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Abstract

Language can affect how people think. We ask
a computational version: if a language model
is trained on English that marks propositions
as observed, reported, or inferred, does it use
evidence differently in ordinary English? We
create matched corpora in which particles either
mark these routes (EVID), appear in the same
positions without predicting source (CTRL), or
are absent (NOMARK), and remove them at
evaluation.

We test 405M-parameter Pythia models trained
from scratch and Qwen3.5-4B Base and Post
models adapted across three paired seeds. The
models learn the mapping: Pythia reaches
92.8% before ordinary-English adaptation and
retains 79.8% afterward; Qwen EVID averages
about 80% for both Base and Post, with con-
trols near chance. Visible markers shift Qwen’s
scores. Once markers are removed, however,
the Pythia tests cannot show whether the effect
carries over. Base’s main Qwen result changes
direction across seeds, and Post’s is negative
in all three. A separate test suggests that Base
may respond more to relevant context, but not
specifically to source wording. No condition
consistently improves reliability, multistep in-
ference, or recognition of copied information.
Source marking is easy to learn and can in-
fluence model scores, but we find no broader
improvement in reasoning.

1 Introduction

Language can influence how people approach par-
ticular cognitive tasks, although this rarely amounts
to a general advantage for speakers of one language.
Evidentiality gives us a concrete case: it marks
whether information came from perception, testi-
mony, inference, or another route. Turkish, for
example, marks a direct—indirect contrast in parts
of its past-tense system. This connection between
linguistic form and information source has made
evidentiality useful for studying language and cog-

nition (Aksu-Koc et al., 2009; Papafragou et al.,
2007; Unal and Papafragou, 2020).

This does not mean that speakers of one lan-
guage simply “reason better.” Children can rea-
son about sources before fully mastering eviden-
tial morphology, and linguistic effects often ap-
pear only when evidential language is explicitly
processed (Papafragou et al., 2007; Unal and Pa-
pafragou, 2020). Studies of Turkish-speaking
children have also found links between their
use of direct evidentials and performance on
source-monitoring tasks (Kandemirci et al., 2023).
Karakas and Simsek (2026) find that source trust-
worthiness changes Turkish speakers’ choice of
evidential morphology, while the effects for lan-
guage models vary with the model and prompt. So
three things have to stay separate: how information
was acquired, whether the source is reliable, and
whether the model reasons correctly from it.

Language models make a related question un-
usually easy to test: does a model’s training lan-
guage affect its behavior after it returns to ordinary
English? We present the same narratives with a
source-related grammatical pattern, an equally fre-
quent pattern assigned by a hash and unrelated to
source, or no pattern at all. We then remove ev-
ery artificial marker before evaluation. The main
comparison keeps the content, marker positions,
frequency, and compute the same. By comparing
evidence about the target, evidence about a distrac-
tor, and no related evidence, we can see whether
the model responds to information about the claim
rather than simply to evidence-like language else-
where in the prompt.

Most related work changes source or certainty
cues when the model is answering a prompt. Au-
thority, hearsay, belief reports, and epistemic stance
can change whether a model follows a contextual
claim (Du et al., 2026), while expressions of un-
certainty and overconfidence can shift answer be-
havior (Zhou et al., 2023). Source preferences also
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do not reliably separate helpful from harmful as-
sertions (Li et al., 2026). We take the opposite
approach: add a source distinction during training,
remove it, and then evaluate the model.

We test two settings: 405M-parameter Pythia
models trained from scratch and matched adapta-
tion of Qwen3.5-4B Base and Post. The Qwen
experiments ask whether a more capable model
can use the source markers to perform better on
evidence tasks. Together, the experiments ask:

1. Learning the markers: Does EVID training
teach the model which marker goes with each
source type?

2. After removing the markers: Does EVID
training change how strongly the model re-
sponds to evidence about the target when we
evaluate it in plain English without the custom
markers?

3. Reasoning: Do any of the models improve on
a broader range of evidence-related reasoning
tasks?

There are no artificial markers in our main eval-
uations: we compare EVID and CTRL models on
identical English inputs. There is also a separate
test for the models’ performance when the markers
are left in.

The intervention demonstrates how information
was acquired, not its truth or the reliability of its
source. Reliability and provenance evaluations test
whether those abilities emerge from source markers
without being taught.

The last question matters most for our original
motivation because it would provide the clearest
parallel between human and model reasoning. Still,
paying more attention to relevant context is not the
same as paying more attention to its source, and
neither guarantees a correct answer. We call the
first change contextual responsiveness, the second
source-cue sensitivity, and reserve source-sensitive
reasoning for cases where the model uses source
information correctly.

In both studies, EVID training teaches the cus-
tom marker system. The custom models remember
much of the mapping after adapting to ordinary
English, but our marker-free tests cannot tell us
whether that knowledge changes how they use ev-
idence. Across three Qwen seeds, Base’s main
result does not repeat, and EVID performs below
CTRL for Post every time. In a separate test, Base

responds more to target evidence than to no evi-
dence, but not consistently more than to distractor
evidence. Removing the source wording also does
not remove the difference, so the result does not
appear specific to source cues. What we offer is a
controlled method and a clearer account of what
the models learn and what changes afterward. We
do not claim a general improvement in reasoning.

2 Related Work

2.1 Evidentiality and source monitoring

Evidential markers describe where information
came from, not which sources should always be
trusted; any implication about reliability depends
on the context. Children can reason about sources
before fully mastering evidential morphology, and
linguistic effects are clearest when a task requires
them to process evidential language (Papafragou
et al., 2007; Unal and Papafragou, 2020). Stud-
ies of Turkish-speaking children nevertheless find
links between evidential use and source monitoring,
although the results vary by task and developmen-
tal measure (Aksu-Kocg et al., 2009; Kandemirci
et al., 2023).

Karakas and Simsek (2026) provide the clos-
est natural-language comparison. They vary the
trustworthiness of a source named in the text and
measure Turkish evidential morphology in humans
and language models. Humans show a robust trust
effect, while model behavior depends on the model
and prompt. We instead change artificial source
marking during training and remove it at evalua-
tion.

2.2 Source and confidence in LLMs

Language models famously produce different out-
puts after small changes in how an input is phrased.
Similar content influences the model differently de-
pending on style, belief, evidential language, epis-
temic stance, or tone (Du et al., 2026), and human-
versus-Al labels change trust in otherwise identical
content (Sun et al., 2026). These studies show that
source-related language matters when the model
can see it, but they do not show that learning such
cues during training changes later behavior when
the cues are absent, nor whether any change reflects
improved reasoning or simply better recall.

We must also show that the models use source
information correctly, rather than merely prefer
sources that happen to be right more often. Models
often favor documents over direct user statements
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without consistently separating helpful from harm-
ful information. Fine-tuning them on cases where
these sources conflict improves that discrimination
(Li et al., 2026). Confidence is similarly difficult
to measure: probabilities, correctness, and verbal
confidence can disagree (Jiang et al., 2021; Mielke
et al., 2022), and confidence associated with par-
ticular markers can change across tasks even when
their broad ranking remains similar (Liu and Cohan,
2026).

2.3 Controlled changes to training data

Studies using controlled artificial languages were
the greatest inspiration for our work. White and
Cotterell (2021) train on parallel datasets that
change only one grammatical feature, allowing
them to isolate what that feature changes in model
learning. Hu et al. (2025) show that early train-
ing on formal languages with different dependency
structures changes later English learning and gener-
alization. Our paper applies the same idea to source
marking: our datasets differ in whether custom syn-
tax predicts source, and we evaluate the models on
plain English data without the syntax.

Our broader evaluations also borrow ideas from
existing benchmarks. BoardgameQA tests non-
trivial reasoning when information conflicts and
some rules take priority over others (Kazemi et al.,
2023), NeoQA uses fictional events and system-
atically removes evidence (Glockner et al., 2025),
and ECON tests noticing a conflict separately from
resolving it (Jiayang et al., 2024). We also check
whether the model differentiates between evidence
about the target and evidence about unrelated sub-
jects.

3 Controlled Source-Marking Corpora

3.1 Synthetic source passages

The narratives were generated from scratch for the
corpus and were not modifications of any existing
data. The passages contain concrete events across
41 topics and vary in their contents as much as
possible, while preserving the three information-
acquisition routes. In a direct-source passage, a
character witnesses the event. In a reported-source
passage, the character learns about it from another
person or a record. In an inferred-source passage,
the character works it out from indirect clues. An
artificial particle marks each verb that states what
happened, but the phrase establishing the source—
such as saw, was told, or deduced—is left un-

marked. Because of this, the model must use the
earlier explanation of how the character learned the
information rather than simply matching a parti-
cle to the nearest verb. We do not test how much
text can separate that explanation from the marked
claim. Appendix A gives an example.

The generation prompts prohibit explicit confi-
dence words and phrases such as certain, probably,
and [ think. Otherwise, a model could associate
markers with those words and borrow the target
confidence from the text rather than reason about
the evidence. Anthropic Claude-family models and
OpenAl GPT-5-mini generated the passages. Every
candidate was evaluated for marker count, source
category, marker identity, intentionally excluded
vocabulary, malformed markers, and duplicate text.
We also used embedding-based cosine similarity to
remove similar passages.

3.2 Custom-pretraining corpus

For the custom-pretraining experiment, we turn the
same 523,671 source narratives into three condi-
tions and keep them in the same order:

* EVID: ko, zo, and mu consistently mark direct,
reported, and inferred evidence.

e CTRL: ba, du, and fo occur at identical ev-
idence positions as EVID markers, but their
identities are independent of source. An MD5
hash of the preceding sentence and marker
position determines the marker.

e NOMARK: all artificial markers are removed.

EVID and CTRL each contain 52.13M Pythia
tokens. NOMARK contains 49.04M because the
same narratives become shorter when the particles
are removed. We keep the number of passages
fixed rather than adding more NOMARK passages
to match the token count, since doing so would
give NOMARK more distinct training data. We
give every condition the same number of optimizer
updates and presented tokens. The primary EVID-
CTRL comparison is matched in sequence length,
narrative content, and compute. We treat CTRL—
NOMARK as secondary because NOMARK cycles
through its shorter token stream more often.

3.3 Qwen adaptation corpus

For the stronger-model experiment, we use a
cleaner, more strictly filtered subset rather than
the full dataset. We keep passages with three to
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Corpus Passages  Tokens/condition
Custom EVID/CTRL 523,671 52.13M
Custom NOMARK 523,671 49.04M
Qwen EVID/CTRL 395,529 37.19M

Table 1: Sizes of the training corpora. The custom
conditions are passage-matched; Qwen EVID and CTRL
are also matched in vocabulary and token count.

eight markers, remove any passage with prohib-
ited confidence vocabulary or malformed markers,
and balance direct, reported, and inferred passages
inside every bucket. This leaves 395,529 training
passages: 131,843 for each source category and
763,463 marker occurrences per category.

EVID again has direct as ko, reported as zo, and
inferred as mu. The Qwen CTRL condition uses the
same three markers. Ko, zo, and mu are reused in
CTRL to keep as much as possible equal between
conditions, including tokenization and vocabulary.
Each marker has the same total count as in EVID,
but we shuffle them so that each appears about
equally often within every source category. The
two conditions have the same narratives, vocabu-
lary, marker positions, marker counts, token count,
and order. The only difference is whether marker
identity predicts source. Each condition contains
37,189,481 Qwen tokens. For validation, we use
a separate balanced set of 285 passages, with 95
from each source category.

4 Experimental Setup

4.1 Study 1: custom pretraining

We initialize the Pythia-410M architecture from
random weights (405M parameters in our local
configuration; Biderman et al., 2023). The source
markers are present from the beginning of train-
ing rather than added after the model has already
learned English. The main advantage is simple:
paired conditions start from identical weights and
differ only in their training corpora.

The reported results use seed 42 for EVID, CTRL,
and NOMARK. Each model trains for 4,770 opti-
mizer steps at sequence length 1,024 with an ef-
fective batch of 32 sequences (32,768 tokens/step),
totaling 156,303,360 presented tokens. We use
AdamW, a peak learning rate of 3 x 1074, 1% lin-
ear warmup, cosine decay, weight decay .01, and
gradient clipping at 1.0. Training uses bfloat16 on
one NVIDIA RTX 5080.

We then adapt every final checkpoint to ordi-

nary English with the same fixed TinyStories data
(Eldan and Li, 2023): 5M training tokens and a
separate 200K -token prefix from the official vali-
dation split. Conditions receive identical batches.
We evaluate the shared 400-step checkpoint, which
minimizes mean validation perplexity while keep-
ing the relative spread below 3%, after 13,107,200
presented adaptation tokens.

Study 1 includes only seed 42 and does not esti-
mate variation across training runs.

4.2 Study 2: matched Qwen adaptation

We use Qwen3.5-4B Base and its architecture- and
tokenizer-matched post-trained checkpoint (Qwen
Team, 2026). This holds architecture and vocab-
ulary fixed, but is not a clean test of reasoning:
post-training changes both data and objectives.

Each checkpoint receives paired EVID and CTRL
adapters initialized from the same saved LoRA
weights. We use NF4 QLoRA with double quanti-
zation and bfloat16 computation (Dettmers et al.,
2023). LoRA rank is 8, alpha is 16, dropout is zero,
and we target attention, linear-attention, and feed-
forward projections, giving 16,232,448 trainable
parameters. Sequence length is 256 and the effec-
tive batch contains 4,096 tokens. AdamW uses a
learning rate of 2 x 10~%, no weight decay, gradi-
ent clipping at 1.0, and linear warmup over the first
million tokens.

Within each of three seeds (S1-S3), EVID and
CTRL use the same adapter initialization, chunk
order, and number of updates. We evaluate at 245
steps and 1,003,520 presented tokens, the end of
warmup and 2.70% of the 37.19M-token stream.
Evaluation uses unquantized bfloat16 base weights
with the adapter. We run S2 and S3 with the same
configuration after the initial analysis. We record
the exact random seeds and hashes of the starting
adapter weights.

4.3 Comparing conditions

We compare EVID and CTRL within the same seed
and fictional world. For each Qwen seed, the boot-
strap resamples the 24 worlds, so it measures vari-
ation across test items for that adapter pair rather
than variation from retraining the model. We re-
port all three seeds and their simple average. Three
seeds are too few for a useful confidence interval
across training runs.
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5 Evaluation

5.1 Learning the EVID mapping

Before asking whether the training changes later
reasoning, we first check that EVID actually learns
the marker system. In the custom study, we score
the first marker in 583 held-out beginnings of pas-
sages (197 direct, 197 reported, 189 inferred), none
of which contains an earlier particle. The choices
are the single tokens ko, zo, and mu. We test
checkpoints before and after TinyStories adapta-
tion. Custom CTRL uses ba/du/fo, so here we only
ask whether it predicts the EVID markers by ac-
cident; this test does not measure whether CTRL
learned its own particles. Both Qwen conditions
use ko/zo/mu and are tested on a balanced set of
285 passages. Chance is 33.3%. If EVID does not
learn the mapping, any later difference is unlikely
to come from that mapping.

We later add a follow-up test asking whether
Qwen uses a marker when it can see one. Across
24 worlds and all three source routes, the marker is
either absent, matches the source described in the
passage, or is one of the two conflicting markers
(288 items). We ask whether a conflicting marker
pulls the model toward the source associated with
that marker, relative to the same passage without
a marker, and whether this pull is larger for EVID
than CTRL. This tests use of a visible marker, not
what remains after markers are removed.

5.2 Tests after removing the markers

Single-word confidence test. The marker-free
task contains 30 direct, 30 reported, and 30 inferred
items. We exclude twenty additional topic and
complexity controls from the evidence analysis.
Each item uses:

CONTEXT: [context]

QUESTION: How confident should we be that
[claim]?

ANSWER: We should be

At the next-token position, we sum probabilities
for five high-confidence continuations (very, quite,
highly, certain, confident) and five low-confidence
continuations (not, somewhat, uncertain, cautious,
skeptical). For item i,

Zwer(w | @)
Pwer P(w | i)

Ci = )

We label direct items high confidence and re-
ported and inferred items low confidence. We

first calculate the direct-minus-reported difference
within each model and then compare that differ-
ence between EVID and CTRL. This is a narrow
test of which confidence word the model prefers,
not a general test of whether its confidence is appro-
priate. It also assumes that direct evidence should
produce more confidence than reported evidence,
which is not true in every situation or evidential
system.

Full-sentence test. A second evaluation uses 24
fictional worlds, both target states, three source
routes, two reliability levels, and contexts contain-
ing relevant evidence, evidence about a distractor,
or no evidence. It replaces the word lists with four
complete sentence frames. Simple control items
first check whether the model responds correctly to
an unambiguous statement.

General language ability. We also report TinyS-
tories validation perplexity and accuracy on 12
BLiMP paradigms (Warstadt et al., 2020). These
are broad checks of language performance, not
proof that the models are otherwise equivalent.

5.3 Qwen primary task

The primary Qwen task uses 288 marker-free com-
binations across the same 24 fictional worlds. Each
crosses direct, reported, and inferred evidence; high
and low reliability; and both target states. Every
combination appears in three contexts, yielding 864
items: matched evidence concerns the queried ob-
ject, swapped evidence concerns a distractor, and
null provides no additional evidence.

The model chooses one of two states. We av-
erage the correct-minus-alternative log-probability
margin across both A/B orders. Base receives a raw
completion instruction; Post uses its chat template
with thinking disabled. For matched, swapped, and
null margins m s, mg, and my, we report

(target binding), )

G =myr — my (target evidence vs. null). (3)

B =my — mg

Our main comparison is EVID minus CTRL. We
include the original, unadapted checkpoints for con-
text. Every checkpoint passes the simple tests of
explicit statements and matching propositions to
the correct object.

5.4 Additional evaluation set

After observing the first Qwen Post result, we
design a separate exploratory set of 552 marker-
free items across 24 new fictional worlds. It tests
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whether the model can identify the source of a
claim (72), recognize when evidence is insufficient
(120), adjust when source reliability is reversed
(120), combine evidence across several steps (96),
learn which new sources are reliable (72), and dis-
tinguish independent reports from copied ones (72).
Each item has three choices, including insufficient
evidence where appropriate, and appears in three
A/B/C answer orders. We score the answer labels
directly and average across orders, without asking
the model to generate its reasoning.

The most important comparisons ask whether
the model reacts differently to evidence about the
target, the same kind of evidence about a distractor,
and no related evidence at all. Training marks
how information was acquired, not whether it is
true, so improved judgments of reliability would
have to emerge without being taught directly. We
discuss the reliability, multistep, and copied-source
results only when the untouched model can already
perform the task. This additional evaluation does
not replace the main task.

After obtaining all three seed results, we add
a 168-item check to ask whether any difference
is actually tied to source wording. It compares
the original wording, paraphrases that preserve the
source, statements that remove the source wording,
distractor evidence, and no evidence. We compare
the EVID-CTRL target/no-evidence difference for
the source-preserving paraphrase with the same dif-
ference for the source-neutral statement. The mod-
els must reach 90% accuracy on target items and
80% on distractor and no-evidence items before
we interpret the comparison. Appendix B gives
details.

Finally, we ask whether the Base models simply
needed more exposure. We choose the negative S3
pair in advance, resume both adapters from their
1M-token optimizer states, continue to SM tokens,
and rerun the same evaluations. Because this uses
only one seed, it is a follow-up test rather than a
replication or a full study of training length.

For S1, we also let Post use its native think-
ing mode on the same 552 items. Each item re-
ceives one deterministic, balanced A/B/C answer
order. Greedy decoding allows 1,536 thinking to-
kens, a fixed ending that does not favor any answer
label when needed, and 256 answer tokens; in-
valid answers count as wrong. Untouched, EVID,
and CTRL use the same item assignments, require-
ments, and evaluator. Appendix B gives full defi-
nitions and results. Because this version generates

PPL BLiMP Map (pre) Map (post)

EvVID 7.29 66.4 92.8 79.8
CTRL 7.31 65.5 38.1 36.0
NOMARK 7.37 65.5 38.8 37.7

Table 2: Custom-pretraining results for seed 42. PPL
is TinyStories validation perplexity; other entries are
percentages. Map is accuracy on the ko/zo/mu EVID
mapping before and after adaptation. BLiMP is a broad
check of English language ability.

an answer after a reasoning trace, its scores are
not directly comparable to the direct answer-label
scores averaged over three orders.

6 Results

6.1 Custom pretraining

At the shared adaptation step, ordinary-English val-
idation perplexity differs by only 1.10% across
conditions, and the aggregate scores on 12 BLiMP
tasks are also close (Table 2). The models clearly
differ in whether they learn the source markers:
EVID predicts the correct marker with 92.8% ac-
curacy before adaptation and still reaches 79.8%
afterward. CTRL and NOMARK remain near the
33.3% chance level when asked to predict the EVID
markers. Those scores do not test whether CTRL
learned its own particles. The main result here
is that EVID learns and remembers the artificial
grammar.

Marker-free results. The single-word test can-
not show whether the learned markers affect
later evidence use. Every condition prefers high-
confidence words on all 90 evidence items and
therefore scores 33.3%: the 30 direct items are
correct and all 60 reported and inferred items
are wrong. Mean direct-minus-reported ratios are
—14.03 for EviD, —14.74 for CTRL, and —4.95
for NOMARK. Although EVID is 4+0.71 above
CTRL, both models are giving essentially the same
answer every time, so we do not treat that differ-
ence as meaningful.

The full-sentence test is also inconclusive. Ac-
curacy on simple statements is 51.6% for EVID,
50.5% for CTRL, and 56.3% for NOMARK. Be-
cause the models are nearly guessing on these basic
items, a small or absent difference on the harder
source questions tells us little. On the combined
measure of whether the model connects evidence
to the right object and adjusts for reliability, the ex-
ploratory EVID-CTRL difference is +0.0059, with
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Model Contrast S1 S2 S3  Mean
Base Binding B +.052 +4.026 —.062 -+.005
Target/null G +.148 +.179 —.017 4.103
Post  Binding B —.105 —.234 —.066 —.135
Target/null G +.003 —.182 —.044 —.074

Table 3: Qwen marker-free EVID—CTRL differences.
Means are simple averages across S1-S3; with n = 3,
we do not report a confidence interval across seeds.

a 95% interval of [—0.0008, +0.0122]. We do not
interpret it because the models fail the simpler test.

Our results show that the models learn the mark-
ers and remember much of the mapping after adapt-
ing to ordinary English, while remaining similar
on perplexity and BLiMP. Our tests cannot tell
us whether this training changes source reasoning
once the markers are removed.

6.2 Qwen marker learning and main task

Qwen also learns the system. Across three seeds,
marker accuracy averages 81.4% for Base EVID
and 79.1% for Post EVID, versus 35.9% and 35.4%
for their controls. Mean held-out LM loss is also
lower for EVID: 2.054 versus 2.114 for Base and
2.075 versus 2.135 for Post.

The visible-marker test shows that the mod-
els do more than predict which marker comes
next. Compared with CTRL, a conflicting marker
shifts EVID’s scores toward the source associated
with that marker in every seed (mean +.029 Base,
+.157 Post), and the other marker checks are also
positive throughout. The shift is never large enough
to change an answer: every model still follows
the source stated in the passage. Visible markers
clearly affect the probabilities, but this does not
show that the effect survives after the markers are
removed or improves reasoning.

The two Base conditions have the same mean ac-
curacy of 93.9% when relevant evidence is present.
Its positive S1 result becomes smaller in S2 and
reverses in S3 (mean +-.005), so the original result
does not repeat across seeds. For Post, EVID is
below CTRL in all three seeds (mean —.135); ac-
curacy averages 93.3% for EVID and 95.0% for
CTRL. Because Base and Post differ in their earlier
training as well as their behavior here, we cannot
say that post-training caused this difference.

6.3 Additional evaluation results

The separate evaluation gives a narrower result. For
Base, EVID responds more strongly than CTRL
to target evidence compared with no evidence

in all three seeds (+.249,+.310,+.104; mean
+.221). The same is not true when target evi-
dence is compared with evidence about a distrac-
tor (+.163, 4+.076, —.086; mean +.051). This sug-
gests that Base may have become more responsive
to relevant context, but it does not show that the
change is specifically about source. For Post, the
target-versus-distractor result is negative in every
seed, while target-versus-no-evidence changes di-
rection.

The source-wording check gives no positive re-
sult. Every Base adapter falls just below the re-
quired accuracy for paraphrased target items (83.3—
87.5% versus 90%), so we treat the comparison
as descriptive only. Even descriptively, the result
is negative in every seed (—.099, —.106, —.077;
mean —.094): the EVID-CTRL difference is larger
after the source wording is removed, not while it is
preserved. Post reaches the required accuracy but
shows the same negative direction (mean —.357).

Giving the preselected S3 pair more training
leads to the same conclusion. At SM tokens, EVID
predicts the markers with 93.3% accuracy, while
the main binding result is only +.032. Target-
versus-no-evidence grows to +.465, but target-
versus-distractor remains —.015. Both adapters
now meet the accuracy requirements, yet the
source-preserving result remains below the source-
neutral result by —.264. More exposure strength-
ens learning of the markers and some response
to relevant context, but not a specific response to
source wording.

The other tasks do not show a general improve-
ment in reasoning. The original Base model can-
not reliably perform the reliability, multistep, or
source-learning tasks, so differences after adapta-
tion are hard to interpret. Post shows a positive
EvID-CTRL difference in the reliability-reversal
contrast in every seed (mean +.123). This contrast
measures half the change in the log-probability mar-
gin between the two states when source reliability
is reversed; Appendix B instead reports the suite-
wide correct-answer margin (mean +.061). Both
adapted models are much less accurate than the
original Post model (73.9% EVID, 71.4% CTRL,
96.7% original). EVID has no multistep advantage,
and the original Post model cannot reliably per-
form the source-learning or copied-source tasks.
Across all tasks, EVID never produces a consistent
improvement in using source information correctly.
Appendix B reports the full results.
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Post with native thinking. On S1, both adapted
Post models perform well enough on the basic
checks for us to interpret every task; valid-output
rates are 99.5% for EVID and 99.8% for CTRL.
Mean accuracy is 91.2% versus 92.1%. EVID
has a small +.042 advantage in joint reliability-
reversal accuracy—getting both versions of a re-
versed source-reliability pair correct. Appendix B
reports the suite-wide accuracy difference (+.025).
EVID ties CTRL on source binding and both target-
evidence comparisons, and is lower on copied-
source reasoning (—.125) and multistep accuracy
(—.010). We see that letting the model think
through its answer reveals no consistent EVID ad-
vantage.

7 Discussion

7.1 Learning the markers and using them

The clearest result is that the models learn the mark-
ers. Custom EVID reaches 92.8% and retains 79.8%
after adaptation to unmarked English; Qwen EVID
averages about 80%, while controls average 36%.
What happens after the markers are removed is
much less clear. One Pythia test produces the same
answer for every item, and the models nearly guess
on the simple controls for the other. Qwen han-
dles the basic tasks, but Base’s main result changes
direction across seeds and Post’s is consistently
negative.

The visible-marker test gives us additional evi-
dence that Qwen learned more than a next-token
association: the markers change its probabilities,
especially for Post. They never change the final
answer, however, and do not show better reasoning
about sources.

We include Qwen to see whether a more capable
pretrained model can make better use of the source
distinction, not to compare model sizes directly. It
differs from Study 1 in architecture, prior training,
adaptation method, marker inventory, and interface.
To show that model capacity itself causes a differ-
ence, we would need a series of models that differ
mainly in capability.

7.2 What a stronger response to context
means

Base responds more strongly to target evidence
than to no evidence in every seed, but the result
does not hold when target evidence is compared
with evidence about a distractor. The original main
result also changes direction across seeds. Most im-

portantly, the follow-up gives us no basis for saying
that Base “pays greater attention to sources.” Base
narrowly misses one accuracy requirement, and
even its descriptive result is larger when the source
wording is removed than when it is preserved. The
most we can say is that EVID may make Base more
responsive to relevant context, not specifically to
its source.

Training the S3 pair for 5SM tokens makes the
same point. The models learn the markers bet-
ter and now meet the accuracy requirements, but
source wording still provides no advantage. A sim-
ple explanation that they only needed more exam-
ples is insufficient in our view.

Nor does this amount to successful source-
sensitive reasoning. The training does not con-
sistently improve judgments of trust, recognition
of copied information, calibration, or multistep rea-
soning. A model can pay more attention to the
relevant part of a prompt and still draw the wrong
conclusion from it.

7.3 Why reliability may not improve

Our corpus marks how information was acquired,
not whether it is correct. It never teaches that di-
rect evidence is always stronger or that reports are
unreliable, and either rule would often be false. Bet-
ter reliability judgments would need to emerge on
their own, rather than being taught directly. Li et al.
(2026) similarly find that preferring one source
does not mean a model can distinguish helpful
claims from harmful ones.

One follow-up will manipulate acquisition route
and source reliability independently during training.
Direct observations, reports, and inferences could
come from sources with balanced accuracy histo-
ries. The goal would be to test whether grammati-
cal marking helps models learn and apply informa-
tion about evidentiary reliability without conflating
“direct” with “trustworthy.”

7.4 Applying source markers to real
fine-tuning data

Synthetic narratives let us know where every claim
came from, which makes the experiment easy to
control. A more practical version could add source
markers to data that a company or research group
already plans to use for domain fine-tuning. The
markers could distinguish first-party records, re-
ports, retrieved documents, and model inferences
without otherwise changing the text. A convinc-
ing test would compare meaningful markers with
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equally frequent shuffled markers, then ask whether
the model better tracks copied information, re-
solves conflicts, responds specifically to relevant
evidence, and expresses appropriate confidence.
Source type is still not the same as reliability, and
incomplete source information could reinforce ex-
isting biases.

7.5 Why Base and Post cannot be compared
directly

Base averages +.005 after changing direction
across seeds; Post averages —.135 and remains neg-
ative throughout. Both compare EVID with CTRL
within the same checkpoint. Base and Post differ in
instruction following, use of context, training data,
and objectives; Du et al. (2026) likewise find dif-
ferences between Base and instruction-tuned mod-
els. We report Post descriptively, not as evidence
that reasoning-oriented post-training caused the re-
sult. Native thinking on S1 also gives no consistent
EVID advantage.

8 Conclusion

We introduce a matched-corpus method that sep-
arates marker acquisition, marker-free contextual
effects, and correct use of source information. Both
custom-pretrained and Qwen EVID models learn
the markers. Qwen also responds when the markers
are visible. Yet marker-free gains do not replicate
or isolate source wording from relevant context,
and no condition consistently improves broader
reasoning.

Limitations

Study 1 has only one custom-pretraining seed,
while Study 2 has three paired Qwen seeds. Three
seeds are enough to show that some results change
direction, but not enough to measure precisely how
much results vary when the models are retrained.
Resampling fictional worlds measures variation
across test items for one trained pair, not variation
across training runs.

We design the additional evaluation after see-
ing the first Qwen Post result, although we do so
before training or scoring the other two seeds. It
includes several related measures, and we do not
adjust the statistics for testing many of them. The
native-thinking test is also added afterward, cov-
ers only S1, and uses one answer order per item.
The later comparison of source-neutral and source-
preserving wording is another follow-up. All six

1M Base adapters fall below its required accuracy
on paraphrased target items, so we report those re-
sults only as descriptions. The preselected S3 pair
meets the requirement after SM tokens, but one pair
cannot show a reliable effect of additional training.

The two studies do not provide a controlled com-
parison of model size. The custom models receive
only 156.3M synthetic tokens and 13.1M adap-
tation tokens. Custom CTRL also uses different
particles from EVID, so its marker score only tests
the EVID mapping; a replication should use the
same particles with their source meanings shuffled.
The Qwen comparison keeps the underlying check-
point the same but trains only low-rank adapters.
The main runs see just 1.00M tokens—2.70% of
the stream—and stop when warmup ends. The S3
follow-up reaches 5.00M tokens, but it does not
test a range of training lengths.

The corpora have not received a blinded hu-
man review or an exhaustive check for overlap be-
tween training and evaluation. In the larger custom-
pretraining corpus, about 0.079% of marker strings
are malformed. These cases occur in the matched
conditions, so they add noise rather than favor-
ing EVID. We record the generator families
and prompts, but not every revision made by the
providers. Both the particles and the evaluations
are synthetic simplifications, and the results should
be tested on external tasks validated by people.

Ethics Statement

We collect no data from human participants and
use no personal data. Synthetic text can reproduce
biases from the models that generated it. A model
that reacts more strongly to source cues without
evaluating them correctly may become more vul-
nerable to claims framed as authoritative or to mis-
leading source information. These results are not
evidence that the models are safe or well calibrated
in high-stakes settings.
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A Marker Placement and Quality Checks

A.1 Placement rule

We attach markers to verbs that state what hap-
pened (not to the phrase that explains how the char-
acter learned it). For example, a direct-source pas-
sage begins:

Fishermen stood at the harbor’s edge and ob-
served how their nets ko hung in irregular pat-
terns from loading cranes. Equipment ko sat scat-
tered across the dock after sudden rough seas.

In this example, observed establishes that the
character saw the event, but we do not mark it. The
later statements take ko because the earlier clause
establishes how the information was acquired. We
do the same in reported passages: something like
the supervisor told me establishes the source, and
the claims that follow take zo. If we marked saw,
told, or deduced, the model could simply match a
marker to the word beside it.

A.2  Generation and filtering

We generated passages of five to ten sentences,
each with one source of evidence. We made sure
not to include any explicit confidence vocabulary.
After generation, validation scripts check the pas-
sage length, source label, marker inventory and
count, prohibited vocabulary, repetition, and con-
sistency across transformations. For later batches,
we also removed embedding-based near duplicates
at cosine similarity .92.

Every variant of our corpus is regenerated from
the same base passages. EVID retains the source
mapping, CTRL replaces markers at the same po-
sitions using the hash algorithm, and NOMARK
removes markers. For the Qwen subset, we apply
stricter filters, balance source categories within ev-
ery three-to-eight-marker bucket, and use the same
marker inventory for EVID and CTRL.

B Additional Evaluation Set

The evaluation set contains:

Suite Items
Source binding 72
Evidence sufficiency 120
Reliability reversal 120
Multihop binding 96
Learned calibration 72
Provenance independence 72

Source binding asks the model where the ev-
idence comes from. Evidence sufficiency asks
whether the evidence in a passage is about the pri-
mary target, an unrelated target, absent, ambiguous,
or conflicting. Reliability reversal changes which
sources have been accurate in the past. Multistep
items require one to three reasoning steps. Learned
calibration asks the model to infer whether a new
source is reliable. The copied-source task tests
whether it distinguishes independent agreement
from repeated reports of the same information.

We only interpret an adapted model’s result
when the untouched model first shows that it can
perform the task. The required scores are .70 for
exact binding, .80 for clear target support, .60 for re-
jecting insufficient evidence, .65 for conflicts with
unequal reliability, .65 for learning source reliabil-
ity, .60 for recognizing independent sources, .70
when every step in a chain is present, and .50 when
a premise is missing. The native-thinking test also
requires .95 valid outputs and no more than .05
truncation.

B.1 Full results

Base
Suite Unt. E C AV,
Source binding 100.0 98.6 98.1 +.159
Evidence sufficiency 100.0 99.7 100.0 +.235
Reliability reversal 2087 328 350 —.038
Multihop binding 63.57 753  76.0 +.024
Learned calibration 333" 333 333 —.077
Provenance independence  62.5 58.8 62.5 —.004

Post
Suite Unt. E C A,
Source binding 100.0 100.0 100.0 +.113
Evidence sufficiency 100.0 100.0 100.0 +.105
Reliability reversal 96.7 739 714 +.061
Multihop binding 91.7 865 882 —.011
Learned calibration 36.17 333 343 —.064
Provenance independence 47.27  63.0 583 +4.082

Unt./E/C refer to untouched, EVID, and CTRL.
Adapted accuracies and A,,,—the EVID-CTRL dif-
ference in the score for the correct answer—are
simple averages across the three paired seeds. The
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same untouched checkpoint is used for every seed.
1 means that the untouched model does not perform
well enough for us to interpret the adapted result.
B.2 Post with native thinking

This test uses S1 only.

Suite Unt. E C A
Source binding 100.0 100.0 100.0 .000
Evidence sufficiency 100.0 100.0 100.0  .000
Reliability reversal 95.8 883 858 +.025
Multihop binding 100.0 99.0 100.0 —-.010
Learned calibration 431 77.8 80.6 —.028
Provenance independence  86.1 819 86.1 —.042

Here, A, is the EVID—CTRL difference in accu-
racy. Both adapted models perform well enough on
every task for the comparison to be interpretable.
The untouched model falls short on learning source
reliability, producing valid answers, and avoiding
truncation. Valid-output rates are 90.0% for un-
touched, 99.5% for EvID, and 99.8% for CTRL.

B.3 Source-wording follow-up

The main comparison asks whether EVID’s advan-
tage over CTRL between target and no evidence
is larger when a paraphrase preserves the source
wording than when the same claim is stated without
a source.

Model S1 S2 S3 Mean  Gates
Base —.099 —-.106 —.077 —.094 0/6
Post —.321 —.437 -—-.313 —.357 6/6

The final column shows how many adapted
checkpoints meet the accuracy requirements. Base
falls short on paraphrased target items, so we re-
port its result only as a description. Its mean
EVID-CTRL target-versus-no-evidence difference
is +.164 for the source-preserving paraphrase and
+.258 for the source-neutral form. The earlier re-
sponse difference is not specific to source wording.

B.4 Visible-marker test

For each world and source described in ordinary
language, we either omit the marker, use the match-
ing marker, or substitute either of the two conflict-
ing markers. The main measure asks how much
a conflicting marker pulls the model toward the
source associated with that marker rather than the
source stated in the passage, relative to the same
passage without a marker, and then compares that
pull between EVID and CTRL.

Model S1 S2 S3  Mean Spec.  Reinf.

Base +.003 +.025 +.059 +4.029 +.052 +4.117
Post +.156  +.074 +.242 +.157 +.133 +.240

We average specificity and reinforcement across
the three seeds. All three measures are positive
in every seed. Even so, every model chooses the
source stated in the passage on every item. The
markers shift probabilities but never change the
final answer.

B.5 Additional-training test

We select Base S3 for additional training because
its main result is negative at 1M. The paired
adapters resume from their saved optimizer states
and stop after 5,001,216 presented tokens. The
results are shown below.

Dose Emap Binding T/null  T/dist. P—N Pull
IM 839 —.062 +.104 —.086 —.077" 4.059
M 933 +.032 +4.465 —.015 —.264 +.055

E map is EVID marker accuracy in percent; the
corresponding CTRL scores are 38.6% and 32.3%.
T/null and T/dist. compare target evidence with
no evidence and distractor evidence. P—N asks
whether the result is larger for a source-preserving
paraphrase than for a source-neutral statement, and
Pull is the visible-marker result. T means that the
1M models fall below the required accuracy; both
5M adapters meet it. Additional training strength-
ens learning of the markers and the response to
some target evidence, but still gives no advantage
to source wording.

C Data, Code, and Reproducibility

We will release the corpus and evaluation data together with clean scripts for

training and evaluation.
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