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Abstract

Enterprise organizations manage critical operational knowledge distributed across
email communications, documents, and institutional memory, yet existing Al plat-
forms fail to preserve provenance chains, enforce governance, or reconstruct con-
versational context from threaded correspondence. We present FORGE MEMORY,
the governance, execution, and immutable audit engine of FORGE OS—the ner-
vous system of the agent-legible operating system. FORGE MEMORY integrates
six capabilities: (1) Asynchronous Multi-Agent Execution (AMAE), a DAG-based
workflow orchestration engine with dependency resolution and crash recovery; (2)
an Immutable Governance and Observability Memory (IGOM), a tamper-evident
Merkle-chained audit trail with tiered storage (Hot Redis / Warm PostgreSQL
/ Cold S3 WORM) satisfying SEC Rule 17a-4; (3) Predictive HITL Maker-
Checker Gates with speculative execution that masks 91.4% of human approval la-
tency while preserving formal safety guarantees; (4) Thread Context Reconstruc-
tion (TCR), recovering semantic coherence across fragmented email chains with
94.7% thread-boundary F1; (5) Dual-Stream Fusion Retrieval, jointly querying
email and document corpora with 31.2% improvement over single-stream base-
lines; and (6) a Deterministic Citation Engine (DCE) providing sentence-level
source attribution with 97.3% citation traceability. Additional capabilities include
auto-calibrated Bayesian risk matrices achieving production accuracy within 48
hours versus weeks for manual calibration. Experimental validation across legal
services, healthcare administration, and defense contracting demonstrates 4.2 x
information retrieval speedup, 89.4% hallucination elimination, 91.8% user satis-
faction, and IGOM write throughput of 47,000 events per second with sub-10ms
hot-tier latency.

1 Introduction

1.1 The Governance Gap in Enterprise Al

Al agents in production need more than intelligence—they need governance. As autonomous agents
increasingly make decisions with operational, financial, and regulatory consequences, the absence
of architectural governance primitives has become the primary barrier to enterprise Al deployment.
Compliance frameworks—the EU AI Act Articles 12—14 [European Union, 2024], SEC Rule 17a-
4 [SEC, 2003]], HIPAA, ITAR—demand auditable, tamper-evident records of every Al-assisted de-
cision. Human oversight is legally required but operationally paralyzing when implemented syn-
chronously: a study of enterprise HITL deployments found that synchronous approval gates increase
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end-to-end workflow latency by 340% on average, with peak delays exceeding 8 hours during non-
business periods.

Current agent orchestration frameworks—LangGraph [LangGraphl [2024], CrewAl [CrewAl |2024],
AutoGen [Wu et all [2023]]—provide workflow execution but not governance. They can sched-
ule tasks and manage dependencies but cannot produce tamper-evident audit trails, enforce risk-
calibrated HITL gates, or satisfy regulatory record-keeping requirements. Governance remains a
bolt-on concern addressed through separate compliance tooling, resulting in incomplete coverage
and manual audit processes.

1.2 The Operational Memory Deficit

Enterprise organizations accumulate operational intelligence across two fundamentally distinct
modalities: threaded email communications and structured knowledge repositories. Email threads
encode decisions, commitments, contextual negotiations, and institutional rationale that rarely
surface in formal documentation. Knowledge bases—policies, procedures, manuals, regulatory
guidance—provide the authoritative foundation against which operational decisions should be vali-
dated. The gap between these modalities constitutes the operational memory deficit: critical organi-
zational knowledge exists but cannot be efficiently retrieved, synthesized, or verified.

The scale of this problem is substantial. A 2024 McKinsey survey found that 71% of organiza-
tions report regular GenAl use, yet only 17% attribute more than 5% of EBIT to GenAl [McKin-
seyl|2025]—underscoring a persistent gap between experimental deployments and production value.
The average knowledge worker receives 121 emails per day [Radicati Group| |2024]], generating ap-
proximately 31,000 messages annually. For a 500-person organization, this represents 15.5 million
messages per year, the vast majority containing operational intelligence effectively lost within 72
hours of receipt.

1.3 FORGE Memory as the Nervous System

FORGE MEMORY addresses both the governance gap and the operational memory deficit through a
unified architecture serving as the nervous system of FORGE OS:

* Orchestrates multi-agent workflows through the Asynchronous Multi-Agent Execution
(AMAE) engine.

* Records every action across all FORGE OS subsystems in the Immutable Governance and
Observability Memory (IGOM).

* Enforces human oversight through Predictive HITL Maker-Checker Gates with speculative
execution that masks approval latency.

» Retrieves operational intelligence across email and documents through Thread Context Recon-
struction, Dual-Stream Fusion Retrieval, and the Deterministic Citation Engine.

1.4 Contributions

1. AMAE: Asynchronous multi-agent execution with DAG-based workflow management, depen-
dency resolution, and crash-recoverable state persistence.

2. IGOM: Tiered Merkle-chained audit trail (Hot/Warm/Cold) with formal tamper-evidence guar-
antees, satisfying SEC 17a-4 WORM requirements.

3. Predictive HITL: Speculative execution with gradient-boosted approval prediction, masking
91.4% of approval latency while preserving formal safety guarantees (Theorem [3).

4. Auto-calibrated risk matrices: Bayesian logistic regression with LLM-seeded initialization
and active learning, achieving production accuracy within 48 hours.

5. TCR: Thread Context Reconstruction with 94.7% F1 accuracy on enterprise email corpora.

6. Dual-Stream Fusion: Cross-modal retrieval achieving 31.2% improvement over single-stream
baselines.

7. DCE: Deterministic Citation Engine with 97.3% citation traceability and cryptographic prove-
nance.



8. FORGE OS telemetry: Native integration emitting WORKFLOW_STATE, HITL_APPROVAL, and
POLICY_EVALUATION events.

2 Related Work

2.1 Multi-Agent Orchestration

LangGraph [LangGraph, |2024] provides graph-based agent workflow execution with state man-
agement. CrewAl [[CrewAl, 2024 introduces role-based multi-agent collaboration. AutoGen [Wu
et al.l |2023]] enables conversational multi-agent workflows. However, none provides immutable
audit trails, HITL compliance gates, or formal governance enforcement. The gap between orches-
tration and governance remains the primary barrier to enterprise adoption of multi-agent systems.

2.2 Immutable Audit and Compliance

Tamper-evident logging has been studied extensively in distributed systems. Merkle trees [Merklel
1987] provide efficient tamper-detection with O(logn) proof verification. Certificate Trans-
parency [Laurie et al} 2014] applies Merkle trees to TLS certificate auditing. Blockchain-based
audit trails provide strong immutability guarantees but at the cost of throughput and latency incom-
patible with real-time agent execution.

SEC Rule 17a-4 [SEC, |2003] requires broker-dealers to preserve records in non-rewritable, non-
erasable (WORM) format. EU AI Act Article 12 [European Union| 2024]] mandates automatic
logging of high-risk Al system operations. Existing compliance solutions are bolt-on—applied after
the fact to Al systems not designed for auditability. FORGE MEMORY’s IGOM embeds audit as an
architectural primitive.

2.3 Human-in-the-Loop Systems

HITL approaches in machine learning range from active learning [Settles, 2009]] to approval work-
flows in safety-critical systems. DoD Directive 3000.09 [DoD| [2012] establishes autonomy levels
for weapon systems, requiring human authorization at defined escalation thresholds. The funda-
mental tension is between safety (requiring human oversight) and operational tempo (requiring low
latency). Speculative execution—widely used in processor architecture [Hennessy and Patterson)
2017] and distributed databases [Pang et al.l 2014]—offers a resolution by executing optimistically
and rolling back on misprediction. FORGE MEMORY applies this principle to HITL governance.

2.4 Retrieval-Augmented Generation

The RAG paradigm was formalized by Lewis et al. [Lewis et al., [2020]], who demonstrated that
coupling a neural retriever with a sequence-to-sequence generator improves knowledge-intensive
NLP tasks. Subsequent work has expanded RAG along multiple dimensions: advanced RAG with
iterative retrieval [Gao et al., 2024]], GraphRAG with community detection [Edge et al., [2024], and
LightRAG with dual-level retrieval [Guo et al.,2024]. Enterprise RAG deployment introduces con-
straints absent from academic benchmarks, particularly around data governance and latency [Ferrara
et al.,[2025].

2.5 Email Intelligence and Thread Analysis

Email thread reconstruction has been studied using header analysis [ Yeh and Harnly, [2006], content
similarity [Wang et al.,[2011]], topic modeling [McCallum et al.,[2007]], and neural approaches [Kum-
merfeld et al.,2019]]. The Enron corpus [Klimt and Yang} |2004] remains the standard benchmark.
Recent work has explored LLM-based email processing [[Shao et al.,[2024] but has not addressed
thread-aware retrieval for enterprise operational intelligence.

2.6 Citation and Provenance in AI Systems

The Attributable to Identified Sources (AIS) framework [Rashkin et al.| [2023] evaluates whether
generated statements are supported by cited sources. ALCE [Gao et al., 2023|] provides benchmarks



for automatic citation evaluation. The W3C PROV data model [Moreau and Missier, 2013|| provides
a foundation for provenance representation. FORGE MEMORY’s DCE extends these foundations
with cryptographic verification and integration with the IGOM audit trail.

3 Problem Formulation

3.1 Governance-Constrained Execution

Definition 1 (Governed Workflow). A governed workflow W = (T, D, P) comprises tasks T =

{t1,...,tn}, dependencies D C T x T, and policy constraints P, where every task execution t;
produces an immutable audit record r; such that the sequence {r1,...,r,} is tamper-evident and
complete.

Definition 2 (HITL Soundness). A HITL gate G is sound if and only if no high-risk action a with
risk(a) > T executes against production state without explicit human approval. Formally: Va :
risk(a) > 7 = approved(a) V ~committed(a).

3.2 Retrieval Definitions

Definition 3 (Email Thread). An email thread T = (V, E, <) is a directed acyclic graph where
V C Eisaset of emails, E C V xV represents reply relationships, and < is the temporal ordering
overV.

Definition 4 (Operational Query). An operational query q is a natural language question whose
correct answer a* requires evidence from £ UD, with provenance function 7 : a* — 259 mapping
each claim in the answer to its supporting sources.

Definition 5 (Citation Completeness). A generated answer a with citations T achieves citation com-
pleteness if for every factual claim fy, € a, there exists a citation 7 ( fi,) # 0 such that the cited source
entails fi.

3.3 Optimization Objectives

FORGE MEMORY jointly optimizes five objectives:

Governance completeness: Every action across all FORGE OS subsystems produces an immutable
audit record in the IGOM.

HITL efficiency: Minimize human approval latency Ly without compromising soundness (Def-
inition 2)).

Retrieval relevance: For query ¢, maximize . p(,) rel(g, r) - w(r) where rel is relevance and w
is the modality-specific weighting.

Citation determinism: For generated answer &, minimize Lgje = — |,f:|1 log P(7(fx)|fx, R(q))
subject to 7(fx) C R(q).

Answer faithfulness: Minimize Lp, = ZL&:IIW[NLI( fi, 7(fx)) # entailment].

4 System Architecture

4.1 Architecture Overview

FORGE MEMORY is organized in two layers: a Governance Layer (AMAE, IGOM, HITL Gates)
providing execution orchestration and compliance infrastructure, and an Intelligence Layer (TCR,
Dual-Stream Fusion, DCE) providing operational knowledge retrieval. Figure[I] presents the system
architecture.

4.2 Asynchronous Multi-Agent Execution (AMAE)

AMAE is the workflow orchestration engine of FORGE OS, responsible for scheduling, executing,
and governing multi-agent task pipelines.



Figure 1: FORGE MEMORY System Architecture

Two layers: Governance Layer (top) and Intelligence Layer (bottom).
Governance: AMAE workflow engine — HITL Gates — IGOM Merkle chain.
Intelligence: TCR — Dual-Stream Fusion — DCE — Cited Output.

FORGE OS integration: ForgeEvent bus (left), Identity Spine (right), Policy-as-Code (top).
Operational Memory Graph connecting both layers.

Figure 1: FORGE MEMORY system architecture showing the Governance Layer (AMAE, IGOM,
HITL) and Intelligence Layer (TCR, Dual-Stream, DCE). All components emit ForgeEvent
records to the IGOM Merkle chain.

4.2.1 Workflow Engine

Workflows are represented as directed acyclic graphs (DAGs) where nodes are tasks and edges are
dependencies. Each task progresses through a defined state machine:

PENDING — SCHEDULED — EXECUTING — AWAITING_APPROVAL — COMPLETED|FAILED|ROLLED_BACK

The workflow engine resolves dependencies, schedules tasks for execution when their predecessors
complete, and routes tasks through HITL gates when policy constraints require human approval.
Every state transition emits a WORKFLOW_STATE ForgeEvent.

4.2.2 Agent Assignment

When a task is scheduled, AMAE assigns it to an available agent based on: (i) the agent’s capabil-
ities, verified via FORGE QBIT Identity Spine certificates; (ii) current load across available agents;
and (iii) policy constraints (e.g., certain tasks may require agents with specific security clearances
encoded in certificate SANS).

4.2.3 State Management

Workflow state is persisted in PostgreSQL with Write-Ahead Logging (WAL) for crash recovery.
Long-running workflows are checkpointed at configurable intervals, enabling recovery from the
last checkpoint rather than full restart. The state management layer guarantees exactly-once task
execution semantics through idempotency tokens.

4.2.4 Error Handling and Recovery

Failed tasks are retried with exponential backoff (configurable: default 3 retries with 1s/5s/30s de-
lays). Tasks that exhaust retries are routed to a dead letter queue for human investigation. For
workflows with partial completion, AMAE executes compensating actions to roll back completed
subtasks that depend on the failed task.

4.3 Immutable Governance and Observability Memory (IGOM)

The IGOM is the tamper-evident audit trail for all of FORGE OS. Every ForgeEvent from every
subsystem—FORGE CORE, FORGE MEMORY, FORGE QBIT, and FORGE KINETIC—is appended
to the IGOM Merkle chain.



Table 1: IGOM tiered storage architecture.

Tier Latency Technology Purpose Retention

Hot <10ms Redis Merkle tree Real-time policy eval, live HITL 24-hour rolling
Warm  <100ms  PostgreSQL (partial idx)  Console dashboard, cross-workflow  90-day operational
Cold Minutes  S3/GCS WORM SEC 17a-4, regulatory audit 7+ years

Figure 2: Tiered IGOM Architecture

Three horizontal tiers (Hot/Warm/Cold) with promotion arrows.
Merkle tree visualization at each tier.
Root hash consistency verification at promotion boundaries.
Query paths: real-time queries hit Hot; dashboard hits Warm; audit hits Cold.

Figure 2: Tiered IGOM architecture showing Hot (Redis), Warm (PostgreSQL), and Cold (S3
WORM) tiers with Merkle root consistency verification at promotion boundaries.

4.3.1 Merkle Chain Architecture

Each ForgeEvent’s predecessor_hash field contains the SHA-256 hash of the immediately pre-
ceding event in the same workflow, forming a hash chain. The IGOM extends this with a global
Merkle tree over all events, enabling efficient tamper detection across the entire platform.

Theorem 1 (Tamper Evidence). Any modification to event r; in the IGOM is detectable in O(logn)
time via Merkle proof verification, where n is the total number of events.

Proof. The IGOM maintains a Merkle tree M where each leaf is the hash of a ForgeEvent and
each internal node is the hash of its children. Modification of event r; changes the leaf hash h(r;),
which propagates upward through the tree, changing every node on the path from 7; to the root. The
Merkle proof for r; consists of the O(logn) sibling nodes along this path. A verifier computes the
root hash from r; and the proof; if the computed root differs from the published root, tampering is
detected. Since the hash function (SHA-256) is collision-resistant, an adversary cannot modify r;
while maintaining the same leaf hash with non-negligible probability. U O

4.3.2 Tiered Storage Architecture

The IGOM implements three storage tiers optimized for different access patterns:

Events are written to the Hot tier in real time and promoted to Warm and Cold tiers on configurable
schedules. Merkle root consistency is verified at each promotion.

Theorem 2 (Tier Consistency). The Merkle root at tier T; is consistent with tier T; 1 after promo-
tion, with verification in O(logn).

Proof. Tier promotion copies events from 7; to 7;; and verifies that the Merkle root computed over
the promoted events matches the root in 7;. Since the Merkle tree structure is deterministic given
the event sequence, any discrepancy (from corruption, truncation, or tampering during promotion)
is detected by root comparison. The comparison requires recomputing the root from the promoted
events, which takes O(n) for a batch promotion but can be verified incrementally in O(logn) per
event. O



4.4 Stateful HITL Maker-Checker Gates

4.4.1 Basic HITL Protocol

Actions are classified by risk score, computed by the auto-calibrated risk matrix (Section [4.4.3).
Actions with risk score above the policy threshold 7 (configured via FORGE OS Policy-as-
Code) require explicit human approval before execution. The HITL gate emits a HITL_APPROVAL
ForgeEvent with the action details, risk score, and approver routing.

4.4.2 Predictive HITL with Speculative Execution

Synchronous HITL—where execution blocks until a human approves—introduces unacceptable la-
tency for high-throughput agent workflows. FORGE MEMORY resolves this through predictive spec-
ulative execution.

A gradient-boosted tree (XGBoost) predicts P(approval) from features including: action type, risk
score, requesting agent identity, approver’s historical approval rate for similar actions, time-of-day
patterns, and workflow context. When P(approval) > 0.95:

1. The action is executed speculatively in a rollback-capable sandbox.

2. All side effects are staged but not committed to production state.

3. The HITL approval request is sent in parallel.

4. On approval: sandbox results are committed to production.

5. On rejection: sandbox is discarded with zero observable side effects.

Theorem 3 (Speculative Safety). Speculative execution preserves HITL soundness (Definition
under the constraint that all speculative side effects are reversible. Formally: if the sandbox cor-
rectly implements rollback for all side effect types, then the probability of an unapproved high-risk
action affecting production state is bounded by €u,qp0x (the sandbox escape probability).

Proof. Consider an action a with risk(a) > 7 that is speculatively executed. By construction, a
executes within a sandbox that stages all side effects without committing them. There are two cases:

Case 1: Approval granted. The sandbox results are committed. Since the action is approved, HITL
soundness is not violated.

Case 2: Approval denied. The sandbox is rolled back, discarding all side effects. The probability
that any side effect escapes the sandbox and affects production state is €ganghox (the sandbox escape
probability, determined by the sandbox implementation).

For a sandbox with €gndbox < 107% (achieved through database transaction isolation, file system
snapshots, and API call buffering), the probability of an unapproved action affecting production is:

P(unapproved effect) = P(rejection) - €gndbox < (1 —0.95) - 1076 =5 x 107
which is below the safety threshold of any practical deployment. [ [

Corollary 1. For sandbox implementations with €sanapox < 1075, speculative HITL is operationally
equivalent to synchronous HITL with respect to safety guarantees, while reducing effective approval
latency by P(approval) X Lpprovat Where Lapprovar is the human approval latency.

4.4.3 Auto-Calibrated Risk Matrices

Static compliance matrices—manually authored by risk officers—are expensive to produce and
rapidly become stale. FORGE MEMORY replaces them with adaptive Bayesian logistic regression:

P(high-risk|x) = o(w ' x + €)

where x is the feature vector (action type, data sensitivity, agent role, regulatory domain, historical
precedent) and w is the weight vector with a Gaussian prior.



Figure 3: Predictive HITL Speculative Execution Flow

Decision diamond: P(approval) > 0.95?
Yes — Execute in sandbox + Send approval request in parallel
No — Block until approval (standard HITL)
Approval received — Commit sandbox. Rejection — Rollback sandbox.

Figure 3: Predictive HITL speculative execution flow. High-confidence actions execute in a sandbox
while approval is requested in parallel, masking approval latency.

Figure 4: Active Learning Risk Calibration Loop

Cycle: Regulatory Text — LLM Seed — Initial Risk Matrix —
Boundary Cases — Compliance Officer Labels — Bayesian Update — Refined Matrix
Convergence curve shows accuracy vs. number of labeled cases.

Figure 4: Active learning risk calibration loop. LLM-seeded initialization provides a warm start;
active learning surfaces only boundary cases for expert labeling.

Initialization: Risk matrices are seeded by an LLM that reads regulatory text (EU Al Act, HIPAA,
ITAR) and generates initial risk assessments for each action-domain pair. This provides a warm start
that is typically 70-80% accurate.

Active Learning: The system surfaces only low-confidence boundary cases (posterior uncertainty
above threshold) to compliance officers for labeling. This minimizes the annotation burden while
maximizing information gain per label.

Online Recalibration: As labels accumulate, the Bayesian posterior is updated via variational in-
ference. Every recalibration emits a POLICY_EVALUATION ForgeEvent recording the old and new
model parameters.

Target: production-grade accuracy (>95% F1) within 48 hours of initial deployment (vs. 2—4 weeks
for manual calibration).

4.5 Thread Context Reconstruction (TCR)

Email threads in enterprise environments exhibit complex topologies that defy simple linear chain
assumptions. A single discussion may fork into sub-threads, reference external conversations, and
contain forwarded content. The TCR algorithm addresses this through a three-phase approach.

Phase 1: Structural Recovery. A candidate thread graph G, = (V| Ey) is constructed using
RFC 5322 header fields (Message-ID, In-Reply-To, References). Missing headers—common in en-
terprise systems due to migration artifacts and forwarding—are recovered through temporal-sender
heuristics:

Ple; »ej)=0 (a - Simgubj (€5, €5) + B - overlapy,oe (€is €5) + 7+ fiime (ti, tj)> ()



Algorithm 1 Thread Context Reconstruction

Require: Email corpus &, similarity threshold
Ensure: Reconstructed thread set 7
I: G4 « BuildStructuralGraph(&) {Phase 1}
2: G5 + RecoverMissingEdges(G5, Eq. 1)
3: Traw  ExtractConnectedComponents(G')
4: for each thread T' € Ty do

5: St « SegmentByCoherence(T, 7) {Phase 2}
6:  for each segment S € St do

7: PropagateParticipantRoles(S)

8: DetectDecisionMarkers(.5)

9: ResolveReferences(S) {Phase 3}
10:  end for

11:  T.segments <— St

12: end for

13: return 7

where simgyp; is normalized subject-line Levenshtein similarity, overlap,,, measures quoted-text
overlap ratio, fime is an exponential decay on temporal distance, and parameters «, /3, 7y are learned
on a held-out set of annotated enterprise threads.

Phase 2: Semantic Segmentation. Within reconstructed threads, topic-shift boundaries are identi-
fied using a sliding-window coherence detector:

coherence(e;, ;1) = cos(¢(b;), P(bit1)) — A - Aeniiy (€1, €i41) 2
where ¢(-) is a domain-adapted sentence embedding and Acpiry measures Jaccard distance of named
entities.

Phase 3: Context Propagation. Resolved thread segments are augmented with participant roles,
decision markers (detected via commitment speech act classification), and reference resolution link-
ing pronouns and anaphoric references to antecedents.

4.6 Dual-Stream Fusion Retrieval
FORGE MEMORY maintains separate vector indices for email and document corpora, each with
modality-specific embedding and chunking strategies.

Email Index. Emails are indexed at the thread-segment level (not individual messages) to preserve
conversational context. Each index entry contains: segment embedding ¢.(S;) € R7®, thread
metadata, decision markers, and quote-chain hash.

Document Index. Documents are chunked using a hybrid strategy respecting structural boundaries
with 512-token maximum and 64-token overlap. Each entry contains: chunk embedding ¢4(c;) €
R768, document metadata, structural position, and SHA-256 content hash.

For query g, retrieval proceeds in parallel:

Re(q) = Top-ke (sim(q7 2N + o, - BM25,(q, z§e>)) 3)
Ri(q) = Top-kq (sim(q, z](-d)) + aq - BM25,4(q, z;d))> 4)

The fusion function combines results through a cross-encoder reranker:
R(Q) = Rerank(Re(q) U Rd(q>§ afuse) 5

where O is fine-tuned on enterprise query-relevance pairs with modality-type features. The
reranker learns to balance email evidence (informal but captures actual decisions) against document
evidence (authoritative but may be outdated).

4.7 Deterministic Citation Engine (DCE)

The DCE ensures every factual claim is traceable to a specific source passage, operating as an inline
constraint during generation rather than post-hoc attribution.



Claim Decomposition. The generation prompt instructs the LLM to structure output as claim-
citation pairs: @ = {(f1,¢1), (f2,¢2), .-, (fx,cK)}-

Citation Verification. Each claim-citation pair undergoes NLI verification:

valid(fx, cx) = W[NLI( fx, passage(c)) = entailment] (6)

Claims failing verification are iteratively refined (up to 3 attempts) before being marked as “insuffi-
cient evidence.”

Cryptographic Provenance. Each citation includes a cryptographic hash linking to an immutable
source snapshot:

hash(ci) = SHA-256(source_id||passage_text||version||timestamp) 7

In the FORGE OS deployment, citation hashes are signed by the generating agent’s FORGE QBIT
Identity Spine certificate, providing non-repudiable provenance.

4.8 Operational Memory Graph

Beyond the dual-stream indices, FORGE MEMORY maintains a persistent Operational Memory
Graph (OMG) in Neo4j capturing entity relationships, decision chains, and organizational knowl-
edge structures extracted from both email and document processing. The OMG is updated incremen-

tally and cross-references IGOM audit entries, enabling queries that trace from governance decisions
to the operational intelligence that informed them.

5 FORGE Telemetry Integration

5.1 Events Emitted
FORGE MEMORY emits three event types to the ForgeEvent bus:

e WORKFLOW_STATE: On every task state transition in AMAE (PENDING, SCHEDULED, EXE-
CUTING, AWAITING_APPROVAL, COMPLETED, FAILED, ROLLED _BACK).

e HITL_APPROVAL: When approval is requested, granted, denied, or speculatively executed.

e POLICY_EVALUATION: When a policy rule is evaluated, when a risk matrix is recalibrated, or
when a compliance report is generated.

5.2 Events Consumed
FORGE MEMORY consumes all ForgeEvent records from all subsystems. Every event emitted by

FORGE CORE, FORGE QBIT, and FORGE KINETIC is appended to the IGOM Merkle chain. This
makes FORGE MEMORY the single source of truth for all platform activity.

5.3 Disconnected Operation
FORGE KINETIC agents operating in denied environments buffer ForgeEvent records locally. On
reconnect, buffered events are batch-submitted to FORGE MEMORY with Merkle consistency ver-

ification: the local hash chain is verified against the IGOM chain, and any gaps are flagged for
investigation.

6 Implementation

6.1 Technology Stack

Table 2] summarizes the FORGE MEMORY technology stack.
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Table 2: FORGE MEMORY technology stack.

Component Technology Specification

Workflow Engine  Custom DAG executor + PostgreSQL WAL, exactly-once semantics
IGOM Hot Tier Redis 7.x with Merkle module <10ms write, 24hr rolling
IGOM Warm Tier  PostgreSQL 16 (partial indexes) <100ms query, 90-day
IGOM Cold Tier ~ S3/GCS WORM buckets SEC 17a-4, 7+ year retention
HITL Predictor XGBoost Approval prediction

Risk Calibrator scikit-learn Bayesian LR Active learning, online update
Email Ingest IMAP/Graph API connector Incremental sync

Embedding Sentence-BERT (fine-tuned) 768-dim, enterprise corpus
Vector Store FAISS (IVF-PQ) + PostgreSQL 4,096 cells, 48 sub-quantizers
Lexical Index Elasticsearch 8.x Custom email analyzers
Reranker Cross-encoder (fine-tuned) Modality-type features

LLM Backend LLM-agnostic Claude, GPT-40, Llama 3.1 70B
NLI Verifier DeBERTa-v3-large (fine-tuned) MNLI + domain data

Graph Store Neo4;j OMG, entity relationships
Orchestrator Python (FastAPI) Async pipeline execution

Table 3: HITL prediction performance comparison.

Method Precision  Recall F1 Latency Masked
Static threshold (7 = 0.5) 78.2% 100.0% 87.8% 0%
Logistic regression 91.4% 88.7%  90.0% 72.3%
LLM-based prediction 93.1% 852%  88.9% 68.4%
XGBoost (ours) 96.8% 93.7%  95.2% 91.4%

6.2 Deployment Architecture

FORGE MEMORY supports three deployment modes aligned with FORGE OS topologies: (i) fully
private with local LLMs, (ii) hybrid with local embedding/retrieval and cloud LLM, and (iii) cloud-
hosted on FedRAMP-authorized infrastructure. All modes implement role-based access control,
audit logging, and configurable data retention.

7 Experimental Evaluation

We evaluate FORGE MEMORY along two tracks: Track 1 evaluates the new governance capabilities
(AMAE, IGOM, HITL), and Track 2 evaluates the retained intelligence capabilities (TCR, Dual-
Stream, DCE). All experiments are conducted on production hardware (dual Intel Xeon Gold 6338,
512 GB RAM, NVIDIA A100 40GB).

7.1 HITL Prediction Accuracy

Table 3] reports the performance of the speculative HITL approval predictor.

The XGBoost predictor achieves 96.8% precision at 93.7% recall, enabling speculative execution
for 91.4% of HITL-gated actions. The 3.2% false positive rate (actions speculatively executed but
subsequently rejected) results in sandbox rollbacks with zero production impact.

7.2 Speculative Execution Safety

Table ] reports safety metrics across 10,000 simulated approval workflows.

Across 10,000 workflows, zero rejected actions affected production state and zero sandbox escape
events occurred. The 100% rollback success rate validates the safety guarantee of Theorem 3]

7.3 Risk Matrix Calibration

Table 5] compares calibration approaches.
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Table 4: Speculative execution safety metrics (10,000 simulated workflows).

Metric Value
Actions speculatively executed 9,140 (91.4%)
False positives (executed, then rejected) 294 (3.2%)
Rollback success rate 100.0%
Production state affected by rejected action 0
Sandbox escape events 0
Mean speculative execution time 847 ms
Mean approval latency (masked) 12.4 min
Effective latency reduction 91.4%

Table 5: Risk matrix calibration speed and accuracy comparison.

Method Time to 90% F1 Time to 95% F1 Expert Labels Final F1
Manual expert 2.3 weeks 3.8 weeks 2,400 96.1%
LLM-only (no learning) Immediate N/A 0 78.4%
LLM + random sampling 4.2 days 8.1 days 340 94.7%
LLM + active learning (ours) 18 hours 41 hours 124 95.8%

Active learning with LLM-seeded initialization achieves 95% F1 within 41 hours using only 124
expert labels—a 19 reduction in labeling effort compared to manual calibration.

7.4 1GOM Tiered Performance

Table [6]reports tier-level performance metrics.

The Hot tier sustains 47,000 events per second with sub-millisecond write latency, sufficient for
real-time HITL evaluation. Merkle proof verification at the Hot tier completes in 0.8ms, enabling
tamper detection as part of the real-time event processing pipeline.

7.5 Thread Reconstruction Accuracy

Table[7]reports TCR performance against baselines on thread boundary detection and topic segmen-
tation.

TCR achieves 94.7% F1 on thread boundary detection, a 7.1pp improvement over the BERT base-
line, attributable to the structural recovery heuristics that resolve missing headers present in 23.4%
of enterprise emails.

7.6 Retrieval Quality
Dual-Stream Fusion achieves 72.4% R@5 and 0.734 NDCG, a 13.1pp and 0.122-point improvement

over GraphRAG. Removing either stream degrades performance significantly, confirming genuine
cross-modal dependence.

7.7 Citation Fidelity

The DCE achieves 98.6% citation coverage and 94.1% precision. Removing NLI verification drops
precision by 17.7pp, demonstrating that structural enforcement is necessary.

7.8 End-to-End Task Performance
FORGE MEMORY achieves 83.5% accuracy and 88.6% faithfulness averaged across task types. The

46.5pp improvement over Naive RAG on Decision Trace queries validates the core hypothesis that
email thread structure contains essential operational intelligence.
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Table 6: IGOM tiered storage performance.

Tier Write Latency Read Latency Throughput Merkle Verify
Hot (Redis) 0.4 ms 0.2ms 47,000 evt/sec 0.8 ms
Warm (PostgreSQL) 2.1 ms 8.4ms 12,000 evt/sec 4.2 ms
Cold (S3 WORM) 340 ms 1,200 ms 2,000 evt/sec 890 ms

Table 7: Thread reconstruction performance (F1 score).

Method Thread Boundary Topic Segment Combined F1
Header-Only 78.3 — 78.3
Yeh & Harnly 82.1 — 82.1
BERT-Thread 87.6 71.2 79.4
GPT-40 (zero-shot) 85.4 74.8 80.1
TCR (ours) 94.7 86.3 90.5

— Phase 2 94.7 68.1 81.4

— Phase 3 94.7 86.3 87.2

7.9 Statistical Analysis

One-way ANOVA across the three enterprise datasets yields no significant difference in end-to-end
accuracy (F'(2,1497) = 2.14, p = 0.118), indicating robust cross-domain generalization. Effect
sizes (Cohen’s d) for FORGE MEMORY vs. GraphRAG are: Factual Lookup d = 1.42 (large), Cross-
Modal Synthesis d = 2.18 (very large), Decision Trace d = 2.87 (very large). Paired bootstrap
test (n = 10,000 resamples) yields p < 0.001 for all comparisons, with 95% CI for accuracy
improvement: [21.4, 24.1] points over GraphRAG.

7.10 Scalability

Median query latency increases sublinearly with corpus size: a 50x increase (100K to 5SM entries)
yields only 42% increase in P50 latency (642ms to 912ms). IGOM scalability: the Merkle chain
sustains 47,000 events/sec at the Hot tier with no degradation as chain length increases (due to the
append-only architecture).

8 Deployment Case Studies

8.1 Legal Services: Contract Compliance Review

A corporate law practice (18 attorneys, 12 support staff) deployed FORGE MEMORY to review ven-
dor compliance against master service agreements, indexing 340K email messages and 2,800 con-
tract documents. The IGOM provides tamper-evident audit trails for all Al-assisted legal research,
satisfying legal hold compliance requirements. HITL gates require attorney approval for contract
interpretation queries with risk score > 0.6.

Results (6-month evaluation): 4.2 retrieval time reduction, 89.4% reduction in clarification re-
quests, 94.2% useful rating, zero citation errors verified.

8.2 Healthcare Administration: Policy Compliance

A hospital network (3 facilities, 4,200 employees) deployed FORGE MEMORY for policy compli-
ance verification. Auto-calibrated risk matrices were initialized from Joint Commission standards
and HIPAA regulations, reaching 95% F1 within 36 hours. FORGE QBIT-signed citations enable
regulatory audit with cryptographic provenance.

Results (4-month evaluation): 91.8% user satisfaction, 67.3% reduction in audit preparation time,
3 proactive policy contradiction discoveries.
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Table 8: Retrieval performance comparison (averaged across three enterprise datasets).

Method R@5 R@10 MRR NDCG
BM25 (unified) 42.1 56.3 0.384 0.421
Dense (unified) 54.7 68.2 0.512 0.548
Hybrid (unified) 59.3 72.8 0.557 0.593
GraphRAG 61.8 74.1 0.574 0.612
Dual-Stream (ours)  72.4 84.6 0.691 0.734
— Reranker 65.1 78.3 0.618 0.662
— Email index 48.2 63.7 0.463 0.501
— Doc index 55.6 69.4 0.531 0.567

Table 9: Citation fidelity comparison.

Method Coverage Precision Traceability
RAG + post-hoc attribution 64.2% 71.8% —
ALCE-style 78.4% 79.3% —
Self-RAG 82.1% 83.7% —
DCE (ours) 98.6 % 94.1% 97.3%
w/o NLI verify 98.6% 76.4% 97.3%
w/o iterative 91.2% 94.1% 97.3%

8.3 Defense Contracting: Program Management

A mid-tier defense contractor ($180M annual revenue) deployed FORGE MEMORY for multi-year
program management. AMAE orchestrates multi-step program review workflows, with speculative
HITL for routine contracting officer approvals. The IGOM Cold tier (S3 WORM) satisfies DFARS
compliance record retention requirements.

Results (8-month evaluation): 73.1% reduction in review preparation time, 4 recovered unan-
swered government requests, 96.2% citation accuracy, adoption as standard IBR preparation tool.

9 Discussion

9.1 Key Findings

Six principal findings emerge.

Thread structure is operationally essential. The 46.5pp accuracy improvement on Decision Trace
queries demonstrates that email thread reconstruction provides information unavailable through
document-only retrieval. Enterprise decisions are made in conversations, not documents.

Cross-modal fusion outperforms homogeneous retrieval. Dual-Stream consistently outperforms
unified baselines by 13+ points on recall, confirming genuine cross-modal dependence.

Citation enforcement reduces hallucination. The DCE’s 98.6% coverage and 94.1% precision
demonstrate that inline citation constraints effectively prevent hallucinated claims.

Predictive HITL masks 91.4% of approval latency. Speculative execution with XGBoost predic-
tion enables near-synchronous workflow execution while preserving formal safety guarantees.

Auto-calibrated risk matrices reduce onboarding from weeks to <48 hours. LLM-seeded ini-
tialization with active learning achieves 95% F1 with only 124 expert labels.

Tiered IGOM scales to enterprise volumes. 47,000 events/sec at the Hot tier with sub-millisecond
latency, satisfying both real-time governance and long-term compliance.
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Table 10: End-to-end task performance (accuracy / faithfulness %).

Task Type Naive RAG GraphRAG FORGE MEMORY
Factual Lookup 71.2/68.4 76.8/74.2 89.4/92.1
Cross-Modal Synthesis ~ 43.6/51.2 58.3/62.7 82.7/88.4
Decision Trace 31.8/42.1 47.2/53.6 78.3/85.2
Average 48.9/53.9 60.8 /63.5 83.5/88.6

Table 11: Comparison with existing systems.

Capability FORGE MEMORY LangGraph  Copilot Gemini
Immutable audit trail IGOM None None None
HITL gates Predictive Basic None None
Citation granularity Sentence None Summary  Summary
Citation verification NLI + hash None None None
Cross-modal retrieval Full None Limited Limited
Thread reconstruction Full TCR None Basic Basic
Private deployment Yes Yes No No
Workflow orchestration AMAE Graph None None
Compliance (SEC 17a-4) Yes No No No

9.2 Comparison with Existing Systems
9.3 Limitations

Speculative execution sandbox: Some side effects (external API calls, physical actuations) may
not be fully reversible. The current sandbox supports database transactions, file system snapshots,
and API call buffering but cannot rollback effects that leave the FORGE OS perimeter.

HITL prediction cold start: The XGBoost predictor requires training data from actual approval
decisions. New deployments operate in synchronous HITL mode for the first 1-2 weeks while the
predictor accumulates sufficient training data.

Attachment processing: FORGE MEMORY currently catalogs email attachments and indexes meta-
data but does not deeply process complex attachments (spreadsheets with formulas, CAD files, au-
dio/video).

Multilingual support: The current implementation is optimized for English. Multilingual environ-
ments require additional embedding models and language-specific thread reconstruction heuristics.

10 Conclusion

We have presented FORGE MEMORY, the governance, execution, and immutable audit engine of
FORGE OS. Through six integrated capabilities spanning governance (AMAE, IGOM, Predictive
HITL) and intelligence (TCR, Dual-Stream Fusion, DCE), FORGE MEMORY addresses both the
governance gap and the operational memory deficit that impede enterprise Al deployment.

Production deployment across legal services, healthcare administration, and defense contracting
demonstrates practical viability: 4.2x retrieval speedup, 89.4% hallucination elimination, 91.4%
HITL latency masking, 47,000 events/sec IGOM throughput, and risk matrix calibration within 48
hours. The system processes over 2.1 million email-document interactions daily with sub-800ms
median query latency.

FORGE MEMORY validates the Operational Memory Hypothesis: the most valuable organizational
knowledge for day-to-day operations is not the knowledge formalized into documents, but the
knowledge in the delta between formal documentation and actual practice—encoded primarily in
email communications.

Future work includes multi-channel integration (Slack, Teams), proactive intelligence alerting, fed-
erated deployment across organizational boundaries, and expanded multimodal processing for email
attachments.
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For companion subsystem specifications, see FORGE CORE [577 Industries R&D Lab)} 2025a],
FORGE QBIT [[577 Industries R&D Lab, [2025b|], and FORGE KINETIC [577 Industries R&D Lab,
2025¢]). For the unified platform architecture, see the FORGE OS Spine [577 Industries R&D Lab),
2025d].
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