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Abstract

A personal assistant that learns from its user could keep the conversation in its weights
instead of in an external archive. We consolidate three real-length two-person conversations
from LoCoMo into Qwen3-4B with a LoRA adapter trained on questions that the same
model writes about the raw turns, and we test it on the benchmark questions, which it
never saw. Consolidation works. Without any archive, accuracy goes from 0.00 to 0.28–0.39
across the three conversations, a repeated training run gives the same result, and we detect
no loss on TriviaQA. But the model does not store who said each fact. Asked the same
question about the other speaker, it answers instead of abstaining 67–91 % of the time. In
about three of every ten such questions, its answer matches a first-person turn of the other
speaker. We then ran seven pre-registered variants that use only the weights or the model’s
own signals, namely inverse questions, “I don’t know” examples with the speaker swapped
at several doses, and a threshold on the model’s confidence. On the two conversations held
out from development, every variant that reaches 0.40 abstention on these questions loses
0.09–0.17 of accuracy, and the one variant that looked free on the development conversation
did not replicate. A model-free check against the raw archive does better. It asks whether
the answer comes from a turn of the other speaker. It raises abstention from 0.17 to 0.45–0.47
at a cost of 0.005–0.042 in accuracy, between a fifth and a half of the cost of the weight-only
variants at the same abstention. It still misses our pre-registered cost limit in one of two
runs (7.0 % of correct answers lost, limit 5 %). The practical conclusion is that consolidation
into weights should keep the archive, at least as the source of provenance.

1 Introduction

An assistant used every day accumulates a long history with its user. There are two ways to
make it remember. The external way keeps the history in an archive and retrieves what each
question needs (Packer et al., 2023; Wu et al., 2025). The internal way writes the history into the
weights, as a person does when a conversation becomes knowledge (Dennis et al., 2026; Li, 2026;
O’Neill et al., 2026; Padmanabhan et al., 2026). The internal way promises that knowledge stays
available when retrieval fails, and that it can be combined with what the model already knows.
It also has known risks. Fine-tuning on new facts can encourage hallucination (Gekhman et al.,
2024), and facts learned in one direction are not always available in the other (Berglund et al.,
2023).

We ask a narrow question. When a real-length conversation between two people is consoli-
dated into the weights, what is stored and what is lost? LoCoMo (Maharana et al., 2024) gives
a sharp test for this, because its adversarial category asks about one speaker something that
only the other speaker said. The correct answer is to abstain. We call these swapped-person

questions.
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Contributions.

1. Consolidating the raw turns of a conversation into a 4B model with a self-generated ques-
tion set works. Without an archive, the model answers 28–39 % of the benchmark questions
on three conversations, with the same result in a repeated run and no detectable loss on
TriviaQA (Section 3.1).

2. The dominant failure is attribution. The model knows the fact but not its owner. It
abstains on only 9–33 % of the swapped-person questions, and in about 30 % of them its
answer matches a first-person turn of the other speaker (Section 3.2).

3. Seven pre-registered variants use only the weights or the model’s own confidence. On the
held-out conversations, all of them buy abstention with accuracy at a similar rate. The
trained “I don’t know” learns the form of the trap, not what the model knows (Section 3.3).

4. A model-free provenance check against the raw archive buys the same abstention for a
fifth to a half of the cost (Section 3.4). It did not meet our pre-registered cost limit in one
of two runs, and we report it as not adopted under our own rule.

Every experiment was pre-registered in a time-stamped repository before it was run. Every
evaluator was tested on synthetic data before it saw real outputs, and every label was committed
before any number was computed (Section 2).

2 Setup

Data. We use three LoCoMo conversations (Maharana et al., 2024), conv-42, conv-43 and
conv-48, each between two people, with 29–30 sessions and 629–681 turns. Together they have
568 questions in categories 1–4 (multi-hop, temporal, open-domain and single-hop) and 173
swapped-person questions (category 5). The consolidation never sees any benchmark question.

Model and consolidation. The model is Qwen3-4B (Yang et al., 2025). The base model
(version 0 ) reads the conversation in windows of up to ten turns, with the session date, and
writes up to six short-answer questions per window, which it then rephrases in two ways. In 15 %
of the questions about one speaker, the name is swapped for the other speaker’s and the target
becomes “Not mentioned in the conversation.”, which is how LoCoMo builds its traps. This gives
1,246 to 1,334 examples per conversation. A rank-16 LoRA adapter (Hu et al., 2022) is trained
on the seven projections of all 36 layers for three epochs, with batch 8, learning rate 2 · 10−4

with a 20-step warm-up and cosine decay, and loss only on the answer. A KL term (weight 1.0)
ties it to version 0 on two anchor texts per step, SQuAD paragraphs and chat requests answered
by version 0. One run, including writing the questions, training and the exam, takes 38 to 45
minutes on a T4 GPU. We call this recipe D1.

Exam. Every benchmark question is answered greedily, up to 24 tokens, in four arms.

• B0, version 0 without the archive;

• D, the consolidated model without the archive;

• B0S, version 0 with archive turns;

• DS, the consolidated model with archive turns.

The archive turns are retrieved by TF-IDF. They are the ten best turns for the question, each
with its two neighbours. General knowledge is measured on 200 TriviaQA questions (Joshi et
al., 2017).
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Labels. Answers to categories 1–4 were labelled correct or incorrect against the LoCoMo
reference. The labeller was an LLM, Claude (Anthropic), following a written rule fixed before
the first labelling. It saw the question, the reference and the answer, but not the arm, the recipe
or any confidence score. Borderline cases were marked as doubtful and counted as correct.
Two examples are a relative date that the session date resolves, and a list with one extra item.
Decisions use the labels as given. A strict variant counts the doubtful labels as wrong. It
was reported with each pre-registered result. It changes two results. It weakens the gain of
consolidation with the archive on conv-42 (Section 3.1), and it brings the archive check within
its cost limit (Section 3.4). Identical answers to the same question share their label. Where the
same answer was labelled on two different sheets (514 answers on conv-42 and 599 on conv-43),
the labels agreed in 98.1 % and 100 % of the cases. For the 10 disagreements we keep the label
of the earlier sheet. An abstention counts as wrong on categories 1–4. On category 5, only
abstention is correct, and it is detected by string match. Accuracy is the fraction of category 1–
4 questions answered correctly. Intervals are 95 % percentile bootstrap intervals over questions,
with 10,000 resamples.

3 Results

3.1 The conversation enters the weights

Version 0 abstains on 99.5–100 % of the questions without the archive, so its accuracy is 0.000.
The consolidated model answers from memory (Table 1). We trained the recipe twice with the
same data and seed. The two runs differ only through non-deterministic GPU computation, and
they agree within 0.016 on every conversation. In run 2, TriviaQA accuracy is 0.335–0.355 for
the consolidated models and 0.340 for version 0, so no damage is detected at n = 200. With the
archive, consolidation still adds accuracy. DS minus B0S is +0.055 on conv-42 (95 % CI +0.005

/ +0.106, pre-registered; −0.005 under strict labels), and +0.04 and +0.07 on the other two
(exploratory). Dates do not consolidate. On temporal questions the model reaches only 0.08
with the three conversations pooled.

Table 1. Accuracy without archive (categories 1–4) and abstention on swapped-person questions, for
two runs of the consolidation recipe with the same data and seed. Version 0 scores 0.000 accuracy and
abstains on every swapped-person question.

conv-42 (n 199 / 61) conv-43 (n 178 / 64) conv-48 (n 191 / 48)
accuracy abstention accuracy abstention accuracy abstention

run 1 0.286 0.131 0.393 0.094 0.283 0.333
run 2 0.302 0.164 0.388 0.094 0.298 0.312

3.2 But not who said it

On swapped-person questions the consolidated model abstains only 9–33 % of the time (Table 1).
A typical case is “What color did Joanna choose for her hair?”, answered “Purple”. It was Nate
who dyed his hair purple, and the conversation never mentions the color of Joanna’s hair. The
model has the fact. What it lacks is the owner. Section 3.4 measures this directly. In 0.27–0.30
of the swapped-person questions, the model’s answer from memory shares enough words with a
first-person turn of the other speaker for a lexical check to find it, and that turn scores at least
1.5 times higher than any turn of the person asked about.
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3.3 Fixing it with the weights alone

Each of the following was pre-registered before it was run. The variants meant as fixes (D2,
D3, D4a, D4b, the “I don’t know” cell of D5 and D6) had the same two pass criteria. They
needed at least 0.50 abstention on swapped-person questions (D2–D4 also +0.25 over D1), and
an accuracy loss whose 95 % interval stays above −0.10.

• D2 adds inverse questions, of the form “Who dyed their hair purple?” → “Nate”, as a
remedy for the reversal curse (Berglund et al., 2023), plus swapped-person “I don’t know”
examples for every eligible question.

• D3 is D2 without the “I don’t know” examples whose swapped question coincides with a
true question about the other speaker.

• D4a and D4b use the D3 recipe at half and a quarter of the “I don’t know” dose.

• D5 is a 2 × 2 design that crosses inverse questions with the “I don’t know” dose. Its
inverse-only cell is a diagnostic, not a fix.

• D6 keeps the D1 weights and adds abstention at inference when the mean token log-
probability of the greedy answer falls below a threshold (Kadavath et al., 2022). The
threshold was fixed on conv-42 and tested on conv-43 and conv-48.

On the held-out conversations none passed. D2 passed on conv-42, where these recipes were
first tried, with 0.54 abstention and no loss of accuracy, but it failed its pre-registered replication
on conv-43. Figure 1 shows why. On the held-out conversations all variants sit on one trade-off
line, and each point that reaches 0.40 abstention or more loses between 0.09 and 0.17 of accuracy.
Two diagnostics explain the line.

The trained “I don’t know” learns the form of the trap, not the model’s knowledge. On conv-
43, recipe D3 abstains on 0.30 of the questions that D1 answered correctly and on 0.32 of those
it answered wrongly. Its precision when it does answer does not change (0.43 → 0.42). The
inverse questions are not the cost. With few “I don’t know” examples, adding them changes
accuracy by −0.022 (CI −0.073 / +0.028). The “I don’t know” examples are the cost. Without
inverse questions, their full dose changes accuracy by −0.163 (CI −0.230 / −0.101).

The model’s confidence does not see the trap. On correct answers against swapped-person
answers, the AUROC of the mean log-probability is 0.69 on conv-42, but only 0.54 on conv-43
and 0.56 on conv-48. The model answers a question about the wrong person as confidently as
one about the right person, because it does know the fact.

3.4 Checking provenance against the archive

The archive holds every turn with its speaker. We reuse, unchanged, a model-free check that
was developed earlier for an external reader that answers from retrieved turns. Its margin was
fixed on that reader’s answers for conv-42 and conv-43. On five held-out conversations, one of
them conv-48, it had raised that reader’s abstention on swapped-person questions from 0.47 to
0.66 while losing 1.6 % of its correct answers. The check works as follows.

1. The question must name exactly one speaker X.

2. The check takes the answer, with the speakers’ names removed, and scores the turns that
the archive would retrieve for that question by TF-IDF similarity to it.

3. Let sY be the best score among the turns of the other speaker and sX the best among the
turns of X.

4. The answer is replaced by “I don’t know” if sY > 0, sY > 1.5 sX , and the best turn of the
other speaker is in the first person.
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Figure 1. Abstention on swapped-person questions against accuracy without archive, for every pre-
registered recipe on the two held-out conversations. Grey points use only the weights or the model’s own
confidence. The orange diamonds are the archive check of Section 3.4 on the two D1 runs. Blue points
are D1 alone. On conv-48 only D1, D3, D6 and D7 were evaluated.

The margin 1.5 was fixed in that earlier study and was not tuned here. The check needs no
model and no new labels, because an answer it turns into “I don’t know” simply counts as wrong.
The criteria were pre-registered. Abstention on swapped-person questions had to rise by at least
+0.15 with a 95 % interval above zero. At most 5 % of the correct answers could be lost. Both
had to hold in each of the two runs, with the three conversations pooled.

Table 2. The archive check on the answers of the consolidated model without archive. The three
conversations are pooled (173 swapped-person questions).

abstention on swapped-person questions difference (95 % CI) correct answers lost

run 1 0.173 → 0.445 +0.272 (+0.208 / +0.341) 8 / 181 (4.4 %)
run 2 0.179 → 0.474 +0.295 (+0.231 / +0.364) 13 / 186 (7.0 %)

The gain in abstention passes in both runs (Table 2). The cost limit passes in run 1 and
fails in run 2, so the check is not adopted under our rule. A first evaluation reported 4.5 % for
run 2, because a labelling file was not loaded and 38 answers had no label. We corrected the
loader and report the corrected figure. Both outputs are kept. Under strict labels, which are
reported but do not decide, both runs stay within the limit, with 3.6 % and 4.2 % lost. Seven
of the thirteen correct answers lost in run 2 were doubtful ones. The check removes 17 % of the
doubtful correct answers and 4 % of the firm ones, so it mostly removes partial or vague answers.

Per conversation, accuracy changes by −0.005 to −0.042. At the same abstention, the weight-
only recipes lose two to five times more. On conv-43, D6 reaches 0.41 abstention for −0.12, while
the check reaches 0.41–0.42 for −0.02 (Figure 1). Temporal questions gain abstention (0.06 →

0.21–0.22) with no loss of correct answers. The check cannot help when the model invents an
answer that matches no turn, and it cannot help when the evidence was said by X themself.

With the archive in the context (exploratory), consolidation makes the reader more willing
to answer a swapped-person question. Version 0 with the archive abstains on 0.53 of them, and
the consolidated model with the archive on only 0.19. The check brings the consolidated model
to 0.57. Its accuracy with the archive then stays at 0.63–0.65, against 0.58–0.62 for version 0
with the archive and the check.
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4 Discussion

What consolidation stores. The training questions name their speaker, but the answer
can be predicted from the topic words alone. The adapter seems to learn the topic-to-answer
association and to treat the name as a weak cue. This is consistent with work showing that a
fact needs varied formulations to become extractable (Allen-Zhu and Li, 2024) and that learned
associations are directional (Berglund et al., 2023). Remedies that act on the training data,
such as inverse questions and swapped-name negatives, change how often the model abstains,
but they do not bind facts to people. Remedies that act on the model’s own signal cannot see
the error, because the model is right about the fact.

Implications. Studies of parametric personal memory (Dennis et al., 2026; Li, 2026) measure
how well the model recalls and uses the user’s information. Our results suggest that they should
also report who the model believes said it, for example with swapped-person questions, since
recall can rise while attribution stays poor. Source-aware training (Khalifa et al., 2024) attacks a
related problem for pretraining documents. For conversational memory, keeping the raw archive
gives a cheap and auditable source of provenance, and it does not need to be retrieved for every
answer, only checked.

Limitations.

• We use three conversations of one benchmark, whose dialogues are machine-generated,
and one model size (4B).

• The labels come from one LLM labeller with a fixed rule, not from human annotators.

• Consolidation is a single LoRA recipe, and the archive check is lexical.

• The swapped-person questions of LoCoMo measure one kind of attribution error. Errors
where both speakers did similar things are harder and are only partly covered.

• The confidence threshold of D6 was fixed on one conversation (conv-42), which turned out
to be the easiest one.

5 Conclusion

Consolidating a conversation into a 4B model’s weights stores a substantial part of what was
said, without detectable damage. It does not store who said it. Teaching the model to abstain,
or trusting its confidence, trades knowledge for abstention at the same poor rate. Checking the
answer against the raw archive is far cheaper, although in one of our two runs it was still slightly
above the cost limit we had set. Memory in the weights and the archive are complementary.
The weights hold the knowledge, and the archive holds its owners.
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