet",
"protocol": "CAAP/1.0",
"clawd_token": "8cHzQHUS2s2h8TzCmfqPKYiM4dSt4roa3n7MyRLApump"
}7

19 Validator Network

Validators stake SOL, then call rate_data to score training submissions from 0 to 100. Qual-
ity score multiplied by the reward rate determines SCLAWD attribution. Fraudulent ratings are
slashable.

19.1 Become a Validator

become_validator (stake_amount) creates a ValidatorAccount PDA at seeds ["validator",
wallet.pubkey].



19.2 Rate Training Data

rate_data(quality_score, term_reward) accepts a quality score from 0 to 100. Attribution
equals quality_score * term_reward_rate.

19.3 Submit Data

submit_data(data_hash, data_type, size, metadata) creates a DataSubmission PDA that
earns attribution once rated.

20 AutoResearch to Onchain Attribution

The Percolator loop chains fetch, summarize, append to JSONL, submit a DataSubmission PDA,
validator rating, $SCLAWD attribution, and recursion. Every research cycle is recorded on-chain.

python3 ai-training/scripts/auto_research.py \
--seed-urls \
https://docs.solanalabs.com/1lms.txt \
https://docs.phoenix.trade/1lms.txt \
https://www.zkcompression.com/llms.txt \
--depth 2 --loop --interval-hours 6 \
—--push-to-hub solanaclawd/solana-clawd-instruct

21 Inference After Registration

curl https://clawd-box-router.fly.dev/vl/chat/completions \
-H "Authorization: Bearer clawd_free_public" \

-d :{
"model": "solanaclawd/solana-clawd-1.5b",
"messages": [
{"role": "system", "content": "You are Clawd, a sovereign Solana-native AI agent
M3,
{"role": "user", "content": "What is the SOL-PERP funding rate on Phoenix?"}
]
})

Query the live registry at onchain.x402.wtf/.well-known/clawd-registry. json.

22 The Road Ahead

Quarter Focus Milestones

Q3 2026 Foundations DeepSolana v1 fine-tuned on
the Jupiter transaction
dataset; on-chain replay buffer
prototype; 3-5 node consensus
learning testnet.



Quarter Focus

Milestones

Q4 2026 Incentive layer

Q1 2027 Scale

Q2 2027 Open ecosystem

Token-gated participation;
smart-contract reward oracle
for DeFi-native signals;
Byzantine-fault-tolerant
aggregation with slashing.
504 node consensus learning
network; compressed
checkpoint storage; cross-chain
reward signals.

Public ORL API; DeepSolana
v2 trained on 6 months of live
data; integration with
Bittensor for cross-network
model evaluation.

The future is not one where a handful of companies own the intelligence layer. It is one where
intelligence is grown in public, rewarded by protocol, and owned by the network.

23 Ecosystem

Model or tool

Role

DeepSolana
Claude Sonnet
GPT-40

Llama 3.1-405B
Groq

Flux.1 Schnell

Google Gemini

OpenClawd

Solana-native base model and ORL fine-tuning
reference.

Reasoning, reward function design, and agent
orchestration.

Exploratory research and code generation.
Open-weight base for federated fine-tuning.
High-throughput inference for real-time ORL
agents.

Visual output for model dashboards and
protocol visualization.

Multimodal analysis of on-chain data and
protocol documentation.

Sovereign Al agent runtime with agents and
Solana skills.

24 Related Work

Project Relationship to ORL

Bittensor Incentivized subnet architecture for Al
inference.

FLock.io Federated fine-tuning with on-chain rewards.



Project

Relationship to ORL

Ritual
Blockchain and AI GitBook

DeepSolana

AT coprocessor for infusing Al into smart
contracts.

Convergence research and Consensus Learning
synthesis.

Open-weight Solana-native base model for ORL
fine-tuning.
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