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Architecture: A Two-Phase Cognitive Cycle
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Phase 1 • Deep Web Exploration
• Perceive→Think→Act loop over web link structure
• Builds knowledge graph G + vector KB
• Navigation decoupled from retention

Phase 2 • Adversarial Artifact Synthesis
• Draft → recursive critique → orthogonal challenges
• Generative merge + ELI5 → one cited artifact
• Seeks novelty, not confirmation of priors

The Problem: Retrieval ̸= Creativity
• Progress = novel synthesis, not fact accumulation
• Web agents (RAG, ReAct) see flat, disconnected docs
• Chase the single likeliest answer; “navigational amnesia”
• Default to derivative summarization
• We target challenges needing artifacts that are:

– New — novel & rare
– Useful — viable & aligned
– Surprising — subverts expectations

Caesar in One Idea
The path taken to find information is itself a source of insight.
Caesar builds a dynamic knowledge graph during deep web traversal,
uses it as a navigational scaffold to reach diverse, non-obvious informa-
tion that flat retrieval never encounters, then synthesizes via adversarial
refinement that seeks novel perspectives over established priors.
Four Technical Innovations

1. Domain-Specific Role Adaptation — rewrites its own prompt
into a task-tuned persona; escapes safety-biased RLHF defaults

2. Graph-Augmented Insight — extraction conditioned on graph
neighborhood (k=3, |Nc|≤30)

3. Knowledge-Guided Exploration — Explore /
Backtrack / WebSearch; breaks loops

4. Adversarial Synthesis — recursive gap analysis + merge
Exploration Adapts to the Challenge
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• Graphs G : root = red, depth = brighter, citations = cyan
• One agent, four challenges → four topologies
• Breadth-first starbursts → depth-first chains

Main Result: Blinded LLM-as-a-Judge
• 5 creativity challenges; 3 models (Sonnet 4.5, GPT-5.2, Gemini 3

Pro), shallow + deep
• Blinded 3-judge panel scores New / Useful / Surprising
• Cliff’s δ uniformly large (δ≥0.76; 1.00 = strict dominance)

Agent New Useful Surp. Total δ

Full Answers (Unconstrained)
Caesar 9.11 8.87 8.98 26.96 –
Gemini 3 (Deep) 8.09 7.60 8.09 23.78 0.84
Sonnet 4.5 (Deep) 6.73 7.49 6.42 20.64 1.00
GPT-5.2 (Deep) 5.07 6.31 4.36 15.74 1.00

ELI5 Answers (450-word limit)
Caesar 8.33 8.69 8.11 25.13 –
Sonnet 4.5 (Deep) 6.51 7.58 6.31 20.40 0.96

• Wins every format (full, ELI5, length-capped)
• 13–23% over SOTA deep research agents

It’s the Content: Not Compute or Length
• Compute-matched: T =250, GPT-5-mini (≈ $5/challenge) ⇒

26.16 — still beats all deep baselines
• Not length: deep-tier length↔score r=−0.13; naive r=0.47 =

Simpson’s paradox
• Humans agree: 23 raters, Caesar won 63/112 (56.25%) vs.

best baseline
• Judge-robust: still #1 with GPT-5.2 judge removed

Ablations: Why It Works
Ablation Control Ablated δ

No Knowledge Graph (flat top-T ) 25.11 23.76 0.52 (large)
Single-Hop neighborhood (k=1) 25.45 23.69 0.52 (large)
T =250 vs. 1000 iterations 24.92 21.84 0.92 (large)
Draft 1 vs. final merge 23.82 20.42 0.92 (large)

• Graph ⇒ diverse, macro-level exploration
• Deeper traversal ⇒ rarer insights
• Adversarial merge recovers Useful, keeps Surprising
• Creativity = divergent and convergent thinking

Limitations & Future Work
• Higher token cost + latency — deep research, not quick lookups
• Failure modes: the SEO trap; overhead on simple facts
• 5-challenge eval; larger benchmark needed
• Next: exploration swarms • new domains (ARC-AGI) •

adaptive depth
Takeaways

• Topological memory ⇒ navigational
scaffold for creativity

• Adversarial synthesis escapes the
generic-summary basin

• Bridges static retrieval ↔ active
discovery
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