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Abstract 
Large Language Models hallucinate. They fabricate facts, ignore constraints, give medical advice 
when told not to, and confidently present fiction as truth. The current approaches to solving this 
— prompt engineering, RLHF, constitutional AI, retrieval-augmented generation — all operate 
within the same paradigm: asking the model to police itself. This is fundamentally flawed. A 
system that is capable of generating convincing lies is, by definition, capable of generating 
convincing lies about whether it is lying. 

We propose a fundamentally different architecture: Small Language Models (500M–7B 
parameters) deployed as independent, specialized reasoning and verification layers that monitor, 
validate, and guide larger models in real time. These SLMs act as external cognitive checkpoints 
— trained on narrow tasks with high reliability, incapable of the creative deception that makes 
large models untrustworthy, and fast enough to operate at inference time without meaningful 
latency impact. 

This is not post-hoc filtering. This is not regex. This is a new class of neurosymbolic AI where the 
"symbolic" layer is itself a neural network — but one small enough, narrow enough, and 
deterministic enough to function as a reliable reasoning primitive. 

We argue this architecture represents the missing infrastructure layer between raw LLM 
capability and production-grade trustworthy AI systems. 

 

1. The Problem: Why Large Language Models 
Cannot Police Themselves 

1.1 The Fundamental Contradiction 
Modern LLMs are trained to be helpful, coherent, and confident. These are the exact properties 
that make them dangerous when they are wrong. A model that can construct a perfectly 
grammatical, contextually appropriate, emotionally resonant response can do so whether or not 
the response is true. 

When we ask an LLM to verify its own output — through chain-of-thought, self-reflection, or 
constitutional AI prompts — we are asking a system optimized for plausible generation to 
evaluate the plausibility of its own generation. This is circular. 



1.2 The Five Lies LLMs Tell 
Lie #1: Tool Use Fabrication. The model claims to have used a tool, searched a database, or 
consulted a source when it has done no such thing. It pattern-matches what a tool result would 
look like and generates a plausible fabrication. 

Lie #2: Source Attribution Hallucination. The model says "Based on the document you 
provided..." and then generates content that appears nowhere in the source material. The 
framing of attribution creates false trust. 

Lie #3: Retroactive Reasoning. When asked to "think step by step," the model often 
generates the conclusion first (internally) and then constructs a reasoning chain that leads to 
that pre-determined conclusion. The chain-of-thought is rationalization, not reasoning. 

Lie #4: Confident Uncertainty. The model presents uncertain information with the same 
linguistic confidence as certain information. It has no mechanism to signal its own uncertainty 
honestly. 

Lie #5: Constraint Performance. When given rules, the model performs compliance rather 
than achieving it. It avoids the most obvious violations while finding creative rewordings that 
violate the spirit of the constraint. 

2. The Inadequacy of Current Solutions 

2.1 Prompt Engineering 
Telling the model "Do not hallucinate" is as effective as telling a person "Do not make mistakes." 
The model does not choose to hallucinate. Hallucination emerges from the statistical nature of 
next-token prediction. Instructions reduce hallucination frequency on simple tasks but provide 
no guarantees. 

2.2 Retrieval-Augmented Generation (RAG) 
RAG provides relevant context, which helps. But it does not solve the problem — it relocates it. 
The model can still ignore retrieved context, combine facts incorrectly, hallucinate beyond 
retrieved passages, and misattribute information. RAG improves the average case but does not 
eliminate the failure case. 

2.3 RLHF and Constitutional AI 
RLHF aligns models with human preferences, which correlates with but is not identical to 
truthfulness. Humans prefer confident, detailed answers — even when the truthful answer would 
be "I don't know." Constitutional AI asks the model to critique itself, but a model sophisticated 



enough to generate subtle hallucinations is sophisticated enough to fail to detect them in self-
review. 

2.4 Rule-Based Post-Processing 
Regex and keyword matching is brittle, semantically blind, incomplete, and unscalable. The rule 
"do not say 'I diagnose'" does not catch "Based on your symptoms, it appears you have 
pneumonia." 

2.5 LLM-as-Judge 
Using a large model to evaluate another large model's output is expensive, slow, and subject to 
the same fundamental problem: the judge model can also be wrong. 

2.6 The Gap 
What is missing is a verification layer that understands meaning (unlike regex), is independent 
of the generator (unlike self-critique), is cheap and fast (unlike LLM-as-judge), and is reliable on 
narrow tasks (unlike general-purpose large models). This is the gap that SLM reasoning layers 
fill. 

3. The Proposal: SLM Reasoning Layers 

3.1 Core Idea 
Deploy multiple small language models (500M–7B parameters), each fine-tuned for a single 
verification task, as independent reasoning layers that monitor large model behavior in real 
time. These SLMs function as cognitive checkpoints — external agents that observe what the 
large model produces and make narrow, binary judgments about specific properties. 

3.2 The Traffic Cop Analogy 
A traffic cop does not need to understand automotive engineering, traffic flow dynamics, or the 
driver's destination. They need to know: Is the light red or green? Is the car moving or stopped? 
Do those two facts match? This requires no general intelligence — it requires narrow, reliable 
pattern recognition executed consistently. 

Large language models are the genius. They understand everything and follow rules when they 
feel like it. SLMs are the traffic cops. They understand one thing and follow rules always. 



3.3 Why This Is Neurosymbolic AI 
The SLMs are technically neural networks, but they function symbolically — they make binary 
decisions about specific properties, they are trained to be deterministic rather than creative, and 
they provide the kind of consistent, rule-like behavior that traditional symbolic systems provide, 
but with the semantic understanding that regex and keyword matching lack. 

4. Why Small Models Are More Honest Than 
Large Ones 
This is the counterintuitive insight at the heart of the proposal: less capability produces more 
reliability when the task is narrow enough. 

4.1 Capacity Constraints Prevent Creative Deception 
A 500M parameter model cannot construct a multi-layered, contextually appropriate lie. It lacks 
the representational capacity. When fine-tuned on a classification task, it converges to pattern 
matching on distinguishing features. A 70B model can rationalize edge cases; a small model 
cannot. 

4.2 Narrow Training Eliminates Sycophancy 
Large models are sycophantic because they were trained on preference data where agreeable 
responses received higher ratings. A small model fine-tuned exclusively on judgment pairs has 
no concept of being helpful or agreeable. 

4.3 Small Models Are Hard to Prompt-Inject 
A 500M model fine-tuned on a classification task does not process input as "instructions" — it 
processes it as features for classification. The model does not have an instruction-following 
pathway to exploit. 

4.4 Determinism Through Specialization 
A model trained on one task with sufficient data converges to near-deterministic behavior. A 
500M model with all parameters dedicated to grounding detection will outperform a 70B model 
that allocates perhaps 0.1% of its capacity to the same task. 



4.5 The Honesty Spectrum 
Model Size Capability Deception Capacity Reliability on Narrow 

Tasks 
500M–1B Low Nearly zero Very high 
1B–3B Modest Low High 
3B–7B Moderate Moderate High 
7B–13B Good Significant Moderate 
30B–70B High High Low 
70B+ Very high Very high Unreliable 

 

The sweet spot for verification agents is 500M–7B. 

5. Architecture: The SLM Cop Framework 

5.1 System Overview 
The architecture places an SLM Cop Squad between the primary model and the end user. 
Multiple small models run in parallel, each checking a specific property. A deterministic Verdict 
Engine aggregates their outputs. 

User Input  →  Large Model  →  SLM Cop Squad (parallel)  →  Verdict Engine  →  
Response 

 

5.2 Key Design Principles 
Independence: Each cop is a separate model with its own weights and training data. A failure 
in one cannot propagate to another. 

Parallelism: All cops evaluate simultaneously. Latency is determined by the slowest cop, not 
the sum. 

Specificity: Each cop answers exactly one question. This specificity is what makes them 
reliable. 

Transparency: Every cop produces structured output including the reason for its judgment. 

Composability: Cops can be added, removed, or replaced without retraining the large model or 
other cops. 



5.3 The Verdict Engine 
The verdict engine aggregates cop outputs using deterministic logic: 

• If ANY cop with severity "critical" fails → BLOCK (never serve this response) 
• If ANY cop with severity "error" fails → REGENERATE (try again with feedback) 
• If only "warning" cops fail → SERVE WITH FLAG (log the warning, serve the response) 
• If all cops pass → SERVE 

6. The Cop Taxonomy: Specialized Verification 
Agents 

Cop Type Model Size What It Catches 
Grounding Cop 1B–3B Determines whether every factual 

claim in the response is traceable to 
the provided context. Catches 
hallucinated facts, wrong 
attributions, and subtle 
modifications of retrieved 
information. 

Domain Constraint Cop 1B–3B Determines whether the response 
violates domain-specific rules. 
Catches medical advice disguised as 
information, legal opinions framed 
as facts, and scope violations. 

Consistency Cop 1B–3B Determines whether the response 
contradicts anything said earlier in 
the conversation or system 
configuration. Catches "We close at 
5" followed by "Open until 8." 

Reasoning Cop 3B–7B Determines whether the chain-of-
thought logically supports the 
conclusion. Catches logical jumps, 
circular reasoning, and unsupported 
"therefore" statements. 

Tool Use Cop 500M–1B Verifies that the model actually 
called the tools it claims and that 
responses match tool outputs. The 
simplest cop with the clearest signal. 

Instruction Cop 500M–1B Verifies that the response follows all 
system prompt constraints including 
formatting, tone, length limits, and 
behavioral directives. 



7. The Verification Protocol 

7.1 Standard Cop Interface 
Every cop implements the same interface. Input: the response text plus cop-specific context. 
Output: a structured judgment with pass/fail, confidence score, severity, reason, and evidence. 

7.2 Confidence Calibration 
Cop confidence scores must be calibrated — a confidence of 0.95 should mean the cop is correct 
95% of the time. Calibration is achieved through hold-out evaluation sets, temperature scaling, 
and periodic recalibration in production. 

7.3 Disagreement Resolution 
When cops disagree, the verdict engine follows a conservative protocol: critical severity always 
wins, specific cops beat general ones, high confidence beats low confidence, and when in doubt, 
regenerate. 

8. Training the Cops: Data Strategies 

8.1 Synthetic Corruption 
Take known-good responses and systematically introduce failures: replace factual values, add 
unsupported claims, inject constraint violations of varying subtlety. This is cheap, scalable, and 
sufficient for bootstrapping cops to 80–90% accuracy. 

8.2 Large Model Distillation 
Use GPT-4 or Claude to label ambiguous examples. The large model is usually correct (85–95%). 
The small cop, trained on thousands of examples, learns the pattern and filters out noise. Ironic 
but practical. 

8.3 Human-in-the-Loop Refinement 
Deploy cops in shadow mode, collect false positives and false negatives, and use these edge cases 
as high-value training data for cop refinement. 



8.4 The Training Data Flywheel 
Synthetic Corruption (80%) → LLM Distillation (90%) → Human Corrections (95%) → Production Edge 

Cases (→99%) 

9. Inference-Time Integration 

9.1 Latency Analysis 
Component Latency 
Primary model generation (8B) 500–2000ms 
Grounding cop (1B) 30–80ms 
Domain cop (1B) 30–80ms 
Consistency cop (1B) 40–100ms 
Tone cop (500M) 20–50ms 
Verdict engine <5ms 
Total cop overhead (parallel) ~100ms 

 

Since cops run in parallel, the overhead is determined by the slowest cop, not the sum. For a 
system already spending 1–2 seconds on generation, adding ~100ms for comprehensive 
verification is negligible — a 5–10% increase. 

10. The Flywheel: Self-Improving Verification 
Better cops → Better training data → Better models → Better outputs → Cop corrections from 
production → Better cops. Each component improves every other component. Cops are 
periodically retrained on accumulated production data, getting sharper with each version. 

On a platform serving multiple customers, general cop capabilities improve from aggregate 
patterns across all deployments while domain-specific capabilities remain private to each 
customer. This creates a network effect. 

11. Why Enterprise Customers Build Their Own 
Cops 
A fine-tuning platform does not know the specifics of every industry's regulations. The customer 
does. They have compliance teams, labeled datasets, and regulatory frameworks. The platform 



provides infrastructure to turn this expertise into a running verification model. The customer 
provides the knowledge. 

A hospital's medical safety cop, trained on their specific policies, is a proprietary asset that 
encodes institutional knowledge. It cannot be replicated by a competitor. The cop is not just a 
safety feature — it is intellectual property in model form. 

When a policy changes, update the cop's training data and fine-tune (minutes, not days). No 
need to retrain the primary model. This decouples policy enforcement from model capability. 

12. Redefining Neurosymbolic AI 
Academic neurosymbolic AI focuses on integrating neural networks with formal symbolic 
systems — logic programming, knowledge graphs, neural theorem proving. These approaches 
are theoretically elegant but have seen limited production adoption. 

We propose that the essential insight of neurosymbolic AI is the architectural principle: separate 
the system that generates from the system that verifies, and make the verification system 
reliable. SLM cops achieve this through a different mechanism — small neural networks 
specialized to the point of near-deterministic behavior, exhibiting the properties we value in 
symbolic systems: determinism, transparency, composability, modularity, and reliability. 

13. Comparison With Existing Approaches 
Approach Key Limitation SLM Cops Advantage 
Guardrails (NeMo, etc.) Relies on LLM calls — expensive, 

unreliable 
Fine-tuned small models — cheap, 
reliable 

Constitutional AI Model evaluates itself — same biases Independent external models — no 
correlation 

Process Reward Models Reasoning steps only, training time 
only 

Any property, training + inference 

Mixture of Agents Large models collaborating — 
expensive 

Small models verifying — cheap, fast 

14. Limitations and Open Questions 

14.1 Honest Limitations 
• Cop accuracy is not 100%. The claim is not perfection — it is that narrow models are more 

reliable than general-purpose large models for specific verification tasks. 
• Cops can't catch what they weren't trained on. Novel failure modes will pass through until a 

new cop is trained. 



• Small models have limited semantic depth. Harder tasks require larger cops (3B–7B), which 
reduces the honesty advantage. 

• Training data quality matters enormously. Garbage in, garbage out applies to cops as to any 
ML system. 

• Adversarial robustness is untested and needs empirical validation. 

14.2 Open Research Questions 
1. What is the minimum model size that achieves >95% accuracy for each cop type? 

2. How do we ensure cop confidence scores are well-calibrated and detect drift? 

3. Can a grounding cop trained in healthcare transfer to legal or financial domains? 

4. Can we train cops adversarially to improve robustness? 

5. What is the empirical agreement rate between SLM cops and human domain experts? 

15. Conclusion 
Large language models are powerful and unreliable. Current approaches to making them reliable 
are either ineffective or do not scale. We propose small language models deployed as specialized, 
independent verification agents that monitor large model behavior in real time. 

These SLM cops are: 

• More honest than large models because they lack the capacity for creative deception 
• Faster than LLM-as-judge because they are 50–100x smaller 
• More capable than regex because they understand semantics 
• More practical than formal symbolic systems because they require only standard fine-tuning 
• Composable — add, remove, or update cops without changing anything else 
• Customer-owned — enterprise domain expertise becomes executable verification 

infrastructure 

 

The path to trustworthy AI does not run through building larger, more 
capable models and hoping they behave. It runs through building smaller, 
less capable models and ensuring they behave — then using them to police 

the large ones. 
 

A genius who sometimes lies needs a simple, honest cop. Not a smarter genius. 


