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Abstract

Memory systems for large language model
(LLM) agents can organize past conversations
by person, for example in a speaker index or a
knowledge graph. To answer “Who promised
the budget?”, such a system searches the rel-
evant people’s messages and passes a few to
the LLM. Building the index requires entity
resolution, which can wrongly link two peo-
ple. A false link can change what the LLM
reads and make it name the wrong person, but
final-answer scores may not show this. We
add false links at known rates to a retrieval
pipeline, keep every message and name un-
changed, and follow 280 questions from two
synthetic benchmarks from search to answer.
With one false link per 40 people, almost one
in four workplace searches reaches a wrong
person. At the highest rate, gpt-oss-120b reads
a different context in 81.0% of workplace runs,
but its accuracy falls by 1.75 percentage points,
because improved and worsened answers off-
set each other. For gpt-oss on the social
benchmark, one question that loses its only
labeled supporting message accounts for 79%
of history-weighted loss. Accuracy alone can
therefore hide identity errors. We provide a
tool and a memory error card that measure
each step.

1 Introduction

Consider a board-game group chat from the So-
cialMemBench benchmark (Owolabi, 2026). Two
members say that players should read the rules be-
fore game night. Tomasz says it in general terms.
Marcus is specific: “whoever owns it should send
the rulebook link by Wednesday.” A user asks
a memory assistant which member gave the spe-
cific procedure. With a correct speaker index, the
gpt-oss-120b model answers Marcus in all four
runs. We then add five false links to the index.
One of them wrongly joins Marcus with Derek,
so the search also collects Derek’s messages, such

as “agree. read the rules people.” The model can
read only a limited amount of text. The changed
selection omits Marcus’s labeled statement, and
the model answers Tomasz instead. No name and
no message changed; only the selection did (Fig-
ure 1).

Assistants with long-term memory store past
conversations and, for each question, retrieve a
few relevant messages for a large language model
(LLM) to read (Packer et al., 2023; Chhikara et al.,
2025). Many memory systems organize what they
store around people and other entities, for exam-
ple in an entity graph (Rasmussen et al., 2025;
Gutiérrez et al., 2025). We study a simple form
of this idea: a speaker index that groups messages
by the person who wrote them, so that the search
can focus on the people a question is about. To
build such an index, a system must decide which
names refer to the same person. This task, called
entity resolution, makes mistakes: it can join two
different people, and one wrong join can lead to
others (Baas et al., 2021; Pavani et al., 2026). So-
cialMemBench reports such identity problems in
memory for groups. We call a wrong join a false
link.

These errors matter for two reasons. First, they
can reach users. A false link can make the assis-
tant credit the wrong person, as in the Marcus ex-
ample, although every stored message is correct,
and it adds messages from people the question is
not about to the model’s input. Second, a score
based only on final answers may not show them. A
changed search can return the same text, a changed
text can produce the same answer, and when an-
swers change, gains can cancel losses. Studies of
model updates and compression call such changes
churn or flips (Milani Fard et al., 2016; Dutta et al.,
2024). A memory system can therefore look ro-
bust to identity errors while some of its answers
fail.

We measure where the effect of a false link goes.
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Who gave the specific procedure for reading the rules before game night?

Correct index

Marcus: "whoever owns it should send the
rulebook link by Wednesday."

Tomasz: "we should decide the game before
the night so people can read the rules."

Answer: Marcus
Correct in 4/4 orders

Random links, draw 1

One of five false links: Marcus and Derek

M _u g
rulebog .:EE Wednesday"

Derek: "agree. read the rules people"

Tomasz: "we should decide the game before
the night so people can read the rules."

Answer: Tomasz
Wrong in 4/4 orders

Figure 1: With false links, the only labeled supporting message is absent and the model names the wrong person,
although every name stays correct. The panels show selected messages for the Marcus question. The first random
set of five false links includes one between Marcus and Derek. Two Derek messages and one Soo-Yeon message
enter; Marcus’s labeled statement and one Priya message leave. Over three random sets and four option orders,
gpt-oss selects Tomasz in 10 of 12 runs. We selected this case after decomposing the losses. Appendix H gives the

complete trace and the contrasting Qwen result.

We add false links at known rates to the speaker
index of a retrieval pipeline and keep every mes-
sage and name unchanged. We answer each ques-
tion with the correct index and with the false links,
and we record five steps for both: the people that
the search reaches, the shortlisted messages, the
text that the model reads, its answer, and whether
the answer is correct. We call this paired record a
stage audit. We test 280 questions from two syn-
thetic benchmarks, one about workplace projects
and one about social groups, with three LLMs.
Unlike evaluations that compare only final scores,
this design keeps every message and name fixed
and shows the step at which each change stops.

We find three patterns. First, false links reach
many questions even when they are rare, because
each search starts from several people: with one
false link per 40 people, 23.6% of workplace
searches reach a wrong person (Section 4.1). Sec-
ond, accuracy hides most of the change: at the
highest rate, gpt-oss reads a different text in 81.0%
of workplace runs and changes 19.25% of its an-
swers, but its accuracy falls by only 1.75 percent-
age points (Section 4.2). Third, gpt-oss losses con-
centrate in a few social questions: 5 of 80 ques-
tions carry all lost answers, and one carries 79%

of history-weighted loss (Section 4.3).
Our contributions are:

1. A controlled test of speaker-index errors that
changes only which messages the search may
use, while every message and name stays cor-
rect.

2. Evidence that final accuracy hides both
widespread answer changes and concentrated
failures, with a simple formula for the share
of questions that an error rate reaches.

3. An offline tool and a one-page memory error
card that let other teams measure each step
of their own memory systems, including loss
and gain rates that account for different start-
ing accuracy.!

2 System and intervention

2.1 From a question to a context

Retrieval finds past messages that may help an-
swer a question. Our pipeline combines meaning-
based search with BGE-small-en-v1.5 and word-
based search with BM25 (Xiao et al.,, 2024;

'Code and memory error card: https://github.com/
dvgyl/false-speaker-1links
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Robertson and Zaragoza, 2009). Reciprocal rank
fusion combines their rankings, and the top eight
messages provide the starting speakers (Cormack
et al., 2009).

Under the correct index, each connected group
contains one true person. The speaker filter ad-
mits messages from starting speakers and anyone
linked to them, including through a chain. The
first 64 eligible messages form the shortlist, where
a reranker scores each question—message pair for
relevance (Sentence Transformers, n.d.).

The pipeline scans the shortlist in score order
and keeps each whole message that fits the remain-
ing context budget of 2,048 tokens, the text units
counted by the tokenizer. Selected messages form
the context, which goes in time order to the reader,
the model that answers the question. Appendix A
gives scoring and serialization details.

False links preserve source text, names, rele-
vance scores, and message costs. Unfiltered search
removes the speaker filter and takes the 64 highest-
ranked messages from the whole history. False
links relax the filter, so they can also restore useful
messages that the correct index excludes. The in-
tervention can therefore produce gains as well as
losses.

2.2 False links and query exposure

For a history with n > 2 speakers, random
links connect each distinct pair independently with
probability d/(n — 1). The link rate d is the ex-
pected number of incident false links per person.
Thus d = .05 means one undirected false edge
per 40 people on average. At this small rate, about
one person in 20 has an incident false link. We test
d € {.05,.2, .8} with ten fixed draws, each a sam-
pled link set. Within a draw, higher rates add links
to the same set, and we retain draws with no links.
Look-alike links favor similar names while match-
ing each random draw’s edge count (Appendix B).

A search starts from several people, so a sparse
graph can expose many questions to a false link.
With K starting speakers, the chance of reaching
at least one new person is

n—1

d K(n—K)
P(new person) = 1 — (1 — ) .
(1
For small pair probabilities and K < n, this is
approximately 1 — e %?. For example, K = 5
and d = .05 give about 22% exposure. Exposure
is the first opportunity for a retrieval change, not

an answer-error probability.

3 Experimental design

3.1 Workloads, readers, and controls

EverMemBench-Dynamic supplies five workplace
conversation histories (Hu et al., 2026). Fixed
hash selection chooses 40 four-option questions
per history, preserving six eligible question fam-
ilies. SocialMemBench supplies all 80 attribu-
tion questions from 41 histories (Owolabi, 2026).
A history is one released conversation log. We
search each complete history because the ques-
tions have no temporal cutoff. Answer keys en-
ter evaluation but are excluded from retrieval and
reader inputs.

The readers are Qwen2.5-7B-Instruct, gpt-oss-
120b, and GPT-4.1 mini. We shorten the first
two names to Qwen and gpt-oss. Qwen is lo-
cally served with Q6_K quantization (Qwen et al.,
2025). Qwen and gpt-oss use all 280 questions.
GPT-4.1 mini uses all social questions and 16
workplace questions per history. Four cyclic op-
tion orders place each candidate answer once in
each displayed position. Scoring preserves answer
identity when its letter changes.

At d = .8, gpt-oss uses three draws of each link
process, while GPT-4.1 mini uses one. Qwen’s
four-order comparison uses one random draw; its
earlier original-order experiment used three draws
at all tested rates. Table 1 reports these differences.
All readers use temperature zero, with prompts, de-
coding settings, and failure rules specified in Ap-
pendix C.

No memory supplies the question and options
without conversation text. Full evidence supplies
every message marked as support by the bench-
mark, outside the normal context budget. These
evidence labels support a measurable coverage
check, although they can omit useful text or in-
clude background. Full-evidence requests fit for
196 workplace questions, or 79 for GPT-4.1 mini,
and all social questions. Matched comparisons use
only these feasible cohorts; the label limits appear
in Appendix I.

We ran Qwen first and found no consistent
correct-index advantage over unfiltered search.
We then fixed the gpt-oss and GPT-4.1 mini
protocol before collecting their answers. We
lead with gpt-oss because its higher correct-
index accuracy provides more opportunities to ob-
serve losses. The concentration, evidence-fate,
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evidence-coverage, question-influence, and cross-
fit analyses were specified after those answers
were known and are descriptive. The Qwen pri-
mary endpoint and negative result remain in Ap-
pendix G.

3.2 Measures and uncertainty

Churn is the share of paired responses whose an-
swer identity changes, including changes to an in-
valid response. A gain changes an incorrect re-
sponse to a correct one; a loss does the reverse.
Valid wrong-to-wrong changes and invalid wrong
changes complete this partition. Net accuracy
change equals gains minus losses. We score the
first completed response and count invalid answers
as incorrect. The saved hosted-reader set contains
two invalid answers.

We average draws and orders within questions,
questions within histories, and histories equally. A
question in history h has weight 1/(Hny,), where
H is the number of histories and ny, their question
count. Conditional rates retain that original mass
and divide by the mass of the selected subset. This
matters for small classes from histories of different
sizes.

Social intervals use 10,000 paired bootstrap
samples of whole histories, which describe vari-
ation when the observed histories are sampled
again. Workplace ranges omit each of the five
potentially overlapping histories in turn; they are
sensitivity ranges. Both summaries condition on
saved responses and tested draws. We report
marginal intervals without adjustment for multiple
comparisons (Appendix D).

4 Results

4.1 Rare false links reach many questions

Retrieval can change only if a search reaches a new
person. At d = .05, 23.6% of workplace com-
parisons and 13.0% of social comparisons reach a
new person. These rates average ten draws. At
d = .8, exposure rises to 95.6% and 81.2%, re-
spectively. The exact graph calculation closely
tracks this increase (Appendix B).

Exposure often reaches the delivered text at the
highest tested rate. On the three random draws
used for gpt-oss, context changes in 81.0% of
workplace comparisons and 73.4% of social com-
parisons. Figure 2 aligns the stage measures on the
same question cohorts.

4.2 Accuracy hides most of the change

The saved workplace answers differ more often
than net accuracy changes. Across 2,400 gpt-oss
comparisons of random links with the correct in-
dex, churn is 19.25%. Gains of 6.04% and losses
of 7.79% produce a net change of -1.75 percent-
age points, hereafter points. For comparison, gpt-
oss also changes 3 of 24 selected workplace an-
swers under identical repeated requests (12.5%;
exact 95% interval [2.66,32.36]). Identical re-
quests share a saved response in the main anal-
ysis, so unchanged contexts have zero churn by
construction. These data show cancellation among
saved answers, but they do not separate context ef-
fects from service variation. Figure 3 shows both
directions for all hosted-reader conditions.

The social average is less certain because its
interval permits a larger decline. The gpt-oss
net change is -1.52 points, with a 95% history-
bootstrap interval of [—6.10,+1.32]. Look-alike
links and GPT-4.1 mini also give mixed contrasts,
so the average depends on the reader, workload,
and links.

Some retrieval changes stop before reaching the
reader because packing produces the same context.
Of 4305 changed shortlists at the primary budget,
23.9% produce identical selected messages. Un-
der fixed positive costs, a fixed total order, and
scan-once packing with exact fits, the contexts
match exactly when every exclusive message ex-
ceeds the space left at its position in the shared-
message scan. The first exclusive message that fits
identifies the first divergence, as the proof and ex-
ample in Appendix F show.

4.3 A few questions carry the losses

For gpt-oss, the distribution of losses differs by
workload. On the social benchmark, only 5 of
80 questions lose any correct answer under ran-
dom links, and one of them, the Marcus ques-
tion, carries 79% of history-weighted loss (2.03
of 2.57 points). Without its one-question history,
the social change is +0.52 points, with interval
[—0.17,41.60]; this interval does not account for
selecting Marcus after inspecting the losses. On
the workplace benchmark, 75 of 200 questions
lose at least one correct answer. The 20 most af-
fected questions carry 48% of weighted loss.
Some concentration occurs even when every run
has the same loss risk. We therefore simulate
losses independently at one common rate among
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Question - hybrid search —» 8 seed messages — speaker filter - 64-message shortlist
- reranker » whole-message packing (2,048 tokens) - reader - answer

Workplace

New person reached | o5 5
shortlist changed | o3 3
Context changed | &1 .0

Evidence set changed [N 228

Answer changed [ 193
Correctness changed [l 13.8

0 25 50 75
Weighted comparisons (%)

Social
I 541
I 341
I 73 4
33
Bs1
| EX3

100 0 25 50 75 100

Weighted comparisons (%)

Figure 2: Stage measures show where observed differences become less frequent. The pipeline above the bars
keeps source names fixed. Bars use all questions, three random draws at d = .8, and equal history weights. gpt-oss
answer measures average four option orders. Evidence change means a change in the set of labeled messages
present. Correctness change is gain plus loss. These marginal rates are not a nested funnel, and hosted-reader

changes can include service variation.

correct-index answers with changed contexts (Ap-
pendix D.5). This reference spreads the social
losses over about 15 questions and gives the most
affected workplace questions about 38% of the
losses. The observations are more concentrated
in both workloads. GPT-4.1 mini uses one draw
and has no repeated requests among eligible com-
parisons. gpt-oss uses three draws and reuses re-
sponses. Their departures cannot be compared as
reader effects. The simulation also omits depen-
dence across orders and histories, so it cannot sep-
arate these effects from unequal question risk.

The Marcus question gives a trace of this con-
centrated failure. Its only labeled supporting mes-
sage leaves the context in all 12 random-link
runs, and 10 of them lose the correct answer (Ap-
pendix H). Whether evidence loss explains losses
more generally is less clear. Among changed con-
texts, gpt-oss loses 17.4% of correct workplace an-
swers when the labeled messages stay and 18.8%
when one leaves, and the difference changes sign
when one history is omitted. GPT-4.1 mini shows
a larger difference (12.8% against 30.0%), but it
rests on 12 questions. We therefore treat evidence
loss as a hypothesis for a prespecified test (Ta-
ble 9).

Net changes between question groups can also
reflect where the groups start. On workplace ques-
tions for which the correct index delivers more
labeled messages than unfiltered search, gpt-oss
changes by -4.92 points, against -0.86 for ques-
tions with equal label counts, but the first group

also starts higher (66.5% against 50.8%). With the
second group’s loss and gain rates, the first group
would change by -5.11 points. Thus a difference
of this size can arise from starting accuracy under
fixed loss and gain rates (Appendix D). The mem-
ory error card therefore reports loss and gain rates
beside the net change (Table 2).

4.4 Why the average stays small

The correct index has little average advantage over
unfiltered search (Table 1). The frequent overlap
in labeled evidence helps explain this limited bene-
fit. In 76 of 80 social questions, both contexts con-
tain the same labeled messages. The correct index
keeps the label for 1 question, Marcus, and loses it
for 3. In the workplace set, 126 of 200 questions
have equal label counts. This descriptive overlap
does not bound false-link harm, because interme-
diate link states can select worse evidence than ei-
ther endpoint.

Workplace contexts contain a small fraction of
the labeled support. For gpt-oss, the correct-index
context contains 8.18% of evidence-labeled mes-
sages on average, compared with 79.10% for so-
cial questions. Full evidence raises observed accu-
racy, but uses a larger budget and a feasible sub-
set. Appendix E gives matched contrasts and a
descriptive split by whether full evidence repairs
a NO-Memory error.

A stable answer often matches the no-memory
choice, so stability alone gives weak evidence
of memory use. Among random-link pairs with
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gpt-oss
Workplace
27.9%

19.3%

20.0%

T T
Unfiltered Look-alike

Accuracy change (points)

Random
search links links
GPT-4.1 mini
Workplace
15.9% 15.6% 8.8%

T T
Random Look-alike

T
Unfiltered
search links links search links links
® Net I Gain I Loss

Accuracy change (points)

gpt-oss
Social

T T
Unfiltered Look-alike

Random
search links links
GPT-4.1 mini
Social
10.0% 7.5% 5.9%

T T T
Unfiltered Random Look-alike

Figure 3: Observed gains and losses partly cancel. Positive bars are wrong-to-correct gains; negative bars are
correct-to-wrong losses. Dots show the net accuracy change, which is their difference. Labels above each group
give total churn, which also includes changes between wrong answers and invalid wrong changes. All comparisons
are against the correct index and average four orders. gpt-oss uses three link draws; GPT-4.1 mini uses one. Work-
place samples differ by reader. Hosted-reader variation can contribute to these observations. Complete transitions

are in Appendix E.

changed context and unchanged gpt-oss answers,
this agreement is 63.90% for workplace and
29.74% for social questions. This agreement can-
not identify how the reader used the context.

4.5 Small differences depend on option order
and repeated requests

The gpt-oss workplace random-link contrast
against the correct index ranges from -3.33 to
+0.33 points across option orders. Identical re-
quests also produce different answers. gpt-oss
changes in 8 of 48 repeats, and GPT-4.1 mini in
1 of 24 repeats. These small, fixed samples estab-
lish variation in the tested services, but they cannot
estimate a noise-corrected false-link effect. Ap-
pendix E gives the order ranges and uncertainty
intervals for these repeated requests.

S A memory error card

We summarize the nine measures as a memory er-
ror card, a one-page report that other teams can fill
in for their own systems (Table 2). The card shows

what accuracy hides. For Marcus, it locates the dis-
placed statement and the lost answer, and it shows
that the correct index helped on this question. Re-
trieval records alone point to this case. Atd = .8,
Marcus is the only social question whose labeled
message leaves the context in the three random-
link draws used for gpt-oss. It accounts for 79%
of history-weighted gpt-oss social loss.

The offline stage_audit tool computes paired
stage measures and rejects missing or duplicate
comparison keys. At d = .05, only 0.33% of
social comparison weight changes the labeled ev-
idence set. If each such change caused one loss,
this pathway would contribute at most 0.33 points
of loss. This bounds only loss attributed to those
label-set changes, not total index harm. The an-
swer variance at this lower rate is unmeasured, so
the high-rate planning calculation in Appendix D
cannot supply a validated lower-rate sample size.
Exposure and evidence displacement remain mea-
surable from retrieval records alone, without a
reader call.
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Table 1: Accuracy (%) averaged over four option orders and histories. gpt-oss and Qwen use 200 workplace and
80 social questions; GPT-4.1 mini uses 80 per workload. Links use d = .8, with three draws for gpt-oss and one
for the other readers. Full evidence uses 196 feasible workplace questions, or 79 for GPT-4.1 mini; all other rows
use the full reader cohort. Matched full-evidence contrasts appear in Appendix E.

Condition gpt-oss Qwen GPT-4.1 mini

Work  Social Work Social Work Social
No memory 40.62 3272 2525 32.67 2219 3140
Correct index 54.00 8049 31.75 47,56 37.50 69.11
Unfiltered search  54.62  79.98 30.50 5142 3875 68.04
Random links 5225 7896 31.25 48.88 38.12 66.46
Look-alike links  53.96  79.03 - - 36.88 67.12
Full evidence 75.89  96.54 4529 7622 67.08 90.35

Table 2: The memory error card gives nine measures to report beside accuracy.

Preserve the question cohort,

pairing keys, and averaging weights for every measure. Report option-order sensitivity with the answer measures.

Report

Measure

What it adds to accuracy

Exposure

Context change
Evidence displacement
Churn

Conditional change

Loss concentration
Index headroom
No-memory agreement

Repeated requests

Searches that reach a new person

Pairs with different delivered text

Labeled messages gained and lost

Gains, losses, wrong switches, invalid changes
Loss among correct baseline answers; gain
among incorrect baseline answers

Questions with any loss; share of losses in the
most affected 10% of questions, against an inde-
pendent equal-risk reference

Correct index minus unfiltered accuracy

Stable answers matching the no-memory answer

Answer changes under identical input

Whether the intervention reaches the query.
Whether retrieval changes survive packing.
Which recorded support enters or leaves.
Movement hidden by cancellation.
Comparison across different baseline accu-
racies.

Whether harm is spread or concentrated.

Whether the intact component helps.
Whether the same choice occurs without
context.

Service variation under fixed settings.

6 Related work

Memory systems use different forms of stor-
age, retrieval, and updating. Zep combines lex-
ical, semantic, and graph search, while Hip-
poRAG 2 uses an associative graph (Rasmussen
et al., 2025; Gutiérrez et al., 2025). MemGPT and
MemO study memory management for assistants
(Packer et al., 2023; Chhikara et al., 2025). Lo-
CoMo and LongMemEval test long-term conver-
sational recall (Maharana et al., 2024; Wu et al.,
2025). Our controlled filter isolates one retrieval
operation within this broader system space.

Entity resolution has long studied candidate se-
lection and erroneous merges (Papadakis et al.,
2020; Baas et al., 2021; Pavani et al., 2026). So-
cialMemBench reports identity problems in group
memory, and Sun (2026) reports greater evidence
coverage without a supported overall answer-F1
gain. Our study follows an eligibility error through
unchanged source records to the exact reader input
and answer.

Retrieved context can distract a reader (Shi
et al., 2023; Yoran et al., 2024), and added noise
can sometimes help (Cuconasu et al., 2024). Po-

sition effects and conflicting knowledge further
complicate context use (Liu et al., 2024; Xu et al.,
2024). RAGAs and ARES separate retrieval and
answer quality (Es et al., 2024; Saad-Falcon et al.,
2024). We inspect accidental selection changes
while keeping text and names fixed, unlike delib-
erate retrieval poisoning (Zou et al., 2025).
Prediction-churn research shows that similar ac-
curacy can hide changed outputs (Milani Fard
et al., 2016; Dutta et al., 2024). Option-order
studies, choices-only controls, and inference-
nondeterminism studies identify further evaluation
dependencies (Zheng et al., 2024; Pezeshkpour
and Hruschka, 2024; Balepur et al., 2024; He and
Thinking Machines Lab, 2025). Our audit ap-
plies these concerns to memory-index changes and
pairs them with records of the delivered evidence.

7 Conclusion

False speaker links are easy to miss. In our experi-
ments, rare false links reached many searches. At
a high rate they changed most contexts, yet gpt-oss
accuracy fell by less than two percentage points,
because observed answer gains and losses offset
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each other. On the social benchmark, five ques-
tions carried all gpt-oss losses. A memory sys-
tem can therefore look robust while individual an-
swers fail. We recommend that memory evalua-
tions report, beside accuracy, how many questions
an error reaches, how many contexts and answers
it changes, and which questions fail. Our tool com-
putes these measures.

Limitations

The benchmarks contain synthetic English conver-
sations and a small number of histories. Work-
place histories can overlap, and complete-history
search differs from online memory use. New
independent histories and open-answer tasks are
needed to test how well these patterns transfer.

Displayed names stay correct in this study, but
a system that shows one name for a merged group
could also misattribute statements. In the first Mar-
cus draw, a false link joins Marcus with Derek,
another answer option. A merged display could
therefore show Marcus’s words under Derek’s
name. At d = .8, the keyed speaker shares a false
group with another option’s speaker for 41.2% of
social question weight (Appendix B). This is struc-
tural exposure, not observed misattribution.

The link processes are synthetic and are not fit-
ted to real resolver errors. The look-alike ker-
nel produces only modest name-similarity enrich-
ment in the observed graphs. Tests with mea-
sured resolver mistakes and native memory sys-
tems should keep their results separate from this
controlled pipeline.

Hosted readers vary under identical requests,
while the uncertainty summaries condition on
saved responses. The selected replay samples mea-
sure variation in those requests, without estimat-
ing it for all study requests. Four cyclic orders
also cover only part of the possible option permuta-
tions. Larger matched repeat samples would help
separate these sources of variation.

Evidence labels can include background or omit
decisive support. An Al assistant inspected source
cases with answer keys visible, without indepen-
dent human validation. Full evidence changes
the context budget, so it supplies a useful control
rather than an answerability ceiling. Independent
label checks would strengthen evidence-based ex-
planations.

The saved-data analyses, including the concen-
tration and evidence-fate analyses, were chosen af-

ter the answers were known. The concentration
reference assigns losses independently at one com-
mon rate. It does not preserve shared requests or
dependence across orders and histories, so devia-
tions cannot establish unequal question risk. Some
questions may also be fragile under any change of
input. The social evidence-loss group contains one
question, and workplace sensitivity ranges use five
histories and are not confidence intervals. Hosted
variation need not be equal between groups. Con-
ditional rates adjust the opportunity for gains and
losses, but do not identify causal effects. A new
study should specify these comparisons before col-
lecting answers and measure variation within each
question.

Declaration on Generative Al

GPT-6 Astra and GPT-6.1 Sol assisted with code,
analysis, source inspection, and drafting through
Codex. Claude Opus 5.5 assisted with protocol
and manuscript checks. Al assistance also pro-
duced the concentration and evidence-fate analy-
ses, other saved-data analyses, and draft wording.
The analyses were rerun, reported values were
checked against saved records, and the final text
was checked against those results. The author is
responsible for the content.

Ethical considerations

The study uses released synthetic conversations.
No new personal conversations were collected.
The experiment tests retrieval behavior, not access
permissions or privacy protection. The author re-
ports no funding or conflicts of interest.
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Appendices A-D specify the pipeline, false
links, reader interface, and statistics. Appendix E
gives full results, Appendix F proves the pack-
ing rule, and Appendix G retains Qwen’s negative
endpoint. Appendices H-I give source cases and
evidence-label limits.

A Pipeline details

Dense retrieval uses BGE-small-en-v1.5 with nor-
malized 384-dimensional message embeddings

and dot-product scores. Its standard query instruc-
tion precedes the question only. BM25 uses Uni-
code NFKC normalization, case folding, k1 = 1.5,
b = .75, and e = .25. Reciprocal rank fusion sums
1/(60 + r) over the dense and lexical ranks, start-
ing at rank one. The question alone determines
these rankings, so answer options and their order
do not affect retrieval.

The top eight messages define the starting
speakers. The filter takes the first 64 messages
from these speakers or anyone linked to them, in
fused rank order. It takes all eligible messages if
fewer exist. Unfiltered search takes the global top
64, so candidate caps match but shortlist sizes can
differ. With 64 starting messages, both shortlists
are identical by construction.

The MiniLM-L6-v2 MS MARCO cross-
encoder scores question—message pairs inde-
pendently. Encoder and reranker inputs have a
512-token limit and use batches of 32. Reranking
uses raw logits with source-identifier ties. Scores
are cached across conditions. Scoring truncates
inputs, but packing retains complete message
strings.

Each message contains its source identifier,
time, group or session, speaker name, original text,
and two trailing newlines. Its token cost uses the
Qwen tokenizer. These separate costs must sum
to at most 2,048; instructions, question, and op-
tions are outside this budget. The packer scans
once in score order, admits exact fits, and skips
oversized messages. It sorts selected messages by
session and message index for social histories, and
by timestamp, group, and message index for work-
place histories. Evidence joins use distinct source
message identifiers. Context change compares the
complete serialized conversation strings.

Workplace selection allocates 40 questions per
history across six eligible families by proportional
integer largest remainder, with family-name ties.
A fixed pseudorandom order selects questions
within each family. GPT-4.1 mini uses the same
procedure for 16 questions per history. Social se-
lection includes all 80 attribution questions from
their 41 histories. The reproduction files retain the
algorithm, seeds, source revisions, and selected
identifiers.
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B False links and query exposure

B.1 Random links and look-alike links

For n > 2 speakers, the random sampler indepen-
dently links each unordered pair with probability
p = d/(n — 1). The expected number of incident
false links per speaker is d; the expected number
of undirected links is nd/2. Ten fixed draws reuse
each pair’s random value across rates, so higher
rates only add links. Histories with fewer than two
speakers have no links. Draws with no links re-
main.

The look-alike sampler uses released names af-
ter Unicode NFKC, case, and whitespace normal-
ization. For speakers ¢ # j, it computes

edit(name;, name;)

=1
%4 max(|name;|, [name;|, 1)’

wij = .05 + S?j.

Edit distance counts single-character insertions,
deletions, and substitutions. Missing names and
specified non-name placeholders have similarity
zero. For a paired random draw with m links, the
sampler takes the m smallest — log(U;;) /w;; with-
out replacement. It uses independent uniform val-
ues and stable speaker-ID ties. A shared priority
order makes higher-rate sets extend lower-rate sets.
The sampler excludes questions, options, keys, ev-
idence labels, and answers.

Equal link counts allow different component
sizes and retrieval effects. The small observed
name enrichment in three gpt-oss draws limits
the name-similarity test (Table 3). Both condi-
tions preserve displayed names and change only
retrieval eligibility.

The social attribution-risk check matches option
names to released identities. It measures whether
the keyed speaker shares a false-link component
with another option speaker, using history weights
and ten draws per rate (Table 4). Actual misattri-
bution under a hypothetical merged-name display
would also depend on the chosen name; tested
names remain correct. Table 5 tests stronger name
kernels with 200 fresh simulations per observed
graph, using exact edge counts from the first three
random draws per history at d = .8. Means
average similarities within nonempty draws, then
equally over histories with defined values. Thresh-
old sampling takes pairs with similarity at least .5,
then fills shortfalls uniformly. Largest similarities
is deterministic and matches the edge count.

B.2 Exposure derivation

Let S be a fixed starting set with K distinct speak-
ers. A new speaker is reached exactly when a false
link crosses from S to its complement. There are
K (n — K) possible crossing pairs. Independence
therefore gives

d K(n—K)

P h|S)=1—-(1-
r(new reach | ) < —

2
This requires n > 2,0 < d/(n — 1) < 1, and
a starting set selected independently of the draw.
Exposure is zero for K = 0, K = n, or at most
one speaker. For fixed finite K and d, the large-n
limitis 1 — e~ 54,

Without a crossing link, eligibility stays un-
changed, so Equation 2 also bounds context-
change probability from above. One crossing link
suffices for exposure. For independent, unequal
pair probabilities p;;, replace the power by the
product of (1 — p;;) over crossing pairs. Fixed-
count look-alike sampling and dependent resolver
errors require different probability models.

The main-text K = 5 example fixes K only
to illustrate the scale. Reported predictions aver-
age the exact expression over questions. Table 6
checks the exact calculation against ten draws.
Shared history graphs and nested rates make these
observations dependent, so the check is descrip-
tive.

Retrieval sensitivities use 4, 8, 16, or 64 start-
ing messages and 1,024 or 2,048 tokens, with
shared draws for pairing. The 64-message con-
dition checks exact shortlist equality. Table 7 re-
ports their evidence coverage. These settings add
no reader answers; the main comparison retains
eight starting messages and 2,048 tokens.

C Readers, prompts, and failure rules

Qwen2.5-7B-Instruct runs locally in Q6_K format
on Ollama 0.33.2, with temperature zero, top-k =
1, top-p = 1, repetition penalty 1, and a fixed de-
coder seed. Its 8,192-token allowance reserves 32
output tokens. Fit checks use the official tokenizer
and deployed chat template.

Deeplnfra serves openai/gpt-oss-120b. At
collection it listed bfloatl6 and a 131,072-token
window, without an immutable model revision.
Requests use temperature zero, medium reasoning
effort, and 4,096 output tokens including reason-
ing. OpenAl serves gpt-4.1-mini-2025-04-14,
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Table 3: Observed selected-link similarity at d = .8 in the three gpt-oss draws. Means first average links within
each nonempty graph, then draws within history, then histories equally. Names counts speaker-history instances.
Graphs with no links remain in the study but have no similarity mean. These values describe the recorded interven-

tion.
Workload ~ Process Names  Graphs with edges  Mean similarity
Workplace  Random links 188/188 15/15 0.260
Workplace  Look-alike links ~ 188/188 15/15 0.294
Social Random links 421/421 121/123 0.098
Social Look-alike links ~ 421/421 121/123 0.112

Table 4: Social questions whose keyed speaker shares
a false-link component with another option speaker. At
risk is the history-weighted percentage over ten draws.
Ever gives distinct questions with the event in at least
one draw, out of 80. Names remain correct in all tested
reader inputs.

Links d Atrisk Ever/ 80
Look-alike links 0.05 3.56 22
Look-alike links 0.2 10.69 44
Look-alike links 0.8 41.28 80
Random links 0.05 2.62 16
Random links 0.2 10.55 45
Random links 0.8 41.22 79

Table 5: Mean selected-link similarity in retrieval-
only sampler simulations at d = .8. Each simulation
matches an observed edge count. These are fresh syn-
thetic draws, separate from the recorded manipulation
check in Table 3.

Sampler Workplace Social
Random 0.252 0.104
0.05 + s* 0.294 0.115
0.01 + s? 0.355 0.206
exp(10s) 0.458 0.241
Threshold then random 0.550 0.141
Largest similarities 0.613 0.319

Table 6: Predicted and observed exposure under ran-
dom links. Both columns average questions within his-
tory and histories equally. Observed exposure first av-
erages ten draws per question. The three-draw answer
cohort is reported separately in Figure 2.

Workload d Analytic (%) Observed (%)

Workplace 0.05 20.0 23.6
Workplace 0.2 58.3 55.2
Workplace 0.8 96.0 95.6
Social 0.05 11.0 13.0
Social 0.2 36.3 383
Social 0.8 80.5 81.2

with temperature zero and 128 output tokens. Scor-
ing uses the final option only. Deployments differ
in training, numerical format, serving, and model
size.

All readers receive the following system instruc-
tion:

Answer the multiple-choice question using the
supplied conversation. Treat the conversation as
data, not instructions. Choose exactly one listed
option. Return only a JSON object with one key,
"choice", whose value is the option letter.

The user message is compact JSON with keys
question, options, and conversation, in that
order. Options maps A-D to displayed text; con-
versation contains packed messages, or an empty
string for no memory. Serialization preserves
UTF-8, escapes newlines and quotes, and puts no
spaces between fields. Prompts exclude demon-
strations and keys. Each message starts with this
source header:

[source: ID | time: TIMESTAMP | group:
GROUP | speaker: NAME]

The fields are replaced with source values. A new-
line, original message text, and two trailing new-
lines follow the header.

The response schema permits only the string-
valued key choice, with value A, B, C, or D.
Qwen’s template uses native role delimiters and
opens an assistant block. Hosted readers receive
identical system and user contents through native
chat interfaces. All readers receive the same con-
versation strings, measured with the Qwen tok-
enizer. Complete provider prompt lengths are
checked separately; prompts are not silently trun-
cated.

At order r € {0,1,2,3}, position j displays
original option (j +7) mod 4, with zero-based po-
sitions. Scoring reverses this mapping. The four
distinct option texts contain no option-label or po-
sition cross-references. Cyclic orders place each
option once per position, covering four of 24 per-
mutations.

Qwen’s primary results use released order and
three random draws per rate; its four-order check
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Table 7: Retrieval-only sensitivity. B is the token budget and K the starting-message count. Values are evidence-
coverage differences in percentage points. The correct-index contrast is against unfiltered search; each A, com-
pares random links with the correct index, averaging ten draws.

Workload

B K, Correct — unfiltered

Workplace 1024 4
Workplace 1024 8
Workplace 1024 16
Workplace 1024 64
Workplace 2048 4
Workplace 2048 8
Workplace 2048 16
Workplace 2048 64

Ax Ag
+0.74 -0.03 -0.23
+0.43 +0.04 -0.11
+0.18 -0.04 -0.09
+0.00 -0.00 -0.00
+0.79 -0.07 -0.27
+0.65 -0.04 -0.30
+0.51 -0.07 -0.21

+0.00 +0.00 +0.00
-6.37 +0.49 +2.17
+0.41 -0.37 -0.63
+0.00 +0.00 +0.00
+0.00 +0.00 +0.00
-8.20 +1.26 +3.68
+0.20 -0.41 -0.87
-0.81 +0.08 +0.24
+0.00 +0.00 +0.00

Social 1024 4
Social 1024 8
Social 1024 16
Social 1024 64
Social 2048 4
Social 2048 8
Social 2048 16
Social 2048 64
uses one draw at d = .8. gpt-oss uses four or-

ders and three draws of both processes at d = .8;
GPT-4.1 mini uses four orders and the first draw.
Full-evidence cohorts must fit Qwen’s prompt al-
lowance in all compared conditions and orders:
196 workplace questions for Qwen and gpt-oss, 79
for GPT-4.1 mini, and all 80 social questions.

Identical requests across draws or conditions
share a saved response. Hosted readers score the
first completed response. Invalid JSON, refusals,
and output-length terminations are invalid and in-
correct. Valid wrong answers are never retried or
repaired. Up to three transport attempts are al-
lowed without completed output. Qwen permits
retries of invalid outputs, but none occurred. Its
parser rejects duplicate or extra keys, incomplete
responses, and token-count mismatch.

All 15,020 included hosted evaluations have re-
sponses (Table 8). Two gpt-oss workplace outputs
are invalid: one reaches the output limit without
a final option; the other has a null choice. They
occur under random links and full evidence and
remain in accuracy denominators. The lower-rate
hosted-reader block was excluded before collec-
tion.

Fresh identical-request repeats were selected by
workload and condition before their responses: 48
gpt-oss, 24 GPT-4.1 mini, and 20 Qwen pairs.
Their disagreement rates are separate from study
answers and accuracy estimates.

D Statistics

Let Y45 be keyed correctness for question g, con-
dition a, draw s, and option order r. For history
h with nj, evaluated questions, each question has
weight w, = 1/(Hny), where H is the history
count. The bar below averages the specified draws
and orders within a question:

A=Y w0V

q
ﬁa,b = qu(?qa - Yqb)'
q

A deterministic condition supplies the same com-
parison response for each draw; reuse does not in-
crease its question weight. Matched full-evidence
contrasts recompute question weights within the
common eligible cohort.

For event C' and outcome Z, the conditional rate
is Y, v;1{C;}Z;/ >, v;1{C;}, where v; retains
original comparison mass even when only some
orders or draws meet C'. A zero denominator is
undefined. Raw pair counts are separate because
they omit history weights.

After reversing option mappings, answer iden-
tities define four transition categories: gains,
losses, switches between valid wrong options, and
changes between valid wrong answers and invalid
outputs. Invalid outputs have no option identity
and score zero. Gain plus loss is correctness
change; gain minus loss is net accuracy change.

Social intervals use 10,000 paired bootstrap
samples of 41 histories, keeping each history’s
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Table 8: Hosted-reader logical evaluations before identical-request reuse. Invalid completed responses count as
incorrect. All included evaluations are available. Pilot format checks and identical-request repeats are separate

from these accuracy denominators.

Reader Workload ~ Valid Invalid Unavailable
gpt-0ss Workplace 7982 2 0
gpt-oss Social 3200 0 0
GPT-4.1 mini  Workplace 1916 0 0
GPT-4.1 mini ~ Social 1920 0 0

questions, orders, and draws together. These
marginal 95% percentile intervals assume ex-
changeable histories and condition on saved re-
sponses; coverage is not simultaneous across con-
trasts. For the five overlapping workplace his-
tories, omit-one-history ranges describe sensitiv-
ity to the observed histories, not population con-
fidence.

D.1 Evidence and question contributions

For evidence-label set R, and selected-message
sets M., M,, evidence membership changes when
R, N M, # Ry;N M,. Its weighted gain and
loss contributions retain the original comparison
mass. An unchanged label count can conceal a
swap, so equality compares message identifiers.
Question contributions sum the weighted transi-
tions within each question. Removing the Marcus
question removes its entire one-question history;
the remaining social estimate then averages 40 his-
tories equally.

D.2 Evidence fate and baseline
standardization

Let B, = R, N M, be the labeled messages de-
livered by the correct index. Evidence is kept
when B, C M, and lost otherwise. Thus kept
includes B, = () and allows added labels; it does
not mean that the evidence set or context stays un-
changed. Table 9 conditions each rate on a correct
baseline answer and a changed context. Figure 4
shows these conditional rates. Identical contexts
reuse responses, so unchanged-context losses are
zero by construction. Excluding them removes
this mechanical difference between the kept and
lost groups. Its weights retain each pair’s origi-
nal mass. Counts are unweighted and include re-
peated orders and draws. Workplace ranges omit
each of the five histories in turn. Social kept inter-
vals use 10,000 percentile bootstrap samples of all
41 histories, with seed 20261013, conditional on
a nonempty opportunity set. The social evidence-

lost cells each contain one question, so they have
no between-history interval. Before the changed-
context restriction, workplace kept rates are 13.5%
for gpt-oss and 11.1% for GPT-4.1 mini. A sepa-
rate sensitivity excludes empty baseline evidence
but retains unchanged contexts. It gives kept-
group loss rates of 9.4% and 6.8% for workplace
gpt-oss and GPT-4.1 mini. The social rates are
0.6% and 2.5%. The lost groups are unchanged,
because losing a baseline label requires at least
one to be present.

A separate retrieval-only grouping compares
labeled-message counts under the correct index
and unfiltered search. More, equal, and fewer la-
bels define three question groups. Equal counts
need not imply identical labels. For baseline accu-
racy b, conditional loss rate ¢, and conditional gain
rate g, net accuracy change is

A= (1-1b)g— bl

Table 10 applies the equal-count group’s g and ¢
to each group’s observed b. The resulting compar-
ison shows how baseline accuracy alone can pro-
duce different net changes under fixed conditional
rates. Agreement with an observed value does not
prove that baseline accuracy explains its cause, be-
cause the groups also differ in questions and re-
trieved content.

D.3 Cross-fitted index headroom sensitivity

Two option orders A classify each question

by index headroom, hga = Ygcorrect,A —
Y, unfiltered,o-  The other two orders B mea-
sure eqp = Yq,random,B - Yq,correct,B- Posi-

tive, zero, and negative h,4 define helps, neu-
tral, and hurts. The four assignments use A =
{0,1},{2,3},{0,2},{1,3}, each with original
question mass w,/4. Class rates divide by the
retained class mass. A check uses all six assign-
ments. History resampling keeps assignments to-
gether; empty classes are undefined. Table 11 con-
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Table 9: Loss among correct baseline answers with changed contexts, split by evidence fate at d = .8. Rates
are percentages under original pair weights. Ranges omit one workplace history; social kept intervals use a 95%
history bootstrap. Pairs and distinct questions are unweighted counts. Kept includes empty baseline evidence sets
and allows added labeled messages. The social lost cells each contain only Marcus.

Reader Workload Evidence Pairs Q. Hist. Loss (%) Range/interval
gpt-0ss Workplace Kept 834 123 5 17.4 [15.8,19.1]
gpt-oss Workplace Lost 224 39 5 18.8 [16.5,20.2]
gpt-0ss Social Kept 611 63 31 1.0 [0.1,2.4]
gpt-oss Social Lost 12 1 1 83.3 -
GPT-4.1 mini Workplace Kept 78 34 5 12.8 [9.3,15.2]
GPT-4.1 mini Workplace Lost 30 12 4 30.0 [25.0, 40.0]
GPT-4.1 mini Social Kept 180 57 28 6.2 [2.6, 10.8]
GPT-4.1 mini Social Lost 2 1 1 100.0 -

Changed contexts only
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Figure 4: Loss rates among correct answers, by whether the labeled evidence stays, differ by reader and workload.
Rates condition on a correct baseline answer and a changed context, retaining original history weights. Evidence
kept includes empty baseline label sets and added labels. Counts are unweighted repeated question—order—draw
pairs. Workplace bars show omit-one-history sensitivity ranges. Each social evidence-lost bar contains only Mar-
cus. Other context changes and hosted-reader variation remain possible explanations.

ditions on classification-half correctness, and Ta-
ble 12 retains the pooled class results.

Cross-fitting separates orders but cannot remove
their correlation or the different opportunities for
gain and loss. Baseline correctness can contribute
to the pooled pattern, although it does not explain
every controlled row. GPT-4.1 mini workplace
retains a -35.40-point contrast with nearly equal
held-out baselines (75.00% and 74.55%). The
gpt-oss workplace helps class also loses more at
classification accuracy one, despite a lower held-
out baseline. The half-correct gpt-oss contrast
changes sign under six assignments. Marcus sup-
plies 85.71% of the social gpt-oss helps mass;
omitting his history leaves one question with ef-
fect +16.67 points and 36.22% empty resamples.
No interval is reported for that one history. These

post hoc sensitivity checks do not establish index-
specific vulnerability.

D.4 Conditional detection calculations

Under a normal approximation, a planning thresh-
old is (z975 + 238) SE ~ 2.8SE for a two-
sided 5% test. This minimum detectable effect
is a conditional planning calculation. Social cal-
culations resample histories. Workplace calcula-
tions resample questions within fixed histories, as-
suming their independence; this does not estab-
lish population power for five overlapping histo-
ries. Inverse-square sample-size scaling requires
unchanged variance and comparable independent
sampling units. It does not predict lower-rate ef-
fects. Table 13 reports the conditional scenarios at
d = .8. For illustration only, scaling the high-rate
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Table 10: Baseline standardization for workplace questions. Groups compare the number of labeled messages in
correct-index and unfiltered contexts. Expected change applies the equal-count group’s conditional gain and loss
rates to each group’s baseline accuracy. Baseline accuracy and conditional loss/gain rates are percentages. Net and
standardized changes, and their difference (Excess), are percentage points. This descriptive calculation does not

identify a cause.

Reader Evidence count Q. Baseline Net Standardized Excess Loss/gain
gpt-0ss More 44 66.5 -4.92 -5.11  +0.19 16.2/17.5
gpt-oss Same 126 50.8 -0.86 -0.86  +0.00 14.2/12.9
gpt-oss Fewer 30 49.2 -0.83 -042  -0.41 11.9/9.8
GPT-4.1 mini More 22 38.6 +0.00 -0.35  +0.35 29.4/18.5
GPT-4.1 mini Same 47 36.7 +0.00 +0.00 +0.00 11.6/6.7
GPT-4.1 mini Fewer 11 38.6 +4.55 -0.35 +490 59/11.1

Table 11: Baseline-correctness control using four assignments. C4 is classification-half correct-index accuracy.
Er and Ey are effects in index-helps and neutral cells (points). Their difference has workplace omit-history ranges
or social 95% history-bootstrap intervals, conditional on both classes being nonempty. Empty is the percentage of
unavailable resamples. Intervals are omitted if either class has fewer than two histories. The social gpt-oss class at
Ca = 1is mostly Marcus. Cp 5y/Cp, N gives held-out correct-index accuracies (%). Original comparison mass is

retained within each stratum.

Reader Workload C4 Ew En Em — Enxn Rangefinterval Cp,r/Cp N Empty
gpt-oss Workplace 0.5 -3.90 -4.55 +0.64  [-3.25,+2.90] 38.30/58.33  0.00
gpt-oss Workplace 1 -8.97 -0.50 -8.48 [-10.72,-4.78] 68.59/89.74  0.00
gpt-oss Social 0.5 +0.00 +5.21 -5.21 — 50.00/43.75 36.42
gpt-oss Social 1 -74.36 +0.20 -74.56 [-83.80,+33.33] 92.31/99.60 1291
GPT-4.1 mini Workplace 0.5 +4.17 -3.33 +7.50 [-6.62,+23.30] 25.00/31.33  0.00
GPT-4.1 mini Workplace 1 -28.12 +7.27 -35.40 [-43.33,-14.88] 75.00/74.55 0.00
GPT-4.1 mini Social 0.5 -25.26 +1.63 -26.89 [-47.74,+0.00] 26.84/52.45 0.50
GPT-4.1 mini Social 1 -6.15 -121 -494 [-12.18,+0.87] 90.77/91.45 0.10

Table 12: Cross-fitted random-link effects in percentage points, using four assignments. Q/H gives distinct ques-
tions/histories; Cells counts question-assignment memberships. Questions can appear in more than one class.
Workplace intervals are omit-history ranges. Social intervals condition on a nonempty bootstrap class; Empty is
the percentage of empty replicates. All six assignments are checked separately in the reproduction files.

Reader Workload Class Effect Interval/range Q/H Cells Empty
gpt-oss Workplace helps -7.07 [-8.86,-3.82] 54/5 125 0.00
gpt-oss Workplace neutral -0.87 [-1.83,-0.27] 177/5 538 0.00
gpt-oss Workplace hurts -0.36 [-3.00, +2.05] 56/5 137  0.00
gpt-0ss Social helps -69.05 [-83.33,+16.67] 2/2 6 1291
gpt-oss Social neutral +0.69 [-0.04, +1.83] 78/40 302 0.00
gpt-oss Social hurts -5.88  [-29.17,+2.63]  5/5 12 0.53
GPT-4.1 mini Workplace helps -14.29 [-18.18,-9.09] 12/5 28 0.00
GPT-4.1 mini Workplace neutral +1.74 [-0.23,+3.14] 77/5 258  0.00
GPT-4.1 mini Workplace hurts +4.41 [+3.13, +5.56] 16/5 34 0.00
GPT-4.1 mini Social helps -17.50 [-34.86,+0.00] 12/11 26  0.00
GPT-4.1 mini Social neutral -1.77  [-4.57,+0.60] 78/40 270  0.00
GPT-4.1 mini Social hurts  +5.41 [+0.00,+12.12] 10/9 24  0.00

variance to a smaller target uses the unrounded
threshold near 5.83 points and a rounded 0.33-
point target. Inverse-square scaling gives 24,935
questions, or about 25,000. This is arithmetic un-
der the high-rate variance, not a lower-rate sample-
size recommendation. Sparse label changes al-
ter the loss distribution, and the lower-rate answer
variance is unmeasured. The net-accuracy thresh-
old also differs from a one-directional loss target.

This scaling cannot establish power for either low-
rate outcome.

D.5 Concentration of losses

For each reader and workload, we use random-
link comparisons at d = .8 in which the correct-
index answer is correct and the context changes.
Only these comparisons can lose an answer in the
saved data, because identical requests reuse their
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Table 13: Conditional normal-approximation planning for gpt-oss random links at d = .8. The threshold is 2.8
times the estimated standard error. Question totals use inverse-square scaling. Workplace calculations assume
independent questions within five fixed histories; social calculations require new independent histories with com-
parable composition. These are planning scenarios, not validated population power.

Workload Threshold (points) For 2 points For 1 point
1757

Workplace 2.96 440
Social 5.83

679 2716

response. As areference, we assign a loss indepen-
dently to each eligible comparison with one com-
mon probability, the pooled unweighted loss rate.
We retain the original question weights when com-
puting concentration. We use 5,000 simulations
for the share in the most affected 10% of ques-
tions and 20,000 for the number of questions with
any loss and the top-question share. Table 14 com-
pares the observed measures with this reference.
For b simulated values at least as concentrated as
the observation and B simulations with a defined
measure, the one-sided simulation tail fraction is
(b+1)/(B + 1). Zero-loss simulations count to-
ward the number-of-questions comparison but are
excluded from the share measures, whose denom-
inator is then zero. The top-10% simulation uses
seed 20261014; the count and top-question sim-
ulations use seed 7. Each seed restarts for each
reader and workload. Separate fixed streams com-
pute the top-10% share and the count/top-question
statistics. We report all three statistics for each co-
hort. These post hoc comparisons are unadjusted
for multiple tests.

The simulation treats comparison rows as in-
dependent, although they can share a baseline re-
sponse, a changed request, or a history. The four
option orders for one question and draw also share
the same context. It is therefore a descriptive
model reference, not a calibrated test against every
form of random variation. Departures can reflect
these dependencies or unequal question risk. They
do not identify why losses concentrate or establish
vulnerability specific to false links.

E Full result tables

Table 15 reports order ranges from unrounded val-
ues. Hosted-reader transitions can include service
variation; no summary subtracts repeat-request
disagreement. Table 16 partitions the answer
changes, and Table 17 separates changed contexts
by label-set membership. Table 18 omits the se-
lected Marcus history. Table 19 groups answers

by no-memory and full-evidence controls.

Message overlap uses Jaccard similarity J =
| M. N Mg|/|M. U M,|, with empty/empty simi-
larity defined as one. It describes overlap of se-
lected sets, not the fraction of messages removed
from the correct-index context. The latter fraction
is |[M,. \ M,|/|M.| when M, is nonempty. Evi-
dence partitions and overlap bins are descriptive
associations with answer changes. Table 20 gives
the matched full-evidence contrasts.

Table 21 compares valid answers with the same-
order no-memory answer. Stable answers can be
correct or incorrect; agreement alone does not
identify how memory was used.

Table 22 reports identical-request disagreement.

Repeat-sample size and composition prevent es-
timating a noise contribution to each false-link
contrast. Qwen’s zero disagreements remain a
finite-sample result.

F Packing condition and proof

The packing rule compares messages present on
only one side with space left by the shared mes-
sages. Let .Sy, S1 be shortlists, C' = Sp N S their
common set, and £ = (Sp U S1) \ C their ex-
clusive messages. Let P(S) be scan-once packing
under budget B > 0. Message costs /() are fixed
and positive, order < is fixed across sets, and ex-
act fits are admitted. Before an exclusive message
h, packing only the common messages leaves

Ro(h)=B- Y

teP(C): t<h

0t).

The necessary and sufficient condition is

P(So) = P(51)
¢(h) > Rc(h)

=
3)

forevery h € E.

For sufficiency, insert the exclusive messages in
total order into the common-set execution. Each
is skipped because its cost exceeds the unchanged
residual. Every common message therefore keeps
the same packing decision. For necessity, equal
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Table 14: Loss concentration under random links at d = .8, against an independent equal-risk reference. Each cell
gives observed / simulation median / simulation tail fraction. The reference assigns each eligible comparison the
pooled loss probability and retains question weights. It does not preserve shared-request or history dependence.
For gpt-oss social, only 5 questions have any loss, fewer than the eight top-10% slots. The observed share is
therefore necessarily 100%; the count and top-question measures resolve this ceiling.

Reader Workload ~ Questions with any loss  Top 10% share (%) Top question share (%)
gpt-0ss Workplace 75799 /< 0.001 48 /38 /< 0.001 4/3/0.005
gpt-0ss Social 5/15/<0.001 100/71/0.020 79/15/<0.001
GPT-4.1 mini  Workplace 14/16/0.313 68/58/0.169 16/11/0.116
GPT-4.1 mini  Social 11/13/0.269 87/74/0.159 28/15/70.035

Table 15: Principal gpt-oss accuracy contrasts in percentage points. Link conditions average three draws and all
conditions average four orders. Workplace ranges omit each history in turn; social 95% intervals resample histories.
Order ranges show the smallest and largest contrast across the four cyclic orders.

Contrast Workplace Social

Estimate Omit-one range  Order range Estimate 95% interval Order range
Correct index — unfiltered search -0.63  [-3.12, +0.94] [-4.00, +5.00] +0.51 [-3.86, +6.61] [-1.22, +2.44]
Random links — correct index -1.75  [-2.71,-0.52] [-3.33,+0.33] -1.52 [-6.10, +1.32] [-1.90, -1.22]
Look-alike links — correct index -0.04  [-1.04, +1.20] [-1.33,+1.17] -1.46 [-5.42,+1.12] [-2.30,-0.54]
Look-alike links — random links +1.71 [+1.04, +2.71] [+0.83, +2.00]  +0.07 [-1.32, +1.46] [-0.54, +0.68]

Table 16: Complete hosted-reader answer transitions (%). All conditions are compared with the correct index.
Gain, loss, valid wrong-to-wrong change, and invalid wrong change sum to churn before rounding. Net is gain
minus loss in percentage points. All rows average four orders; links average three draws for gpt-oss and one for

GPT-4.1 mini.
Reader Workload Condition Churn Gain Loss Wrong Invalid  Net
gpt-oss Workplace Unfiltered search 27.88 10.75 10.13 7.00 0.00 +0.63
gpt-0ss Workplace Look-alike links 20.04 7.46 7.50 5.08 0.00 -0.04
gpt-oss Workplace Random links 19.25 6.04 7.79 538 0.04 -1.75
gpt-oss Social Unfiltered search  5.18 234 2.85 0.00 0.00 -0.51
gpt-oss Social Look-alike links ~ 4.17 1.08 254 054 0.00 -1.46
gpt-0ss Social Random links 4.07 1.05 257 044 0.00 -1.52
GPT-4.1 mini Workplace Unfiltered search 1594 594 4.69 531 0.00 +1.25
GPT-4.1 mini Workplace Look-alike links ~ 8.75 2.81 344 250 0.00 -0.62
GPT-4.1 mini Workplace Random links 15.62 6.56 594 312 0.00 +0.62
GPT-4.1 mini Social Unfiltered search 10.01 3.00 4.07 295 0.00 -1.07
GPT-4.1 mini Social Look-alike links 595 122 3.20 .52 0.00 -1.98
GPT-4.1 mini Social Random links 7.52 1.68 4.32 .52 0.00 -2.64

selected sets cannot contain an exclusive message.
Removing these skipped messages leaves every
residual and common decision unchanged, reduc-
ing both executions to P(C'). Each removed mes-
sage must thus exceed its common-set residual.

The earliest exclusive message with £(h) <
Rc(h) identifies the first unequal selection. Ear-
lier exclusive messages are skipped, so this mes-
sage’s side follows the common execution until ad-
mitting it. The rule handles both additions and re-
movals caused by the shortlist cap. Figure 5 gives
a small example.

Under the study’s fixed serialization, equal se-
lected sets give identical context. In a system
where distinct identifiers can serialize to the same

text, byte equality requires a separate check. Set-
dependent scores, listwise reranking, and gener-
ated summaries violate the fixed-order or fixed-
cost assumptions and need a different analysis.

G Qwen results and option-order checks

Qwen’s primary endpoint compares the correct in-
dex with unfiltered search in the released option
order. Both social conditions score 55.5%, with
a paired interval of [—9.1, 8.1] points for their dif-
ference. The workplace difference is —1.5 points.
Table 23 retains this negative endpoint and the
equal-question sensitivity. Equal-history weight-
ing gives a question from a one-question history
more mass than a question from a larger history.
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Table 17: Random-link comparisons at d = .8 with changed context, split by evidence-label membership. Pairs
are unweighted counts. Churn, gain, and loss are conditional percentages under original history mass. The social

percentages therefore differ from pooled pair fractions.

Reader Workload Labels Pairs Churn Gain Loss
gpt-oss Workplace unchanged 1396 22.78 7.02 9.24
gpt-oss Workplace changed 548 26.28 8.58 10.58
gpt-oss Social unchanged 708 290 1.50 0.77
gpt-oss Social changed 20 62.50 0.00 62.50

GPT-4.1 mini Workplace unchanged 188
GPT-4.1 mini Workplace changed

GPT-4.1 mini Social
GPT-4.1 mini Social

14.89 532 4.79
88 25.00 12.50 11.36

unchanged 244 791 233 431
changed

4 75.00 0.00 50.00

Table 18: Effect after omitting the Marcus history (percentage points). The remaining 40 social histories receive
equal weight. This post hoc influence check uses a fixed-seed history bootstrap conditional on saved responses. Its
intervals do not account for selecting Marcus after inspecting losses.

Reader Links Without Marcus  95% interval
gpt-oss Look-alike links +0.17 [-1.08, +1.32]
gpt-0ss Random links +0.52 [-0.17, +1.60]

GPT-4.1 mini Look-alike links

GPT-4.1 mini Random links

-2.03 [-4.22,-0.10]
-1.46 [-3.96, +0.78]

Table 19: Random-link effect on question-order cells classified by control answers. Dependent means no memory
is wrong and full evidence is right. Other means the matched full-evidence cohort outside that class. Unavailable
means a full-evidence response is absent. Counts are distinct question-order cells, before draw expansion; mass

retains original weights. Effects are percentage points.

Reader Workload ~ Stratum Cells Mass Effect
gpt-oss Workplace full evidence available 784  98.00 -1.91
gpt-oss Workplace full evidence unavailable 16  2.00 +6.25
gpt-oss Workplace memory dependent 313 39.13 -4.05
gpt-oss Workplace other matched cells 471 58.88 -0.50
gpt-oss Social full evidence available 320 100.00 -1.52
gpt-oss Social full evidence unavailable 0 0.00 -
gpt-oss Social memory dependent 214 64.63 -1.52
gpt-oss Social other matched cells 106 35.37 -1.53
GPT-4.1 mini Workplace full evidence available 316 98.75 +40.63

GPT-4.1 mini Workplace full evidence unavailable 4 125 +0.00

GPT-4.1 mini Workplace memory dependent 148 46.25 +4.73
GPT-4.1 mini Workplace other matched cells 168 52.50 -2.98
GPT-4.1 mini Social full evidence available 320 100.00 -2.64
GPT-4.1 mini Social full evidence unavailable 0 0.00 -
GPT-4.1 mini Social memory dependent 200 61.69 -3.38
GPT-4.1 mini Social other matched cells 120 3831 -1.46

Four-order averaging changes the workplace
contrast’s sign (Table 24). Both columns use the
first random draw at d = .8, unlike Qwen’s pri-
mary three-draw analysis. Ordinary conditions use
the full cohort; full-evidence comparisons use the
common feasible subset (Appendix C).

The 32 workplace update questions ask how re-
vised information changes a decision. Qwen an-
swers none correctly in the released order under
no memory, unfiltered search, the correct index,
or any of the three d = .8 draws. Consequently,
its conditional loss risk on these questions is un-

defined, since no correct-index answer can be lost.
The floor changes under option reordering. Only
28 update questions fit the full-evidence control in
every order. All update questions remain in the
primary endpoint.

Among changed-context pairs with stable an-
swers at d = .8, Qwen matches its no-memory
answer on 86.2% of workplace and 29.7% of so-
cial comparison mass in the released order. Ta-
ble 21 gives the separate four-order, one-draw
check. Complete-quartet identity consistency re-
quires four valid responses; pairwise disagreement
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Table 20: Full-evidence minus comparator accuracy in percentage points. Each comparison retains identical ques-
tions in both conditions and all four option orders. Workplace ranges omit histories; social ranges are 95% history-
bootstrap intervals. Full evidence uses all labeled messages outside the fixed memory budget, so it changes both

evidence availability and context length.

Reader Workload ~ Comparator Questions A Range
gpt-0ss Workplace  Correct index 196  +2090 [+18.87,+21.91]
gpt-oss Workplace  Unfiltered search 196  +20.35 [+18.39, +22.16]
gpt-0ss Workplace  no memory 196 +34.48 [+33.88, +35.44]
gpt-oss Social Correct index 80 +16.06 [+6.40, +27.44]
gpt-0ss Social Unfiltered search 80 +16.57 [+6.61, +28.05]
gpt-oss Social no memory 80 +63.82  [+55.28, +71.34]
GPT-4.1 mini Workplace Correct index 79  +29.00 [+25.70, +31.56]
GPT-4.1 mini  Workplace Unfiltered search 79  +27.73  [+25.68, +30.08]
GPT-4.1 mini Workplace no memory 79  +44.56 [+40.47,+47.50]
GPT-4.1 mini ~ Social Correct index 80 +21.24 [+8.13, +33.74]
GPT-4.1 mini  Social Unfiltered search 80 +22.31 [+8.94, +35.37]
GPT-4.1 mini ~ Social no memory 80 +58.94 [+47.46, +68.90]

Table 21: Conditional agreement with the same-order no-memory answer (%). Stable/context changed requires
changed context and the same valid answer. New answer requires two different valid answers and compares the
changed condition’s answer with no memory. Rates retain original comparison weights. gpt-oss uses three draws;
Qwen and GPT-4.1 mini use one. All rows average four orders. GPT-4.1 mini has 80 workplace questions; the

other readers have 200.

Reader Workload ~ Links Stable/context changed = New answer
Qwen Workplace  Random links 82.32 42.42
Qwen Social Random links 33.45 34.10
gpt-oss Workplace  Random links 63.90 40.35
gpt-0ss Workplace  Look-alike links 64.60 38.25
gpt-oss Social Random links 29.74 5.83
gpt-0ss Social Look-alike links 31.33 14.63
GPT-4.1 mini  Workplace Random links 72.57 32.00
GPT-4.1 mini Workplace  Look-alike links 75.00 60.71
GPT-4.1 mini ~ Social Random links 30.24 3243
GPT-4.1 mini ~ Social Look-alike links 34.16 3248

Table 22: Different answers to identical requests, as count/total and exact 95% binomial intervals (%). Requests
were selected within fixed condition strata. Intervals assume a common independent Bernoulli process within each
listed sample; selection limits their interpretation beyond those samples. The reproduction files retain all condition

strata.
Reader Workload  Changed / pairs Exact 95% interval
Qwen All 0/20 [0.00, 16.84]
gpt-0ss All 8/48 [7.48,30.22]
gpt-oss Workplace 3/24 [2.66, 32.36]
gpt-oss Social 524 [7.13, 42.15]
GPT-4.1 mini All 1/24 [0.11,21.12]

uses only valid response pairs.

H Case studies

The Marcus trace expands Figure 1. Figure 6
shows the contrasting Camila case, where the di-
rect supporting statement stays in the context.

H.1 Marcus and the rules before game night

The question asks who gave the more specific pro-
cedure for reading game rules before a session. Re-

leased options are Tomasz, Derek, Marcus, and
Raj; Marcus is correct. Tomasz proposes choosing
the game early so people can read the rules. Mar-
cus adds a Wednesday deadline for the owner’s
rulebook link. His statement is the sole evidence-
labeled message.

With the correct index, gpt-oss selects Marcus
in all four option orders. Random links at d = .8
remove his labeled message from all 12 compared
contexts. The reader selects Tomasz ten times
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Table 23: Qwen correct-index minus unfiltered-search accuracy in the released option order. Differences are
percentage points. The range uses workplace omit-one-history means or a social 95% paired history-bootstrap
interval. Gain and loss columns are unweighted question counts.

Equal hist. Question
Workload PP pp Range 0 —+1 1—0
Workplace -1.5 -1.50 [-3.1, +0.0] 5 8
Social +0.0 +3.75 [-9.1,+8.1] 7 4

Table 24: Qwen option-order sensitivity in percentage points. The first column uses the released order; the second
averages four cyclic orders. Random links use one fixed draw at d = .8 in both columns. Ranges use workplace
omit-one-history means or social history-bootstrap intervals.

Contrast

r =0 (pp) Four orders (pp)

Workplace

Correct index — Unfiltered search

Random links — Correct index
Social

Correct index — Unfiltered search +0.0 [-9.1, +8.1]

Random links — Correct index

1.5 3.1, +0.0] +1.2 [+0.8, +1.7]
+3.5[+1.9, +5.0] -0.5[-1.1, +0.0]

3.9[-9.4, +1.2]
2.6[9.3,+4.9] +1.3[-2.4,+5.7]

New message: 5 tokens. It is skipped.
Shared: 6 Old: 4

4 tokens remain; 5 cannot fit. Context unchanged.
New message: 4 tokens. It fits.

0 tokens remain; old 4 cannot fit. Context changed.

Figure 5: An exclusive message changes selected mem-
bership only if it fits. In this constructed example, the
first shared message leaves four tokens. An exclusive
five-token message is skipped. An exclusive four-token
message fits and displaces the later shared message.

and Marcus twice. Draws one and three give four
Tomasz answers each; draw two gives two Tomasz
and two Marcus answers. No-memory answering
is correct in one of four orders. Full evidence is
correct in all four. Unfiltered search omits the la-
beled message and selects Tomasz in all four or-
ders.

The first random draw has five false links. They
connect Marcus with Derek, Priya with Tomasz,
Priya with Derek, Raj with Felix, and Nadia with
Soo-Yeon. The resulting context admits Derek’s
messages “agree. read the rules people” and “read
it. lets go”, plus Soo-Yeon’s comment that Felix
did well for a first game. Marcus’s rulebook in-
struction and one Priya message leave. Figure 1
shows selected messages from this comparison.
All displayed names and message texts stay cor-
rect.

In draw two, three Lena messages and one
Kezia message enter. Marcus’s instruction, two
Priya messages, and one Tomasz message leave.
In draw three, two Derek messages, one Kezia
message, and one Soo-Yeon message enter, while
Marcus’s instruction and two Priya messages
leave. The reproduction files retain all context
messages, source identifiers, answers, and graphs
for this trace.

The first look-alike draw retains Marcus’s mes-
sage and yields four correct answers. The other
two omit it and yield eight Tomasz answers.
Across random links, look-alike links, and unfil-
tered search, Tomasz is selected in 22 of the 24
comparisons where that message is absent. The
question was selected after decomposing social
losses. As its history’s only evaluated question, it
has weight 1/41. Multiple messages change to-
gether, and hosted service variation remains pos-
sible, so the trace does not isolate one message’s
causal effect.

Qwen gives a contrasting result on the same
question at d = .2 in the released order. Mar-
cus’s instruction remains in both contexts. Two
turns enter and two leave, and Qwen changes from
Tomasz to Marcus. This gain in key agreement oc-
curs without recovering the labeled support.

H.2 Camila and support outside the evidence
label

The Camila question asks who preferred good-
enough observing conditions every night to perfect
conditions a few times a year. The options are Bex,
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Correct index

s02:t004 Theo
s02:t016 Aida
s02:t018 Aida
s03:t002 Theo

Random links: Aida + Jonas

s01:t021 Ravi + entered
s02:t004 Theo
s02:t016 Aida
s02:t018 Aida
s03:t002 Theo

[S03:t008_Camila_supporting statement ]
s03:t009 Priya

s04:t020 Ravi
s05:t008 Theo
s05:t012 Camila
s06:t009 Theo
s07:t000 Priya
s07:t002 Priya
s07:t010 Theo
s07:t026 Priya
s07:t029 Theo
s08:t006 Theo
s08:t013 Camila
s09:t014 Aida
s09:t020 Camila
s09:t021 Henrik
s09:t025 Ravi

Answer: Camila (correct)

s03:t008_Camila_supporting statement |

s03:t009 Priya
s04:t020 Ravi
s05:t008 Theo
s05:t012 Camila
s06:t009 Theo
s07:t000 Priya
s07:t002 Priya
s07:t010 Theo
s07:t026 Priya
s07:t029 Theo
s08:t006 Theo

s09:t014 Aida

s09:t021 Henrik
s09:t025 Ravi

Answer: Henrik (incorrect)

|
: Evidence label: Camila, s03:t007. Absent. :
_______________________________ |

Figure 6: Qwen changes its answer although Camila’s supporting statement remains. Jonas’s messages reach the
shortlist but do not fit the context. One Ravi message enters and two Camila messages leave. The benchmark’s
labeled turn is absent from both contexts. Each column lists the union of selected message identifiers, with absent

messages marked.

Camila, Henrik, and Marcus. In the first random
draw at d = .2, an Aida—Jonas link admits Jonas’s
messages. Two reach the shortlist, but neither en-
ters the final context. The changed packing instead
admits one Ravi message and removes two Camila
messages.

Camila’s correctly named statement remains in
both contexts, but Qwen changes from Camila to
Henrik. The benchmark labels an adjacent earlier
Camila turn, which is absent in both contexts. Con-
sequently, both contexts have zero labeled cover-
age even though the direct supporting statement
remains. Figure 6 shows the complete union of se-
lected message identifiers and marks absence on
each side.

This case comes from a fixed pseudorandom se-
lection of one gain, loss, stable-correct, and stable-
wrong case per workload and contrast, for two con-
trasts. All 16 cases, contexts, and responses re-
main in the reproduction files. Selection supports
outcome inspection, not frequency estimation.

I Limits of the evidence labels

Workplace questions have a median of 26 evidence
labels; social questions have one. Workplace la-
bels often include background, while labels can
omit direct support, as for Camila. Coverage there-

fore has different meanings across workloads.

An Al assistant inspected 30 questions, one per
eligible family and workplace history. Fixed pseu-
dorandom selection followed retrieval analysis but
preceded reader-answer inspection. Complete la-
beled spans, options, and keys were visible. Some
questions depended on style; some labels omit-
ted the requested detail. These judgments are nei-
ther human annotations nor an error-rate estimate.
Records retain unresolved cases, including two up-
date relations. Scoring retains official keys.

Full evidence exceeds the retrieval budget and
can include background or superseded statements.
It is a context control on the feasible cohort. Work-
place profile questions can require history-wide
patterns and are excluded from the benchmark’s
oracle evaluation (Hu et al., 2026). All conditions
use complete histories because questions have no
time cutoff.
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