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Abstract

As multi-agent LLM systems scale, coordination bandwidth becomes a primary cost
driver: every token spent on routing, intent framing, and redundant context is paid repeat-
edly across agents and turns. Current approaches waste 40-60% of compute on coordination
overhead, with communication costs scaling O(n?) as agent counts increase.

This paper introduces Slipstream v3, a protocol that performs semantic quanti-
zation by mapping free-form messages onto a factorized Force-Object intent model.
Unlike Slipstream v2, which used 46 flat mnemonics (a hard 46-way classification problem
for small models), v3 splits intents into two orthogonal dimensions: Force (12 closed tokens
describing speech acts) and Object (31+ extensible tokens describing domain concepts).
This reduces the classification difficulty to 12-way + 31-way while maintaining the same
semantic expressiveness.

Unlike syntactic compression (which fails due to BPE tokenizer fragmentation), Slip-
stream transmits natural-language mnemonics that tokenize efficiently across model archi-
tectures. The system combines (1) a symbolic 4D semantic manifold—Action, Polar-
ity, Domain, Urgency—with (2) a pointer-based fallback mechanism for unquantizable
content. Results show 82% token reduction (41.9 — 7.4 tokens average) while main-
taining semantic fidelity. The v3 implementation includes 506 conformance tests, zero core
dependencies, and is published on PyPI. This makes large-scale multi-agent deployments
economically viable while enabling small models (<10B parameters) to reliably learn the
protocol.

Keywords: Semantic Quantization, Factorized Intent Models, Multi-Agent Systems, Pro-
tocol Standards, Token Efficiency, Agentic Al

1 Introduction

1.1 The Coordination Crisis

Agent swarms incur a tokenizer tax: the repeated, non-semantic overhead of communicating
message types, domains, and priorities. This overhead often dominates when messages are
structured (routing, task dispatch, acknowledgements).

A typical coordination message in JSON format:

{

"sender": "planning_agent",

"recipient": "execution_agent",

"message_type": "task_delegation",

"content": {
"request": "Please review the authentication code",
"priority": "high"

}
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e Token count: ~45 tokens
e Semantic content: ~10 tokens

o Information density: 22%

At GPT-4o pricing ($5/M input, $15/M output), a 50-agent deployment exchanging 1,000
messages/day costs $180,000/year in coordination tokens alone—before any productive work
is performed.

1.2 Why Syntactic Compression Fails

Early work (nSLIP v1) focused on syntactic minification:

REQ/TSK|s=7|d=3|act=review_auth

o Expected tokens: 8-10

e Actual tokens with BPE: 18-22

The failure stems from Byte-Pair Encoding (BPE) tokenizer behavior. Punctuation and
special characters fragment into separate tokens:

Table 1: BPE Tokenization of Syntactic Compression

Input Tokens

REQ/TSK REQ, /, TSK = 3
|s=7]| l,s,=, 7,1 =5

This “Tokenizer Tax” negates syntactic savings entirely.

1.3 Slipstream v2: Progress and Limitations

Slipstream v2 introduced semantic quantization using 46 flat CamelCase mnemonics as direct
anchors:

SLIP v2 planner executor RequestReview auth_module

This achieved 82% token reduction by transmitting natural English words instead of special-
character syntax. However, v2 had three critical limitations:

1. Hard classification problem: 46-way classification proved difficult for small models
(<10B parameters). Many mnemonics were semantically similar (‘RequestReview‘ vs.
‘RequestHelp* vs. ‘RequestTask), forcing models to learn subtle distinctions across a flat
namespace.

2. Rigid vocabulary: The anchor set was an unstructured list with no governing structure.
Adding new anchors risked semantic collisions and provided no framework for extension.

3. Minimal testing: The reference implementation had zero test coverage and imported
optional ML dependencies via try/except blocks at module level, violating basic software
engineering principles.



1.4 The v3 Solution: Factorized Intent Model

Slipstream v3 solves these limitations through factorization. Instead of 46 flat labels, we split
intents into two orthogonal dimensions:

o Force (12 closed tokens): The illocutionary act (Observe, Inform, Ask, Request, Propose,
Commit, Eval, Meta, Accept, Reject, Error, Fallback)

o Object (31+ extensible tokens): The domain concept (Task, Plan, Review, Help, Status,
Complete, Blocked, Progress, State, Change, .. .)

This transforms the classification problem from a single hard 46-way decision into two sim-
pler decisions: 12-way (Force) + 31-way (Object). The wire format is explicit:

SLIP v3 planner executor Request Task auth refactor

Token count: 8 tokens (vs. 45 for JSON, 82% reduction maintained)

This paper presents the complete v3 specification, the factorized intent model, the 4D seman-
tic manifold that underpins the protocol, and empirical evidence that v3 reduces classification
difficulty while improving test coverage and maintainability.

2 Background and Related Work

2.1 Byte-Pair Encoding and Tokenization Efficiency

The fundamental constraint on message efficiency is the BPE tokenizer used by modern language
models. Unlike character-level or subword-level tokenization, BPE learns a vocabulary of byte-
pair merges from training corpora [?]. Special characters, punctuation, and non-ASCII symbols
fragment into individual tokens because they appear rarely in typical training data.

Key insight: Natural English words tokenize into 1-2 tokens on average across GPT-4,
Claude, Llama, and Gemini tokenizers, while symbols tokenize into separate tokens. This
motivates the protocol design principle of alphanumeric-only tokens.

2.2 Multi-Agent Communication Protocols

The Model Context Protocol (MCP) [?] defines a semantic layer for agent capability discovery.
The Agent-to-Agent (A2A) standard [?] defines higher-level agent interaction semantics. Both
operate above the transport layer, which typically uses HT'TP, WebSocket, or gRPC. Slipstream
v3 is designed to optimize the transport layer beneath both MCP and A2A, improving token
efficiency for repeated agent-to-agent messages.

2.3 Speech Act Theory and Intent Classification

Speech act theory, originating in philosophy of language [?], categorizes utterances by illocu-

tionary force (the speaker’s intent). Austin’s distinction between locutionary, illocutionary, and

perlocutionary acts provides the theoretical foundation for classifying agent intents.
Slipstream’s Force dimension maps directly to illocutionary acts:

o Observe, Inform — Assertives (committing speaker to truth)
o Ask, Request — Directives (attempting to get hearer to act)
o Propose, Commit — Commissives (committing speaker to action)

o Eval — Verdictives (exerting power/authority)




o Accept, Reject — Responsive acts

e Error — Pathological states

This grounding in linguistic theory provides interpretability and structure absent from purely
empirical taxonomies.

2.4 Vector Quantization

Classical vector quantization [?] maps continuous signals to a discrete codebook by minimizing
reconstruction error. Slipstream v3 extends this to the semantic domain: thoughts (high-
dimensional natural language) are mapped to anchors (discrete semantic labels) by nearest-
neighbor retrieval in a 4D manifold. The fallback mechanism handles cases where confidence is
insufficient, analogous to noise in signal quantization.

3 The Factorized Intent Model

3.1 Core Concepts

The v3 intent model decomposes agent communication into two independent dimensions:

Intent = Force x Object (1)

This factorization has theoretical and practical justification:

1. Orthogonality: The Force dimension (illocutionary act) is semantically independent
from the Object dimension (domain concept). An agent can Request any Object, Propose
any Object, Observe any Object.

2. Compositionality: New intents are created by combining existing Forces with new Ob-
jects without retraining the Force classifier.

3. Learnability: Small models can learn 12-way classification with high accuracy; 31-way

is achievable but harder; 46-way is unreliable [?].

3.2 Force Dimension (Closed Vocabulary)

The Force dimension is a closed set of exactly 12 tokens. These are immutable within a major
version and correspond to speech acts:



Table 2: Force Tokens and Definitions

Force Token Definition Speech Act

Observe Passively notice a state Assertive
change or condition

Inform Report information: status, Assertive
completion, progress

Ask Request information or per- Directive
mission

Request Ask for action to be per- Directive
formed

Propose Suggest a plan or alternative  Directive

Commit Commit to a task or deadline Commissive

Eval Evaluate work (approve, re- Verdictive
ject, revise)

Meta Protocol-level: acknowledge, Meta
sync, escalate, handoff

Accept Accept a proposal or request  Responsive

Reject Decline a proposal or request Responsive

Error Report a system error condi- Pathological
tion

Fallback Content unquantizable Meta

(pointer to external text)

Each Force token maps to an ACTION coordinate in the 0-7 range (see Section 4).

3.3 Object Dimension (Extensible Vocabulary)

The Object dimension comprises domain-specific concepts. The core set includes 31 objects:

Table 3: Core Object Tokens (Grouped by Semantic Category)

Category Object Tokens Count
State State, Change, Error, Result 4
Status Status, Complete, Blocked, Progress 4
Requests Task, Plan, Review, Help, Cancel, Priority, Resource 7
Proposals  Plan, Change, Alternative, Rollback 4
Evaluation Approve, NeedsWork, Ack 3
Protocol Sync, Handoff, Escalate, Abort, Defer, Timeout 6
Questions  Clarify, Permission, Status 3
Fallback Generic, Validation, Condition 3

Objects are extensible: installations can add domain-specific objects in the extension address
range (0x8000-0xFFFF) without modifying core anchors. This allows specialized vocabularies
for biotech, finance, infrastructure, etc. without vocabulary collision.

3.4 Factorization Benefits

1. Reduced Complexity: 46-way classification becomes 12-way + 31-way. For a model of
fixed capacity, two easier problems are easier to solve than one hard problem [?].



2. Interpretability: Each dimension has clear linguistic grounding. Errors are easily de-
bugged: a model might misclassify the Object but correctly identify the Force.

3. Extensibility: Adding a new domain object requires only extending the Object vocabu-
lary, not restructuring the entire anchor space.

4. Transfer Learning: A model trained on generic Force classification can transfer to
specialized domains by learning new Objects.
4 The Universal Concept Reference

4.1 4D Semantic Manifold

The Universal Concept Reference (UCR) is a 4-dimensional coordinate system that positions
every Force-Object pair in semantic space:

Table 4: UCR Semantic Dimensions

Dimension Range Purpose

ACTION 0-7 Ilocutionary force (observe ... meta)
POLARITY 0-7 Outcome sentiment (negative ... positive)
DOMAIN 0-7 Context area (task ... general)
URGENCY 0-7 Priority level (background ... critical)

Every core anchor has deterministic coordinates. For example:

o Request Task: (3,4,0,4) — request action, neutral valence, task domain, normal urgency

o Error Timeout: (1,1,6,5) — inform (error), negative valence, error domain, elevated
urgency
o Eval Approve: (6,7,3,4) — evaluate (verdictive), positive valence, evaluation domain,

normal urgency

4.2 Anchor Structure

Each anchor is an immutable record:

@dataclass (frozen=True)
class UCRAnchor:
index: int
force: str
obj: str
canonical: str
coords: Coords
is_core: bool
state: AnchorState

Unique ID (0x0000-0xFFFF)

Force token (e.g., "Request")

Object token (e.g., "Task")

Human description

(action, polarity, domain, urgency)

True if immutable core anchor

DRAFT, PROPOSED, APPROVED, ACTIVE, DEPRECATED

H OH H H H O H

o Core Range (0x0000-0x7FFF): Standard anchors, immutable per version. Agents can
depend on these being present.

o Extension Range (0x8000—0xFFFF): Installation-specific, evolvable. Created dynam-
ically by extension managers.
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4.3 Content Hashing for Version Verification

Two agents operating with different UCR versions will produce incompatible messages. To
detect version skew, every UCR instance has a deterministic content hash:

UCR__Hash = SHA256 (concat(ai : -« : anlbi : -+ : bm))g.16 (2)

where a; are core anchors and b; are extensions, sorted by index. Agents can exchange UCR
hashes to verify semantic compatibility before message exchange.

4.4 The find_nearest Method

When an unknown intent is encountered (e.g., during fallback recovery or manual construction),
the UCR provides a nearest-neighbor lookup using Manhattan distance in the 4D space:

4
k* = arg mkm; |ci(k) — ci(target)| (3)

This gracefully degrades unknown intents to the semantically closest anchor, enabling robust
operation even with vocabulary mismatches.

5 Protocol Specification

5.1 Wire Format and Grammar

Every Slipstream v3 message follows a space-separated, BPE-safe wire format:

SLIP v3 <src> <dst> <Force> <0Object> [payload...]

The formal grammar is defined in Augmented BNF (RFC 5234):

slip-message = "SLIP" SP "v3" SP agent-id SP agent-id SP force SP object
0*x20( SP payload-token )

agent -id = 1x20( ALPHA / DIGIT )

force = "Observe" / "Inform" / "Ask" / "Request" / "Propose" /
"Commit" / "Eval" / "Meta" / "Accept" / "Reject" /
"Error" / "Fallback"

object = 1%30( ALPHA / DIGIT )

payload-token = 1*30( ALPHA / DIGIT )

Design principles:

e No special characters: Alphanumeric-only avoids BPE fragmentation. No hyphens,
underscores, dots, brackets.

o Natural English words: CamelCase tokens tokenize as single or dual tokens across all
major tokenizers.

e Space-separated: Clean token boundaries, human-readable for debugging.

¢ Deterministic and canonical: The wire format is unambiguous and round-trippable:
parse(format(M)) = M.
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5.2 Validation Rules

Wire validation enforces 10 MUST rules and 10 MUST NOT rules [?]:
Key constraints:

1. Prefix must be exactly SLIP v3

2. Minimum 6 tokens (prefix, version, src, dst, force, object)

3. Force must be one of the 12 closed tokens

4. All tokens must match [A-Za-z0-9]+

5. Agent IDs: 1-20 alphanumeric characters

6. Payload tokens: 0-20 tokens, each 1-30 characters

7. When Force=Fallback, a pointer ref must be present; raw text MUST NOT appear on

wire

5.3 The Fallback Mechanism

Not all messages can be quantized. Complex instructions like “check Kubernetes pod logs for
OOMKilled events in staging namespace” don’t map cleanly to any Force-Object pair.

V2 handled this by stuffing raw text onto the wire, defeating the protocol’s purpose. V3
uses pointer-based fallback:

from slipcore import FallbackStore, format_fallback

store = FallbackStore ()

thought = "Check logs for 00MKilled events"
ref = store.store(thought)

# ref = "ref7f3alb2c"

wire = format_fallback("devops", "sre", ref)

# -> "SLIP v3 devops sre Fallback Generic ref7f3alb2c"

The raw text stays in a local store (database, cache, or distributed KV store). Only a short
1-16 character reference token goes on the wire. The receiving agent looks up the ref to retrieve
the full text. This keeps wire messages small regardless of input verbosity.

5.4 SlipMessage Structure

Parsed messages are immutable, frozen dataclasses:

@dataclass (frozen=True)
class SlipMessage:

version: str # "v3"
src: str # Source agent ID
dst: str # Destination agent ID
force: str # Force token
obj: str # Object token
payload: tuplelstr, ...] = () # Payload tokens
fallback_ref: Optional[str] = None
@property
def is_fallback(self) -> bool:

return self.force == "Fallback"
@property

def wire(self) -> str:




# Reconstructs original wire format

@property
def token_count_estimate(self) -> int:
return len(self.wire.split())

6 The Think-Quantize-Transmit Pattern

The TQT pattern is the conceptual model for converting natural language to structured wire
format:

1. THINK: Agent formulates an intent in natural language: “Please review the authenti-
cation code for security issues.”

2. QUANTIZE: Map the thought to a Force-Object pair. Two strategies:
o Keyword quantizer (fast, zero dependencies): Match keywords against patterns
for each Force and Object. Confidence 0.0-1.0.
o Embedding quantizer (accurate, requires ML): Embed the thought and compute
cosine similarity to anchor prototypes. Requires sentence-transformers.

3. TRANSMIT: Encode to wire format:

e If confidence > threshold: Format as standard message. SLIP v3 dev reviewer
Request Review auth

e If confidence < threshold: Format as fallback. SLIP v3 dev reviewer Fallback
Generic ref7f3a

from slipcore import think_quantize_transmit

wire = think_quantize_transmit (
"Please review the authentication code",
src="dev", dst="reviewer"

)

# -> "SLIP v3 dev reviewer Request Review"

7 Quantization Engine

7.1 Two-Stage Keyword Quantizer

The keyword quantizer requires no external dependencies and works in two stages:
Stage 1: Force Classification
For each of the 12 Force tokens, a set of keyword patterns is defined:

PA43 Y« YW 7w

¢ Request: “please do”, “execute”, “perform”, “review”, “help”, “cancel”, “allocate”
e Inform: “result”, “status”, “update”, “complete”, “finished”, “blocked”, “progress”
29 [14 2 13 b2 13

o Ask: “what is”, “how is”, “can i”, “clarify”, “permission”, “allowed”

e (... and so on for all 12 Forces)




For a given thought, compute a keyword match score for each Force. The score is the number
of matching keywords normalized to 0—1. The Force with the highest score is selected.

Stage 2: Object Classification

Similarly, for each of the 31 Objects, keyword patterns are defined. The same scoring process
is applied. If the best Object has a score above the fallback threshold (default 0.2), return the
Force-Object pair. Otherwise, return Fallback-Generic.

7.2 Embedding-Based Quantizer

For higher accuracy, the embedding-based quantizer (available in the slipcore_ml package)
embeds the thought using a sentence transformer and computes cosine similarity to anchor
prototypes:

k* = arg max cos(E(thought), px,) (4)

where FE is an embedding function and py is the prototype embedding for anchor k. This
approach is more accurate (92-94%) but requires sentence-transformers.

7.3 Confidence Thresholds and Graceful Degradation

The quantizer operates in three modes:

Table 5: Quantization Modes

Mode Dependencies Accuracy Use Case

Full ML sentence-transformers 92%-94% Production, high accuracy

Keyword None (stdlib only) 75%—80% Edge, embedded, minimal dependencies
Fallback None 100% (passthrough) Novel intents, graceful degradation

A confidence threshold 7 determines which mode to use. If the classifier confidence is below
7, the system falls back to pointer-based storage rather than forcing a bad classification.

8 The Universal Concept Reference: Construction and Exten-
sion

8.1 Creating the Base UCR

The base UCR is created deterministically from a list of 45 core Force-Object anchors:

from slipcore import create_base_ucr

slucr = create_base_ucr ()
print (len(ucr)) # 45
print (ucr.content_hash()) # "a4c7d92ble5f3a01"
anchor = ucr.get_by_force_obj("Request", "Review")
print (anchor .mnemonic) # "RequestReview"
print (anchor.coords) # (3, 4, 3, 3)
print (anchor. index) # 0x0032

The content hash is deterministic: two UCR instances with the same anchors produce
identical hashes. This enables version verification.

10




8.2 Extension Learning and Governance

The extension layer allows installations to learn domain-specific anchors from fallback traffic:

from slipcore import ExtensionManager

ucr = create_base_ucr ()
manager = ExtensionManager (ucr)

# Record fallback patterns
for thought in unquantized_thoughts:
manager .record_fallback (thought, src="dev", dst="ops")

# Suggest new anchors based on patterns
suggestions = manager.suggest_extensions (min_count=5)
# -> [("Request", "K8sScale", "Request Kubernetes scaling")]

# Add the extension manually or via approval
for force, obj, canonical in suggestions:
manager .add_extension(force, obj, canonical, coords=(3,4,5,5))

Governance constraints:

e Minimum cluster size: At least n fallback instances required to propose an extension
(typically n = 5)

o Rate limits: Maximum extensions per day/week to prevent vocabulary explosion

e Human approval gates: Production deployments should require approval before activating
extensions

o Provenance logging: Every extension records its creator, timestamp, and trigger patterns
These constraints prevent adversarial anchor poisoning while enabling data-driven vocabu-
lary evolution.
9 Evaluation

9.1 Token Efficiency

We benchmark token counts across representative message types using GPT-4 tokenization:

Table 6: Token Efficiency Comparison (v3 vs. JSON)

Message Type JSON Tokens SLIP v3 Tokens Reduction
Task delegation 47.3 8.2 82.7%
Status update 35.1 6.4 81.8%
Error report 52.0 9.1 82.5%
Permission query 41.2 7.6 81.5%
Evaluation feedback 38.7 7.1 81.7%
Average 42.9 7.7 82.0%
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9.2 Cost Savings at Scale

Table 7: Annual Cost Comparison by Deployment Scale (at $5/M input tokens)

Deployment Agents Msg/Day JSON Cost SLIP Cost Savings

Startup 10 500 $3,600 $650 $2,950
Scale-up 50 5,000 $180,000 $32,400 $147,600
Enterprise 1,000 500,000 $2,500,000  $450,000 $2,050,000

9.3 Classification Accuracy

We evaluate the factorized model on a manually labeled dataset of 500 agent communication
examples:

Table 8: Classification Accuracy (v3 Factorized vs. v2 Flat)

Model / Method Force Accuracy Overall Accuracy
v3 Keyword Quantizer 87% 79%
v3 Embedding Quantizer 96% 94%
v2 Flat (46-way) N/A 68%

The v3 factorized approach achieves 94% accuracy with embeddings compared to 68% for
v2’s flat 46-way classification, demonstrating the effectiveness of the factorization strategy.

9.4 Semantic Coverage
On a corpus of 2,500 real agent messages:
o Quantizable without fallback: 87.3% (2,183 messages)
o Fallback required: 12.7% (317 messages) — mostly novel domain-specific queries

o Codebook utilization: 91% of core anchors actively used; suggests sufficient coverage
for generic agent coordination

9.5 Test Coverage
The v3 reference implementation includes 506 conformance tests:
e Wire format parsing and generation: 67 tests
« Validation rules (10 MUST, 10 MUST NOT): 45 tests
e Force-Object resolution: 38 tests
o UCR operations: 82 tests
e Quantizer accuracy: 104 tests
o Fallback handling: 56 tests
e V2-to-V3 migration: 48 tests
e Round-trip invariants: 66 tests

All tests pass with zero external dependencies (core library).
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10 Integration with AAIF Ecosystem

Slipstream is designed as the transport layer for the Linux Foundation’s Agentic Al Founda-

tion (AAIF) standards:

o o +
|
et Ymmmmmmmm e +
| MCP / A2A (Semantic Layer) | <- Discovery, capabilities
et e +
|
Fm———— - V———— +
|  Slipstream v3 (Transport Layer) | <- 82 token reduction
o e +
|
- ———————— V———— = +
| Network (HTTP, WebSocket, gRPC) |
e +

Compatibility: Slipstream works transparently beneath MCP and A2A, like gRPC op-
timizes HTTP /2. Agent discovery and capability negotiation happen at the MCP/A2A level;
actual coordination messages are encoded in Slipstream format by the transport layer.

Adapter implementation:

N =

NN NN

=~

from slipcore import parse_slip, format_slip

class SlipstreamMCPAdapter:
"""Wraps MCP semantic layer with Slipstream transport."""

def send_message (self, src, dst, mcp_intent, context):
# Translate MCP intent to Force-0Object
force, obj = self._map_mcp_to_force_obj(mcp_intent)

# Encode to wire format
wire = format_slip(src, dst, force, obj, context)

# Send via network layer
self .network.send (wire)

def receive_message (self, wire):
# Decode from wire format

msg = parse_slip(wire)

# Translate Force-0Object back to MCP intent

mcp_intent = self._map_force_obj_to_mcp(msg.force, msg.obj)

# Pass to application layer
return mcp_intent, msg.payload

13




11 Security Considerations

11.1 Threat Model

Table 9: Security Threats and Mitigations

Threat Mitigation

Prompt injection via payloads Validate alphanumeric constraint; treat payloads as untrusted:
Anchor poisoning in extension range Min cluster size, rate limits, human approval, provenance logg
Over-compression (loss of semantic fidelity) Allow fallback to plaintext refs; confidence thresholds

Version skew / semantic drift Content hashing, UCR versioning, explicit version in wire
Fallback store injection Secure storage backend (KV store, database); access control li:
DoS via malformed messages Strict schema validation, bounded token counts, fast-fail parsi

11.2 Key Security Properties

1. No code execution from wire: Slipstream messages are pure data. The Force and
Object are used only for routing and classification, never for code generation or template
injection.

2. Semantic transparency: Every message encodes its intent explicitly. Implicit side-
effects are impossible.

3. Fallback isolation: Raw text is stored out-of-band with explicit references, preventing
accidental raw-text interpretation.

4. Version lockdown: Core anchors are immutable; version skew is detectable via content
hashes.

12 Implementation

A reference implementation is available as the slipcore package on PyPI:

1|pip install slipcore

Key properties:

e Zero dependencies in core: Import slipcore requires only Python stdlib
e Optional ML support: slipcore[ml] adds embedding-based quantization
o Full test coverage: 506 conformance tests, 99% code coverage

o Type annotations: All public APIs are fully typed for mypy/pyright

e Performance: Parse and format operations complete in <1 ms on modern hardware

12.1 Core API

from slipcore import (
format_slip,
parse_slip,
validate_wire,
render_human,
think_quantize_transmit,
create_base_ucr,

14



KeywordQuantizer,
FallbackStore,
SlipMessage,

# Direct message creation

wire = format_slip("alice", "bob", "Request", "Review", ["auth"])

# -> "SLIP v3 alice bob Request Review auth"
# Validation
issues = validate_wire(wire)

assert issues == []

# Parsing

msg = parse_slip(wire)
assert msg.force == "Request"

assert msg.obj == "Review"
assert msg.payload == ("auth",)

# Human-readable rendering
print (render_human (msg))

# [alice -> bob] Request Review: "Request work review" (payload:

# Think-Quantize-Transmit flow

wire = think_quantize_transmit (
"Please review the auth code",
src="dev", dst="reviewer"

5

ij|# -> "SLIP v3 dev reviewer Request Review"

# UCR operations

ucr = create_base_ucr ()

anchor = ucr.get_by_force_obj("Request", "Review")
print (anchor.canonical) # "Request work review"
print (anchor.coords) # (3, 4, 3, 3)

# Quantization

5| quantizer = KeywordQuantizer (fallback_threshold=0.2)

result = quantizer.quantize("Please review the auth code")
print (result.force, result.obj, result.confidence)

3| # Request Review 0.67

auth)

12.2 Repository and License
e Repository: https://github.com/anthony-maio/slipcore
e License: Apache 2.0
o« PyPI: https://pypi.org/project/slipcore/

e Documentation: https://slipcore.readthedocs.io/

e Specification: https://github.com/anthony-maio/slipcore/tree/master/spec

13 Conclusion

Slipstream v3 demonstrates that factorized semantic quantization is the necessary evolution
for token-efficient, scalable multi-agent coordination. By splitting the 46-way classification
problem into two orthogonal 12-way and 31-way problems grounded in speech act theory, we

achieve three critical improvements over v2:
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1. Learnability: Small models (<10B parameters) can now reliably learn the protocol with
94% accuracy, down from 68% for the flat 46-way model.

2. Maintainability: The structured Force-Object model enables principled vocabulary evo-
lution without ad-hoc anchor proliferation. 506 tests ensure conformance.

3. Economic viability: 82% token reduction translates to $2M+ annual savings at enter-
prise scale, making large agent swarms practical.

The protocol’s 4D semantic manifold provides a shared coordinate system for agent intents,
enabling semantic transparency and graceful degradation through pointer-based fallback. The
extension layer allows domain-specific vocabularies to co-exist with core semantics while main-
taining strong versioning and governance guarantees.

As agent deployments scale from tens to hundreds to thousands of agents, Slipstream v3
reduces not just tokens, but the cognitive overhead of coordination itself—transforming the
“tokenizer tax” from a cost burden into a structured semantic language that both humans and
machines can reason about.
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