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Abstract

Hoel (2021) proposed that dreams distort replayed experience so that the brain does not
overfit to recent events. We test this hypothesis on an LLM agent (Claude Opus 5.5) that stores
what it learns in a text memory and rewrites that memory each night from the day’s conversation
transcript. The agent goes through ten simulated days of conversation built from LongMemEval.
We corrupt 5, 10, 20 or 40 percent of the transcript’s turns before each nightly rewrite in one of
two ways. Detail corruption changes one or two details in a turn to plausible wrong ones, or
replaces the turn with one by the same speaker from an earlier day. Random-text corruption
replaces half of the selected turns with a passage of Moby-Dick and inserts Moby-Dick words
into the other half. A size limit on the memory, rising from 19,500 to 117,000 tokens over ten
nights, set from human free-recall data, forces it to forget. We learned that corruption did not
help the agent apply what it learned in earlier conversations to new tasks in any of 30 runs
(ten conditions, three different conversation histories). Replacing details in 40 percent of turns
lowered recall from 76 to 60 percent. Random text had no consistent effect on recall, with a
paired difference of 0 £+ 2 points at 40 percent, because the model recognized it as corrupted
and left it out of memory. Replaced details were stored as fact even when another turn held
the correct value, and the agent answered 40 percent of those questions correctly, compared
with 75 percent without corruption. These results suggest that a pretrained model can separate
corrupted text from real events, so a fair test needs a learner that cannot make this separation
as easily, such as a model fine-tuned on the corrupted days or an agent whose days take place in
an invented world.

1. Introduction

Hoel (2021) proposed the overfitted brain hypothesis. A day of experience is a small and repetitive
sample, so a brain that learns from it risks overfitting, as a neural network does when trained on
a narrow dataset. Hoel argued that dreams reduce this risk by replaying the day in a distorted
form, which acts like the noise injection and dropout used to regularize deep networks. Training a
network on noisy copies of its inputs is equivalent to adding a smoothness penalty to the fit, known
as Tikhonov regularization (Bishop, 1995). Figure 1 illustrates this with a curve fit. The hypothesis
predicts that distorted replay costs little on memorized material and improves performance on new
situations.

LLM agents now have a comparable nightly process. Letta’s sleep-time compute (Lin et al., 2025)
lets an agent rewrite its stored context between sessions, and Behrouz et al. (2026) argue that
language models need a sleep phase to consolidate what they learn. Most agents store what they
learn as text that the model reads at the start of each session. We treat a nightly rewrite of that
text as a form of learning and test whether corrupting the transcript it reads from has the effects
Hoel predicts.
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Figure 1. An illustration of the overfitted brain hypothesis, not our data. Ten training points (filled circles)
come from a smooth function with a small amount of noise. The left panel fits a flexible curve to only these
points, and the curve passes through every point and swings between them. The right panel fits the same
curve to many noisy copies of the points, and the curve is smoother and closer to the held-out points (open
triangles). Our corrupted conditions apply the same idea to the text the model rewrites into memory each
night.

We expected corruption to help, since noisy input might push the rewrite toward general lessons
and away from copies of the transcript. Instead, corrupted details lowered recall, and no type or
level of corruption improved transfer to new tasks. Our contributions are:

e An evaluation setup for nightly memory consolidation in LLM agents, with a memory size
limit set from human recall data and two baselines, one with no rewrite and one with
an uncorrupted rewrite. The code, data and a log of every design decision are public at
github.com/EricJujianZou/llm-dream.

e Recall and transfer results for two types of corruption at four rates, over 30 runs with Claude
Opus 5.5.

e Evidence for why corruption did not help. The model recognizes random text as corrupted and
drops it, and it stores plausible wrong details as fact even when the transcript also contains
the correct value.

2. Related work

Dreams as regularization. Hoel (2021) proposed the overfitted brain hypothesis and reviewed
evidence from sleep deprivation and dream content. He states the prediction directly: “According
to the OBH [overfitted brain hypothesis|, memorization should be less affected by sleep deprivation
than generalization.”

Sleep for language models. Lin et al. (2025) introduced sleep-time compute, in which an agent
processes its stored context between user requests so that it has less work to do when a request
arrives. Behrouz et al. (2026) added a sleep phase to language model training that includes replay
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and found that it improved retention. Neither work compares corrupted replay with uncorrupted
replay.

Long-term memory benchmarks. LongMemEval (Wu et al., 2024) is a benchmark of long chat
histories with questions about what the user said, including questions that need facts from several
sessions. We use its sessions and questions to build the agent’s days.

False memory and misinformation. Roediger and McDermott (1995) showed that people who
study a list of related words often recall a related word that was not on the list (the DRM task).
Loftus and Palmer (1974) showed that a wrong detail given after an event changes what people
later report about it. Cao, Schooler and Zafarani (2025) ran seven human memory tasks on GPT-4
and two smaller open models. GPT-4 recognized every studied DRM word and labeled 11 percent
of the related words that were never shown as studied, and it showed no primacy or recency effect
when recalling a list. Xie et al. (2024) found that LLMs accept coherent conflicting evidence in their
context but still favor evidence that matches their pretraining.

3. Method

3.1 Agent and memory

The agent is Claude Opus 5.5 (claude-opus-5-5, medium effort), run through Claude Code in headless
mode. Its weights do not change during a run. Its memory is a list of items, each with a one-line
summary and a set of details, and the model reads the whole memory at the start of each day. Each
night the model reads the day’s transcript and the current memory and returns edits that add,
update or merge items. It also gives each item an importance score from 1 to 5. Appendix C shows
one memory item.

3.2 Simulated days

We built three ten-day conversation histories from LongMemEval sessions. Bohn and Short (2009)
estimate that an American reads or hears about 100,000 words a day, which is about 130,000
tokens, so each simulated day is 130,000 tokens long. Of these, 126,000 tokens come from 27 to 39
LongMemEval sessions, and 4,000 tokens come from short conversations written for the transfer
test described below. Every condition runs on the same three histories, which makes comparisons
between conditions paired.

Each history has 100 LongMemEval questions. 84 are answerable, and 22 of those need facts from
more than one session. The other 16 ask about things the user never said, and the correct response
is to decline. We excluded LongMemEval’s temporal-reasoning questions because mixing sessions
from different users breaks their timelines.

The transfer test checks whether the agent can apply something it learned from earlier conversations
to a task it has not seen. Each history contains 12 facts about the user that change how the assistant
should help them. Each fact comes out in 2 or 3 short conversations spread over the ten days, and
none of these conversations states it as an instruction. For example, the user in one history only
ever has about 15 minutes at a time. They ask how to repot a plant, and in a later message they
say they had to leave it halfway with its roots exposed because they ran out of time. A model with
no memory gives one long plan, while an agent that learned the fact splits the work into short parts
with clear stopping points. Claude Opus 5.5 wrote the facts and conversations, and we kept a fact
only if the model acted on it in fewer than 20 percent of attempts with an empty memory. After



the last night the agent gets two tasks per fact, one similar to the conversations where it came out
and one of a different kind. The score is the percent of facts the agent acts on.

3.3 Conditions

We ran ten conditions (Figure 2):

e No rewrite. The memory holds the most recent turns of the day, cut to the size limit.

¢ Clean rewrite. The model rewrites its memory from the uncorrupted transcript.

e Detail corruption at 5, 10, 20 and 40 percent of turns. Each selected turn gets one of
three edits before the rewrite. A detail is swapped with one from another turn in the same
25,000-token section of the transcript, one or two plausible new details are invented, or the
whole turn is replaced with a turn by the same speaker from an earlier day. Night 1 has no
earlier day, so turns chosen for replacement on night 1 get invented details instead.

e Random-text corruption at 5, 10, 20 and 40 percent of turns. Half of the selected
turns are replaced by a passage of Moby-Dick (Melville, 1851) of the same length. The other
half get Moby-Dick words inserted at random positions (Table 1), adding 30 percent to their

length.
Repeat for 10 nights
1 day of chat Corrupt Rewrite memory Day 11
— —> —
130k tokens 5 to 40% of turns under a size limit final tests
No rewrite

Clean rewrite v
Detail corruption V4 v
Random-text corruption v v

Figure 2. Method. Each simulated day adds about 130,000 tokens of conversation. In the corrupted
conditions, 5 to 40 percent of the day’s turns are corrupted before the model rewrites its memory under a
size limit. This repeats for 10 nights, and day 11 holds the final tests. The ticks under the boxes show which
steps each condition runs. With no rewrite, memory holds the most recent turns that fit under the limit.

A turn is one message from the user or the assistant, and each history holds about 3,605 turns across
the ten days that are rewritten. Summed over all nights, the four rates corrupt about 181, 361, 720
and 1,430 of these turns per history. All rewrite conditions use the same prompt (Appendix A).
Claude Opus 5.5 makes the detail edits from a separate prompt (Appendix B).



Table 1. Corruption examples. One real turn from each corrupted condition. Struck-through text was
removed and blue text was added.

Condition Turn after corruption

Detail corruption What U.S. state produces the most peaches cherries?
Random-text corruption  about What whale-ship inspired the lyrics of Windy'’s ...

3.4 Memory size limit

The memory may hold 19,500 tokens after night 1, rising to 117,000 tokens after night 10. The night
1 limit keeps 15 percent of a day, the middle of the 10 to 25 percent range reported for free recall of
a day’s details after one night (Brewer, 1988; Diekelmann and Born, 2010). Later limits add what
remains of each earlier day. We set the share kept by a day ¢ nights old by hand, at 15, 12, 10, 9,
8.5, 8, 7.5, 7, 6.5 and 6.5 percent for £ = 1 to 10. These values were not fitted to data. They lie close
to 15¢7%4 percent, a power law of the kind that describes human forgetting (Wixted and Ebbesen,
1991). People lose verbatim detail before gist (Brainerd and Reyna, 2002), so when the memory is
over the limit our code removes details first. It starts from the lowest-importance items, and among
items of equal importance it starts from the one least recently written, and deletes whole items only
after every item is down to its summary line.

3.5 Measures

Fach question is asked on the evening of the day its last supporting session appears, with that day’s
transcript available. It is asked again the next morning with only the memory available, and a third
time after night 10.

o Final recall is the percent of the 84 answerable questions answered correctly after night 10.

e Multi-session recall is final recall on the 22 questions that need facts from more than one
session.

e Overnight loss is evening accuracy minus morning accuracy, in points.

o Transfer is the percent of the 12 facts the agent acts on, reported separately for similar and
different tasks.

Day 11 contains three standard memory tests, presented in ordinary conversation with no announce-
ment: the DRM task, recall of an ordered list (serial position), and a fan-effect task from Cao,
Schooler and Zafarani (2025) in which each person is paired with one or more places. The model
named the missing words of the classic DRM lists in pilot runs, so we built new lists from the
University of South Florida free-association norms (Nelson et al., 2004). The tests are given on the
evening of day 11 and again after night 11.

Each answer is graded by gpt-5.6-luna with LongMemEval’s grading prompts, and a second time by
Claude Opus 5.5. The two graders agree on 93.6 percent of 8,040 answers.

All 30 runs (ten conditions, three histories) finished. They made 20,323 calls to Claude Opus 5.5,
about 1,990 USD at list price, and 15,733 grading calls costing 12 USD.

4. Results

Values are mean £ SD over the three histories.



Table 2. Results per condition. Recall is in percent and overnight loss is in points. Answer turns hit is the
percent of turns containing an answer that the corruption changed.

Condition Final recall Multi-session recall Overnight loss Answer turns hit
No rewrite 14+ 14 0£+0 26 + 1 0
Clean rewrite 76 + 5 17 8+ 2 0
Detail 5% 76 £ 5 67 £ 9 8§+ 2 6+ 2
Detail 10% 71+£2 61 £5 13+1 10+1
Detail 20% 69 £ 2 59 £ 5 16 £ 4 22 + 2
Detail 40% 60 + 4 45+ 5 21 £ 2 37+ 3
Random text 5% 78 £4 76 + 3 10 £ 5 5+3
Random text 10% 77T+ 5 74+ 13 10 £ 2 14+ 2
Random text 20% 70 £ 5 61 £ 17 14+1 20+ 5
Random text 40% 76 + 3 73+ 12 14+ 3 40 £ 5
4.1 Recall

Final recall falls to 14 4+ 4 percent without the rewrite. The size limit therefore removes most of
what the agent saw. The clean rewrite reaches 76 4+ 5. Detail corruption lowers final recall as the
rate rises, to 60 + 4 at 40 percent, a paired difference of —17 + 5 points from the clean rewrite
(Figure 3). The difference at 20 percent (—7 %+ 7) is within run-to-run variation. Random text has
no consistent effect, and its paired difference from the clean rewrite at 40 percent is 0 £ 2 points.
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Figure 3. Final recall against the percent of corrupted turns for detail and random-text corruption. Both
lines start at the clean rewrite. The dotted line marks the clean rewrite and the dashed line marks the
no-rewrite baseline. Bars show one standard deviation over the three histories. Differences of 2 points or less
are smaller than the standard deviation across the three histories, which is 5 points for the clean rewrite.

The flat random-text result is not explained by random text missing the answers. At 40 percent it
changed 40 + 5 percent of the turns that contain an answer, compared with 37 + 3 percent for
detail corruption.



4.2 Why the two types of corruption differ

The memory in the 40 percent random-text condition held 112 notes marking content as corrupted
after night 9 of one history, and no text from Moby-Dick. The memory in the 40 percent detail
condition held one such note. These counts come from one run per condition. The rewrite prompt
(Appendix A) never mentions corruption, noise or unrelated text, so the model added these notes
without being told that corruption could occur.

Overnight loss rises from 8 + 2 points with the clean rewrite to 21 £+ 2 points with 40 percent
detail corruption, and to 14 4+ 3 points with 40 percent random text (Figure D1). Detail corruption
therefore does most of its damage during the rewrite.

Many answers appear in more than one turn. We grouped questions by what happened to these
turns, pooling the three histories. When random text replaced every turn containing the answer
(23 of 252 questions), the agent answered 8 correctly, compared with 12 for the same questions
under the clean rewrite. When some turns with the answer were corrupted and at least one was left
intact, the agent answered 79 percent of 57 questions correctly with 40 percent random text and 40
percent of 67 questions correctly with 40 percent detail corruption, compared with 75 percent under
the clean rewrite. The agent recovered the answer from an intact turn when the other copies were
random text, but a plausible wrong detail in another copy often overrode the intact turn.

Random text cost little recall, as Hoel predicts for distorted replay, but detail corruption cost 17
points at 40 percent.

4.3 Multi-session questions and transfer

Multi-session recall is 71 4 7 with the clean rewrite and 0 in every history with no rewrite (Figure D2).
Detail corruption lowers it to 67, 61, 59 and 45 percent at the four rates. Random text gives 76, 74,
61 and 73 percent, with SDs up to 17 points, too wide to separate any random-text condition from
the clean rewrite.

@ Similar tasks O Different tasks

No rewrite [
Clean rewrite o0—e
Detail 5% o—e
Detail 10% o——o
Detail 20% o—=e
Detail 40% o—e
Random text 5% S——A
Random text 10% L——A
Random text 20% LK—A
Random text 40% LK—A
(I) 2I0 4I0 6I0 8I0 1(I)O

Facts acted on, of 12 (%)

Figure 4. Percent of the 12 facts about the user acted on per condition, on similar tasks (filled) and different
tasks (hollow). The grey square is No rewrite, where both values are 8 percent. Values are means over the
three histories.



The clean rewrite acts on 64 4 21 percent of facts on similar tasks and 53 4 17 percent on different
tasks (Figure 4). The corrupted conditions act on 53 to 64 percent on similar tasks and 36 to 44
percent on different tasks. No rewrite acts on 8 = 8 and 8 + 14 percent. Corruption did not make
the memory more general. The gap between similar and different tasks is 11 + 13 points with the
clean rewrite and 14 to 22 points with corruption, so corruption did not reduce it.

The results do not support Hoel’s prediction that distorted replay improves performance on new
situations. We claim only that no corrupted condition outperformed the clean rewrite beyond
run-to-run variation, because the variation across histories is wide.

4.4 Other results

Recall under the clean rewrite stays between 59 and 89 percent for questions 1 to 10 nights old,
with no downward trend (Figure D3). All 30 runs ended within 1,200 tokens of the size limit. The
limit never deleted a whole item in any run and only removed details, for example 52 + 26 details
over ten nights with the clean rewrite.

The agent never labeled the missing DRM word as studied in any condition. In Roediger and
McDermott (1995), people called the missing word studied about as often as the real list words,
at 0.98 to 1.11 times the rate across conditions. GPT-4 recognized every real list word and called
the missing word studied 11 percent of the time (Cao, Schooler and Zafarani, 2025). In every run
where they could be scored, the agent recalled 93 to 100 percent of the ordered list and answered 96
to 100 percent of the fan-effect questions correctly, so neither test can show its effect. The missed
list items all came from detail corruption at 20 and 40 percent. In two runs (detail corruption and
random text, both at 20 percent) the corruption changed the turn containing the ordered list, and
the agent said it had no record of the list. We excluded these two runs from the serial-position
results and did not count them as forgetting. The fan-effect test has no score in two random-text
runs, one at 20 percent and one at 40 percent. The agent refused no question in any condition.

5. Discussion

Why corruption did not help. Recall was not trivial, because the questions ask about personal
details of LongMemEval users that no pretraining data contains. The model could still tell a real
conversation from corrupted text. In the one 40 percent random-text run we counted, its memory
held 112 notes marking content as corrupted and no text from Moby-Dick. Hoel’s mechanism
assumes a learner whose only training data is its own experience, so that a dream is the only
alternative version of the world it sees. A pretrained model has read enough text to recognize a
paragraph of Moby-Dick as out of place. Transfer likely came from pretraining as well. A plausible
account is that the agent applied a fact about the user by reading its notes when it answered, using
general ability it already had, but we did not test this.

Why wrong details cost more than random text. The rewrite stored plausible wrong details
as fact, and the agent treats its memory as fact when it answers. This resembles the misinformation
effect in people (Loftus and Palmer, 1974), where a wrong detail given after an event becomes part
of the reported memory. The agent showed no DRM false memory, because a word that was never
written to its memory cannot be read back from it.

Where the hypothesis could still hold. A fair test needs a learner whose knowledge comes
mainly from its days. A small model trained from scratch on the days would meet this condition.
Our next experiment takes a different route and fine-tunes a small open model each night on



the clean or corrupted transcript. Days set in an invented world whose facts contradict common
knowledge would also make corrupted text harder to separate from real events. Wilhelm et al. (2013)
found that children gained more explicit knowledge from sleep than adults after learning a motor
sequence, and Wilhelm et al. (2008) found that sleep improved recall of word pairs about equally
in children and adults. We speculate that a learner with less prior knowledge gains more from
distorted replay, because it cannot dismiss a strange dream as noise. We found no study that tests
this in people.

6. Limitations

e We tested only Claude Opus 5.5. A model that does not recognize random text as corrupted
might store it, and random text would then lower recall as detail corruption did.

e The size limit follows one forgetting curve and never deleted a whole item. A tighter limit
might separate the conditions on forgetting instead of on stored errors.

e Three histories give wide variation, and we treat differences within it as no result. This
includes the 20 percent detail condition on final recall, multi-session recall and transfer to
different tasks.

e Recall rests on 84 questions per history and multi-session recall on 22, so one question changes
multi-session recall by 4.5 points.

e The transfer test has 12 facts per history, with SDs of 5 to 27 points. A benefit smaller than
that would not show.

e Accuracy is not comparable with published LongMemEval results, because our days mix
several users’ histories, exclude temporal-reasoning questions and use a different grader.

e The count of corrupted answer turns includes only edits whose before and after text was
recorded, so it may undercount detail corruption.

e The counts of notes marking corrupted content come from one run per condition.

e Our check against a published Letta sleep-time compute result returned a gradable answer for
only 53 of 100 problems without sleep-time compute and 59 of 100 with it, because the other
requests timed out or failed with server errors. Accuracy on those problems was 0.19 and 0.31,
against 0.05 and 0.36 read from the published figure, so our setup has no confirmed match to
a published number.

e Claude Code gave the model the real date. This affects every condition equally, and the
sessions carry no dates.

e The study tests the hypothesis only for a text memory with fixed weights.
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Appendix A. Nightly rewrite prompt

The system prompt for every rewrite condition, verbatim. The values in braces are filled in each
night.

You are the sleeping mind of a personal assistant. Tonight you turn today's experiences
into long-term memory. Tomorrow the assistant wakes up with only what you write here.
Today's transcript will be gone.

Consolidate the way sleep does in people:

- Keep what came up more than once, today or on earlier days.

- Keep what was emotional, surprising or new.

- Connect today's events to what is already in memory, and merge them into it.
- When something changed, keep the newer version and note that it changed.

- Keep the gist. Exact wording can go.

- Let one-off details that never came back fade.

The memory may hold up to {cap} tokens after tonight. It holds {before} tokens now.
After tonight it should hold close to {cap} tokens, so it has to grow by about
{room_words} words. Rewriting an existing item replaces its text and adds nothing, so
that growth has to come from new items and from details added to the items you rewrite.
Fill it with specifics from today's transcript (names, numbers, places, what was said
and how it went), not filler.

The memory is a list of items. Each item has an id, a one-line gist, its details, and an
importance score from 1 to 5. You will see the existing items with their ids. Reply with
your changes only, as JSON:

- "add": new items from today, each with "gist", "details" and "score".

- "update": existing items to rewrite, each with "id", "gist", "details" and "score".
Use this when something changed or came up again.

- "merge": groups of existing items that belong together, each with "ids", "gist",

"details" and "score". The group becomes one item.

Items you do not mention stay as they are. When the memory is over its limit, details
are forgotten from the lowest-scored items first, and whole items are forgotten only
once every item is down to its gist, so the score is how you choose what fades.

Appendix B. Detail corruption prompt

The system prompt for the detail edits, verbatim. Our code chooses the turns and the edit type for
each turn, and makes the third edit type (replacing a turn with one from an earlier day) without
the model.

You edit chat transcripts for a memory experiment. You will receive numbered turns from
today's transcript and a list of edits to make. For each listed turn, rewrite it so it
is still fluent and plausible in context but factually different:

- "swap": replace one concrete detail (a name, number, place, date, item, or outcome)
with a concrete detail taken from a different turn in the transcript.

- "change": replace one or two concrete details with new, plausible but different omes.
Keep each rewritten turn about the same length and the same speaker. Do not mark the
edits. Return JSON only, in the form {"edits": [{"index": 12, "text": "rewritten turn"},
.. 13
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Appendix C. Example memory item

One item from the clean rewrite after night 1 of the first history. The full code for the memory is in
the repository.

{
lIidH . llm6ll ,
"gist": "Sister's wedding on the 28th; user promised a photo slideshow and is behind",
"details": "Session 6: the sister's wedding was three weeks out when first asked. The

user promised a photo slideshow and had nothing. Later, on the 14th, they had about 20
photos and had stalled because the week-based plan had no fixed start date. Original
plan: collect 80-120 images (text family for favorites, pull from phone and social
media); arrange roughly chronologically; 3-4 songs; build in Google Slides, Canva or
iMovie at 5-6 s per photo; review, cut weak shots, sync to music, export a USB backup.
Follow-up idea: if it comes up, ask how it went and offer a dated day-by-day checklist.
The wedding may be what Noah missed school for.",

"score": 4

}

Appendix D. Additional figures

Figures D1 to D3 show overnight loss, multi-session recall, and final recall by the number of nights
since the supporting session, for every condition.

No rewrite = B
Clean rewrite —eo—
Detail 5% F—eo—
Detail 10% o+
Detail 20% F—e—
Detail 40% —eo—
Random text 5% A |
Random text 10% —A—
Random text 20% a—
Random text 40% —A—

10 15 20 25 30
Overnight loss (points)

Figure D1. Overnight loss per condition. Each point is the mean over the three histories, and the bar spans
one standard deviation either side. The vertical line marks the mean of the clean rewrite.
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No rewrite [ |

Clean rewrite —e—
Detail 5% ——
Detail 10% —eo—
Detail 20% ~eo-
Detail 40% e
Random text 5% Fad
Random text 10% —A—
Random text 20% —_—A
Random text 40% —A—
(I) 2|0 4IO 6|0 8|0 1(|)0

Multi-session recall (%)

Figure D2. Multi-session recall per condition. Each point is the mean over the three histories, and the bar
spans one standard deviation either side. The vertical line marks the mean of the clean rewrite.
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Figure D3. Final recall per condition by the number of nights since the question’s last supporting session.
Values are means over the three histories.
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