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Abstract

Parameter count is a poor health report. A 3B, 7B, 14B, 32B, 70B, or larger language model
may be fast, slow, concise, verbose, stable, fragile, or strangely wasteful for reasons that
are not explained by size alone. This paper proposes the Mercury model birthmark: a sta-
ble structural signature that appears across prompts or tasks and reveals how a model was
tokenized, trained, aligned, compressed, or architecturally constrained.

The birthmark is not a metaphor for mystery. It is a measurement object. I define token
birthmarks, latency birthmarks, routing scars, dead-tissue regions, alignment reflexes, and
compression scars using observable quantities: tokenizer burden, internal activation mass,
route dispersion, repeated abnormal sites, and quality-adjusted cost. The central claim is
severe: every model has marks. The question is where they are, whether they are harmless,
and whether a prompt can expose them.

Author Note

The model-size story is too clean. People say 7B, 14B, 70B, 200B as if those numbers explain the creature.
They do not. Parameter count is height and weight. Mercury is closer to an internal exam.

If humans built the model, there will be marks somewhere. The clean question is whether we can
measure them without turning the idea into poetry.

No perfect body exists; the serious question is where the mark sits and whether it changes the answer.

1 Parameter Count Is Not Health

Let m be a model and x a prompt. Size gives us Pm, the parameter count. It does not directly give token
cost, latency, internal route stability, or defect exposure. A larger model can answer faster in a suitable
environment. A smaller model can waste time through poor tokenization, scattered routing, or fragile
decoding.

The question is not whether large models are better. The question is what kind of internal cost each
model pays to answer the same problem.

Size is only the first line on the chart; the birthmark is what the chart usually hides.

2 Birthmark Definition

Let Zm(x) be a vector of observable Mercury measurements:

Zm(x) = [Tm(x), Rm(x), Im(x), Dm(x), Qm(x), Um(x)] ,

1

https://orcid.org/0009-0006-6816-9891


where T is output token count, R is latency, I is internal activation mass, D is route dispersion, Q is
quality, and U is unused or low-contribution region exposure.

A model birthmark is a stable abnormal signature:

Bm =

{
s : Pr

x∼X
[abnm(s, x) > λ] > π

}
.

Here s may be a tokenizer pattern, layer, module, dimension, head group, or route family. Stability
matters. One strange response is noise; repeated abnormality is a mark.

This is why the term should be earned. A birthmark needs recurrence across a prompt family, an
identifiable internal address, and a measurable effect on cost, latency, or quality.

3 Token Birthmark

Tokenizer burden is
TBm(x) =

bm(x)

chars(x) + ϵ
.

A token birthmark exists when a language, script, symbol class, or format consistently creates excess
segmentation:

Btok
m = {x : TBm(x) > µTB + σTBλ}.

Chinese, Japanese, mixed scripts, addresses, phone numbers, and legal or receipt formats are natural
stress tests. A model can look slower because it was forced to chew the input into too many pieces.

4 Latency Birthmark

Let Rm(x) be latency in a suitable environment for m. Define quality-adjusted latency:

QLm(x) =
Rm(x)

Qm(x) + ϵ
.

A latency birthmark is not simply being slow. It is being slow in a repeated, task-specific way after
environment and quality are accounted for:

Blat
m = {x : QLm(x) > λR}.

This separates a hardware mismatch from a model-side habit.

5 Routing Scar

Let Dm(x) be route dispersion and Im(x) internal activation mass. A routing scar is a stable pattern
where the model lights too much or scatters too widely for the quality it returns:

Scarm(x) =
Im(x)Dm(x)

Qm(x) + ϵ
.

The scar set is
Broute

m = {s : Ex∈Xs [Scarm(x)] > λS}.

This is the place where Mercury can be more than a benchmark. The benchmark says the model was
slow or wrong. Mercury asks which internal streets were overused.
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6 Dead Tissue

Some regions may remain consistently low contribution across prompts:

Um(s) = Ex∼X [1[as(x) < τ ]] .

Dead tissue is not automatically safe to remove, but it is suspicious:

Bdead
m = {s : Um(s) > λU ∧ risk(s) < ρ}.

This is where model surgery begins. A low-activity region must still be tested with ablation, PPL, task
probes, and prompt stress.

The mark is a candidate, not a verdict.

7 Alignment Reflex

Instruction tuning and safety alignment can leave reflexes. Let Gm(x) be the fraction of output spent on
guard text, disclaimers, hedging, or irrelevant preface under a task where direct answer is permitted:

Gm(x) =
guard_tokensm(x)

Tm(x) + ϵ
.

An alignment reflex birthmark is

Balign
m = {x : Gm(x) > λG ∧Qm(x) does not improve}.

This is one reason a model may use more tokens without doing more useful work.
In product terms, this is politeness turned into latency and battery drain.

8 Compression Scar

Quantization, pruning, distillation, or surgery can expose scars. Compare an original model m and a
compressed model m′:

∆Z(x) = Zm′(x)− Zm(x).

The compression scar is

B
comp
m′ = {s : |∆Is(x)| > λI ∨ |∆Q(x)| > λQ}.

This equation is useful because compression failures are often local before they become obvious in global
metrics.

The same logic applies to model surgery. If a layer or dimension looks unused, Mercury does not
declare victory; it asks whether removing or perturbing that site changes the route, the token count, or
the task score.

9 Birthmark Vector

The model-level signature is

B(m) =
(
Btok

m , Blat
m , Broute

m , Bdead
m , Balign

m , Bcomp
m

)
.

This vector is the health report. It does not replace benchmark scores. It explains why two models with
similar scores can feel completely different in local use.
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10 Relation To Existing Work

Scaling laws describe predictable relationships between model size, data, compute, and loss [1, 2]. Model
cards ask authors to report intended use, evaluation, and limits [3]. Quantization and compression stud-
ies show that lower precision can preserve much while introducing new error modes [4]. Mechanistic
interpretability gives language for components, circuits, and causal hypotheses [5].

Mercury birthmarks sit between those traditions. They are not only evaluation scores, and they are
not yet full causal explanations. They are stable internal signatures that tell us where a model carries
cost, fragility, or residue.

11 Limits

The word birthmark must not be abused. A mark is stable evidence, not a name we attach to anything ugly.
Hardware, prompt sets, quality scoring, and compression baselines must be reported together, because a
hidden environment mismatch can look exactly like a model-side scar.

The discipline matters because the idea is powerful. If used loosely, it becomes gossip. If measured
carefully, it becomes a map of model health.

12 Conclusion

Mercury Model Birthmarks argues that every model carries structural marks. Some marks come from
tokenization. Some come from latency habits, scattered routes, dead tissue, alignment reflexes, or com-
pression wounds. Parameter count tells us how large the body is; Mercury asks how that body moves,
where it wastes effort, where it hides defects, and which prompt will finally expose the mark.
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