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Abstract

Large language models increasingly generate exact operational
identifiers such as URLs, UUIDs, and object keys. A single character
mutation can invalidate an otherwise correct answer. We identify
High-Entropy String Hallucination (HESH), a source-grounded re-
alization failure in which an identifier is absent from the supplied
source. Across 5,000 test cases and 12,500 identifier slots, localized
HESH increases from 4 slots under Q8_0 to 52 under Q4 K M
and 305 under Q3_K_M. The same aggregate pattern appears on
RTX4090 and A100. We then introduce Source-Constrained Identi-
fier Decoding (SCID). It derives valid identifiers from the input and
constrains only exact-value spans. In our SCID evaluation, identi-
fier exactness and source membership both reach 100%. Semantic
correctness remains 97.9%. The result shows that exact identifier
realization can be protected without replacing semantic source
selection.
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1 Introduction

Large language models (LLMs) are increasingly embedded in sys-
tems whose outputs are consumed by software as well as humans.
A response may mix ordinary language with exact operational val-
ues. Examples include URLs, UUIDs, object-store keys, hashes, and
request identifiers. These two output types have different reliability
contracts. Natural language often remains useful after paraphrase
or small lexical variation. A high-entropy identifier does not. One
changed character can turn a valid source reference into a nonex-
istent resource. This distinction matters when an LLM output is
passed directly to another software component.

This failure can be hidden by answer-level evaluation. The fol-
lowing observed case makes the distinction concrete.
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A motivating HESH case (case-00010). The model selects the correct
source record, R-JBMRDULB4WON. It also returns the correct status, PAUSED.
However, it changes one character inside the UUID embedded in the
source URL:

source .4.b45539d9a36

generated ...b455a9d9aa6

The generated URL is syntactically valid but does not occur in the sup-
plied source context. At the divergent decoding step, the erroneous char-
acter 3 is the top-ranked token, while the source-consistent 5 ranks fifth.
Under the same deterministic configuration, the identical one-character
mutation appears in all 20 repeated runs.

Exact copying is itself nontrivial for LLMs [2, 14, 15]. Long-
context evaluations also show that source access can degrade with
position and distractors [7, 10]. Our setting adds another systems
distinction. The model receives several source records and a se-
mantic query. It must first select a source. It must then realize the
identifier bound to that source:

semantic source selection + exact identifier realization.

A failure in the first step is a semantic error. A failure in the second
step is an exact-value realization error. The two should not be
merged into one answer-level score.

The decomposition exposes failures that ordinary copying or
factuality metrics can conflate. If the model chooses the wrong
source but reproduces that source’s identifier exactly, the failure is
semantic. If it chooses the intended source yet emits an identifier
absent from the context, the failure occurs during realization. We
call localized out-of-source mutations of source-grounded high-
entropy strings High-Entropy String Hallucinations (HESH). The
term “hallucination” has no single agreed definition in NLP [12, 13].
We therefore use it narrowly. A HESH identifier is unsupported
by the supplied source values even though an appropriate source
identifier is available in the input.

We measure the same 5,000-case benchmark under five quanti-
zation configurations. We then replay the sweep on a second GPU.
Our goal is not to rank quantizers [4, 9, 16]. We use quantization as a
controlled change in the numerical inference path. We ask whether
exact identifier realization remains stable under that change. This
question is motivated by evidence that small numerical differences
can alter deterministic decoded outputs [17].

Finally, we ask why a source-grounded identifier should remain
freely generative inside an exact-value field. We introduce Source-
Constrained Identifier Decoding (SCID). It is a decoder-side prove-
nance mechanism. It builds an input-dependent candidate trie and
activates only within an identifier slot. The base sampler still pro-
poses each token first. SCID preserves any proposal that remains
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Table 1: Identifier-level error taxonomy.

Outcome Exact Member Interpretation
Correct identifier ~ Yes Yes correct
Wrong source No Yes selection/binding
Localized HESH No No local mutation
Source chimera No No source mixing
Other OOS No No other realization

compatible with a source candidate. It intervenes only when the
proposal would leave the source-derived candidate language.

We make three contributions. First, we separate semantic selec-
tion from exact identifier realization. We measure both exactness
and source membership. Second, we characterize out-of-source
failures over 5,000 cases. We show quantization sensitivity and
cross-GPU reproduction. Third, we implement SCID. It preserves
ordinary decoding outside exact-value spans and guarantees source
membership inside completed constrained spans.

2 Problem and Measurement
Let an input context x contain source records
R(x) ={ry,.

Each record is associated with an identifier u;, yielding the source
candidate set

e Tt

C(x) ={ug,...,un}.
Given query g, the intended record and identifier are

r* = Select(x, q), u* = Bind(r*),

while the model emits @. We evaluate two properties:

Texact = 1[0 = u*]’ (1)
Ige = 1[72 € C(x)] (2)

Exactness asks whether the target identifier is reproduced character-
for-character. Source membership asks whether the generated value
occurs anywhere among the source identifiers. The two metrics
answer different questions. Exactness measures task success. Mem-
bership measures provenance. A model can fail exactness while
still returning a real source identifier.

These measurements separate selection from realization. If & €
C(x) but @t # u*, the model emitted a legitimate source identifier but
selected or bound the wrong source. If i ¢ C(x), the decoder created
an out-of-source (OOS) value. Table 1 summarizes the resulting
taxonomy.

Among OOS outputs, localized HESH mutates a local high-entropy
span. Chimeric source mixing combines material from multiple
source identifiers. Remaining non-members are other OOS. Classi-
fication follows slot localization and membership testing. Seman-
tic correctness is evaluated independently. This order prevents a
wrong-source selection from being counted as an identifier halluci-
nation.

We use synthetic but operationally realistic Web-style records.
Each record combines semantic attributes with long URLs and high-
entropy fields. These fields include UUIDs, request-like strings,
session-like strings, signatures, and query parameters. The prompts
explicitly require use of supplied records. They also require character-
exact identifier reproduction. The model is told not to shorten,
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normalize, reconstruct, or repair a URL. The exactness contract is
therefore explicit.

3 Source-Constrained Identifier Decoding

SCID converts identifier realization from unrestricted string gener-
ation into a source-derived finite-choice constraint while leaving
surrounding language unconstrained. For each request, it receives
only identifiers extracted from the input,

C(x) ={ug,...,ur}.

no gold identifier is supplied. The candidates need not share a lexical
prefix such as https://, uuid:, or id=. Unrelated high-entropy
strings can branch immediately from the root.

The candidates are compiled into a byte-level trie Tc. Byte-level
matching avoids an assumption about tokenizer boundaries. One
token may cover several identifier characters. A character may
also interact with surrounding tokenization. The trie is therefore
checked against decoded bytes rather than token strings. Let p;
denote the identifier bytes already emitted. Let the ordinary sampler
propose token v. The proposal is admissible exactly when

JueC(x): p;l bytes(v) 24, (3)

where < denotes the string-prefix relation. “Prefix” here means a
prefix of an individual candidate during generation, not a shared
lexical prefix among identifiers.

An upstream component supplies the output boundary slot_start_byte.

Before that boundary, decoding is unchanged. Inside the slot, the
base sampler first proposes v. SCID checks Eq. (3). A valid pro-
posal is returned unchanged. An invalid proposal is removed. The
decoder then resamples from valid continuations. A terminal can-
didate closes the slot. Normal decoding resumes immediately after-
ward. This design minimizes intervention in the base generation
process. Figure 1 summarizes the complete SCID decoding flow.

Because the slot can terminate only at a candidate in T, every
completed constrained identifier satisfies & € C(x). This is a prove-
nance guarantee. It is not a semantic-selection guarantee. If the
model binds the query to the wrong source record, SCID can still
emit that record’s identifier. In that case, @t € C(x) but @ # u*. The
method therefore addresses exact realization only. Source selection
remains the responsibility of the underlying model or an upstream
component. The guarantee also assumes that the candidate set is
correct and that the identifier slot is localized correctly.

4 Evaluation

4.1 Experimental Setup

We evaluate HESH on a realistic web URL benchmark with 5,000
test cases and 12,500 identifier slots. Each case provides source
records, candidate identifiers, and target high-entropy strings. The
required output must reproduce the target identifier exactly. The
12,500 slots are the unit of analysis for HESH rates. The 5,000 cases
define the prompt-level benchmark.

All experiments use Qwen3-8B through 11ama. cpp. The primary
inference configuration uses serialized inference, an 8K-token con-
text, deterministic greedy decoding, and disabled prompt caching:
temperature = 0, cache_prompt = false, n_predict = 4096
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Figure 1: Source-Constrained Identifier Decoding. Source identifiers are compiled into a byte-level candidate trie. Outside the
identifier slot, decoding is unchanged. Inside the slot, a valid base-sampler proposal is preserved.

Table 2: Identifier outcomes across quantization configura-
tions on RTX4090.

Quant. Exact Wrong HESH Chim. OOS Not loc.
Q8 0 12490 0 4 5 1 0
Q6_K 1243838 0 4 6 1 1
05 KM 12489 0 5 5 1 0
Q4 K M 12429 3 52 3 8 5
Q3_ K M 12074 0 305 60 39 22

The main quantization sweep runs on an NVIDIA RTX4090
with 24GB VRAM. We test Q8_0, Q6_K, Q5_ K M, Q4 K_M, and
Q3_K_M. These runs use ordinary unconstrained decoding. They
form the baseline characterization of HESH. We then replay the
same benchmark and the same five configurations on an NVIDIA
A100-SXM4 with 40GB VRAM. The second platform tests aggregate
and instance-level reproducibility. We evaluate prevalence, quanti-
zation sensitivity, hardware sensitivity, and SCID effectiveness.

4.2 HESH Prevalence and Quantization
Sensitivity

Table 2 reports identifier-level outcomes over the 12,500 slots on

RTX4090. The Not located column records cases in which the eval-

uator could not reliably localize the expected identifier slot. These

entries are excluded when computing localized-HESH rates.

Table 2 shows a clear shift at the lower-bit configurations. Lo-
calized HESH occurs in only 4, 4, and 5 slots under Q8_0, Q6_K,
and Q5_K_M. It rises to 52 under Q4_K_M and 305 under Q3_K_M.
Using successfully localized slots as the denominator, the HESH
rate is 0.032% for Q8_0. It becomes 0.416% for Q4_K_M and 2.444%
for Q3_K_M. These rates are about 13X and 76X the Q8_0 rate.

HESH, chimera, and other OOS outputs sum to 10, 11, and 11
for Q8 _0, Q6_K, and Q5_K_M. They increase to 63 for Q4_ K M
and 404 for Q3_K_M. Wrong-source outputs remain separate be-
cause they are source members. Only three such slots appear, all
under Q4_K_M. The results do not show a smooth change from
Q8_0 through Q5_K_M. The main degradation appears at Q4 K_M

Table 3: Cross-hardware consistency of localized HESH iden-
tifier slots.

Quant. 4090 A100 Shared Same mut. Jaccard(%)
Q8_0 4 4 4 4 100.0
Q6_K 4 3 3 3 75.0
05 K M 5 4 3 3 50.0
Q4 KM 52 46 38 37 63.3
Q3_ K M 305 298 256 245 73.8

and Q3_K_M. We therefore treat quantization configuration as a
sensitivity factor.

4.3 Hardware Sensitivity

Table 3 compares localized-HESH failures across RTX4090 and A100.
It reports both aggregate counts and overlap between the failing
slot sets.

The aggregate pattern reproduces across the two GPUs. Q4_K_M
yields 52 HESH slots on RTX4090 and 46 on A100. Q3_K_M vyields
305 and 298. The failing sets are not identical. For Q4_K_M, 38
failures are shared and the Jaccard score is 63.3%. For Q3_K_M, 256
are shared and the score is 73.8%.

The shared failures show a second pattern. In Q4_K_M, 37 of
the 38 shared failures produce the same mutation. In Q3_K_M,
245 of 256 do so. Thus, hardware-dependent execution can change
whether a slot fails. Once the same slot fails on both platforms, the
realized corruption is usually stable. We therefore describe this as
execution-path sensitivity. We do not treat the GPU model itself as
an independent cause of HESH.

4.4 SCID Effectiveness

Table 4 evaluates the mitigation layer. Unconstrained decoding
reaches 97.3% identifier exactness and 99.5% source membership.
With SCID, both metrics reach 100%. Semantic correctness is 97.4%
for unconstrained decoding and 97.9% with SCID. The semantic
metric therefore remains comparable. The gap between exactness
and source membership in the unconstrained condition is expected.
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Table 4: SCID effectiveness on constrained identifier spans.

Method Exact Source Member Semantic Correct
Unconstrained decoding  97.3% 99.5% 97.4%
SCID 100% 100% 97.9%

A non-exact output can still be another valid source identifier. An
OOS output cannot.

The 100% source-membership result follows SCID’s provenance
contract within correctly localized spans. The 100% exactness result
is empirical. It is not a semantic guarantee. SCID does not force
the model to choose the correct record. Instead, it removes out-of-
source realization once generation enters a constrained identifier
slot. The remaining semantic errors are outside that constrained
realization layer.

5 Related Work

CopyNet separates copying from free generation [6]. More recent
work evaluates exact copying as an LLM capability [2, 15]. Long-
context benchmarks study retrieval when evidence is far from the
query or mixed with distractors [10]. Factuality and attribution
work instead asks whether generated claims are supported by evi-
dence [8, 13]. Our setting lies between these lines. The source value
can be available. The model can even select the right record. The
identifier can still be corrupted during autoregressive realization.
Constrained generation provides a systems basis for preven-
tion. PICARD rejects inadmissible continuations [11]. Grammar-

constrained decoding supports input-dependent grammars [5]. XGram-

mar improves grammar execution in modern inference engines [3].
SCID does not replace these general mechanisms. It targets a nar-
rower reliability contract. Its candidates come from the current
source. Checks are performed at the byte level. The constraint is ac-
tive only inside the identifier slot. A source-valid sampler proposal
is kept unchanged.

GPTQ, SmoothQuant, and AWQ enable practical low-bit infer-
ence [4, 9, 16]. Mixed-precision decoding also treats precision as
a systems variable [1]. Our goal is different. We do not compare
quantizers by average model quality. We use quantization as a con-
trolled perturbation of exact-value stability. This view is consistent
with evidence that numerical execution can alter deterministic LLM
outputs [17].

6 Conclusion

High-entropy identifiers obey an exactness contract that ordinary
semantic evaluation does not capture. Our measurements separate
source selection from exact identifier realization. Localized OOS
failures remain rare under Q8_0, Q6_K, and Q5_K_M. They rise
sharply under Q4_K_M and Q3_K_M. The aggregate pattern repro-
duces on RTX4090 and A100. Shared failures also usually reproduce
the same mutation.

SCID constrains only the exact-value span. It derives admissible
identifiers from the source. It preserves valid sampler proposals.
It guarantees @ € C(x) for completed constrained identifiers. The
method does not solve semantic source selection. It instead gives
source-grounded exact values a stronger provenance contract than
unrestricted autoregressive regeneration.
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