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Abstract

We test five open-source memory engines
for Al assistants (Hindsight, MemO, Honcho,
OpenViking, Graphiti) and three baselines on
1,000 curated questions about a person’s past
conversations. As the person’s history fills with
their own unrelated conversations (0, 50 and
90 % of what is ingested), we measure accu-
racy, cost, and where each answer’s evidence
was lost. Model, embedder, prompt and judge
are the same for all systems. A plain hybrid
retrieval baseline (RAG) is the most accurate
system at every level, 96.8 % at 90 % noise
against 89.9 % for the best engine. Almost
every error is a retrieval error. Reading the en-
gines’ code and our traces, the main cause is
how much each system returns. Systems that
fill the context budget with relevance-ranked
text stay robust. Systems that return a fixed
number of items, or reserve slots for recent
memories, lose the evidence as the store grows.
Two findings correct earlier accounts of these
runs. Honcho’s 90 % collapse is partly an unfin-
ished build: every Honcho run at 90 % noise hit
our 3-hour settle limit. And write cost grows
with the number of sessions, not the number of
tokens.

1 Introduction

Memory engines let an assistant remember its users.
They use a language model to extract facts or obser-
vations at write time and return a compact context
at question time (Packer et al., 2023; Chhikara et al.,
2025; Rasmussen et al., 2025; Latimer et al., 2025).
Their published evaluations mostly use small, clean
histories, and each uses its own model, prompt and
judge (Maharana et al., 2024; Wu et al., 2025). In
real use, the part of a history that matters for any
one question is a small fraction of everything the
person has said.

We hold everything fixed except the memory
system, and grow the irrelevant share of each per-
son’s history from 0 to 50 to 90 %. We report three

findings, each traced to code and data:

* RAG wins in our setting. Chunked tran-
scripts with hybrid BM25 + vector search beat
every engine at every noise level, at a fraction
of the cost (§3).

e Errors are retrieval errors, and the re-
trieval policy decides them. When the ev-
idence reaches the answer model it is read
correctly 94.5-98.8 % of the time. Whether it
arrives depends on whether the system returns
a fixed number of items or fills the budget with
ranked text (§4).

* Two corrections to our own earlier analysis.
Honcho was queried before its memory was
built at 90 % noise, and write cost scales with
sessions rather than tokens (§4, Appendix A).

2 Benchmark and setup

Questions. We took 200 conversations from
LongMemEval (Wu et al., 2025), LoCoMo (Ma-
harana et al., 2024), Multi-Session Chat (Xu et al.,
2022) and Enron email (Klimt and Yang, 2004),
50 per corpus. An LLM agent read each one and
wrote five questions at five difficulty levels, from
recall to inference, with gold answers and evidence
links. That gives 1,000 questions in 139 memory
spaces, each one person’s history: a user, a pair of
friends, or a mailbox. Details are in Appendix B.

Noise. Each space is ingested at 0, 50 and 90 %
noise by tokens. Noise is the same person’s other
history (mail, chats or sessions). When a LoCoMo
or MSC pair runs out, it is new conversation gener-
ated in the pair’s voice, plus a few hard distractors.
A model screens every noise session so that it can-
not answer or contradict a question. The levels are
nested prefixes of one noise list, so the signal is
identical at every level and comparisons are paired
by question. Ingested tokens grow from 280K to
2.80M.
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Figure 1: Accuracy against noise at an 8K budget, with
95 % intervals. Each line follows the same 1,000 ques-
tions as unrelated history is added.

Systems and controls. The engines run with
their defaults (Vectorize, 2026; MemO, 2026; Plas-
tic Labs, 2026; Volcengine, 2026; Zep, 2026). The
RAG baseline uses 350-token chunks, BM25 + co-
sine with reciprocal rank fusion (Cormack et al.,
2009), and the top 40 chunks cut to the budget.
Full context pastes the most recent sessions that
fit; no memory is the floor. A tracing proxy forces
one model on every call, including each engine’s
internal calls: DeepSeek V4.1 Flash (DeepSeek,
2026) on one provider with minimal reasoning. Ev-
erything embeds with text-embedding-3-small
(OpenAl, 2024). Each question is retrieved once at
8K tokens and answered with one prompt that says
“don’t know” rather than guess.

Judging and statistics. One judge, Jev (Type-
Safe, 2026), labels each answer. It also gives the
probability that the retrieved context holds the gold
answer’s evidence, which splits every error into a
retrieval miss (evidence absent) or a reading miss.
Against a second model judge it agrees on 98.3 %
of 16,000 answers. Intervals are 95 % bootstrap
intervals over questions (seed 7); differences are
paired, and * marks an interval that excludes zero.

3 Results

Figure 1 and Table 1 give the main result. RAG
is the most accurate system at every level. At
90 % noise it leads the best engine, Hindsight,
by +6.9 [+5.0, +8.8] points. With no noise, ev-
ery system except Graphiti scores 84.3-98.5 %; at
90 % the same systems span 52.4-96.8 %. Noise
sorts them into three groups. RAG, Hindsight and

System 0% 50% 90% A 0—90 Cost
RAG 98.5 98.7 96.8 —1.7" $1.70
Hindsight 93.6 930 899 3.7 $20.39
OpenViking 84.3 849 827 -1.6 $20.73
Mem0 909 87.1 815 —9.4* $7.03
Honcho 87.0 875 663 —20.7"  $18.12
Graphiti 54.1 53.6 - —-0.5 "  $19.84°
Full context 98.0 90.2 524 —45.6" $0.74
No memory 1.3 1.5 1.3 +0.0 $0.16

Table 1: Accuracy (%) at 8K, paired change from 0
to 90 % noise (*: significant), and the total cost of the
90 % run. *Graphiti was run to 50 % only; its change
and cost are at 50 %. Intervals and the 2K budget are in
Appendix D.

OpenViking lose under four points; OpenViking’s
change is not significant. MemO loses at each step.
Honcho and full context hold until a threshold and
then fall: Honcho by 21.2 points between 50 and
90 %, and full context as soon as the history no
longer fits its window. Graphiti stays near 54 %.
By dataset (Figure 2), LoCoMo is the hardest un-
der noise, even for RAG. Honcho’s fall is broad.
MemO’s is concentrated on MSC persona chat (86.0
to 56.8 %), and full context survives only on MSC,
whose histories stay short.

Errors are retrieval errors. Figure 3 splits the
answers. Given the evidence, the shared answer
model reads it correctly 94.5-98.8 % of the time for
RAG and the four engines run at every level. Read-
ing accuracy is lower only for Graphiti (90.1 %).
What separates the systems is how often the evi-
dence arrives at all. The commonest failure is a
false “I don’t know”: at 90 % noise it is 28.1 %
of Honcho’s answers, and stale or hallucinated an-
swers are at most 0.3 % for any system.

Cost. Engines pay at write time (Figure 4). At
90 % noise, building memory cost the four extrac-
tion engines $6.47-20.27, 86-98 % of their run
cost. The whole RAG run cost $1.70. From 0 to
90 % noise, ingested tokens grow 10x while build
cost grows 11-22x.

4 Why systems lose the evidence

We read each engine’s retrieval code at the version
we ran and matched it against what each system
returned for every question. Table 2 summarises
the result; Appendix A has the evidence.

Filling the budget with ranked text is robust.
RAG returns its 40 best chunks and Hindsight runs
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Figure 2: Accuracy (%) at 8K for every system, dataset and noise level (250 questions per cell). Darker is better.
Intervals are in Table 8.

System What the answer model receives (de- Evidence present Main cause of lost accuracy

fault)
0% 90 %

RAG top 40 raw chunks, cut to the budget 99.4 97.7 little to lose: ranked raw text fills the budget

Hindsight four arms fused and reranked, cut to the ~ 95.5 93.0 small losses; retrieval latency grows with the
budget store

OpenViking fixed quota: 3 events, 3 entities, 1 pref- 84.8 83.2  compact context misses evidence at every noise
erence, ... level

MemO top 20 memories by similarity, BM25 91.6 85.1 own conversation crowded out of the top 20;
and entities speaker names dropped at write time

Graphiti top 10 facts 55.7 — too few facts for multi-part answers

Honcho <100 observations per person: 33 simi- 89.6 68.6  cap binds at 90 %; memory build unfinished at
lar, rest most recent the 3-hour limit

Full context  most recent 8K tokens 98.6 55.7  evidence older than the window

Table 2: Retrieval policy, evidence presence (%, 8K) and root cause per system, from the engines’ code and our
traces (Appendix A). Graphiti is at 55.3 % at 50 % noise.
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) - Figure 4: Accuracy against total run cost at 90 % noise
Reading misses are small for every system.

(log scale), with 95 % intervals. Graphiti (hollow) is at
50 % noise, its highest level run.

Mem0O

four retrieval arms (semantic, BM25, graph, tem-
poral) fused and reranked. Both fill the 8K budget,
so a relevant item has room to stay in the context
as the store grows (Figure 5; evidence present at
90 %: 97.7 and 93.0 %). Hindsight’s cost for this is
latency: its median retrieval time grows from 2.8 s
to 15.65.

A fixed number of items caps accuracy.
returns its top 20 memories and Graphiti its top
10 facts. OpenViking’s chat preset returns a fixed
quota per category (3 events, 3 entities, 1 prefer-
ence, ... ), on average 6.9 entries and under 1,000
tokens, whatever the budget. OpenViking misses
the evidence and answers wrongly on 12.8-15.1 %



(a) What noise removes: the evidence

(b) How much context is returned

fillsthe Epdge, rarfed "
RAG A [Ye) b
Hindsight fxed berof i 7,324
xed number of items
OpenViking - * . oo
MemO - 228
Graphiti (to 50 %) - 338
recency slots
Honcho - v 5
most recent history only
Full context x €
T T T T T T I T T T 1
40 50 60 70 80 90 100 0 2000 4000 6000 8000

Evidence present (%): hollow 0 %, filled 90 % noise

Context tokens at 90 % noise (mean)

Figure 5: (a) Share of questions whose evidence reached the answer model, at 0 % (hollow) and 90 % (filled)
noise, grouped by how each system decides what to return. (b) Mean context handed to the answer model at 90 %
(Graphiti at 50 %). The two systems that fill the budget with relevance-ranked text keep their evidence. Fixed-size

and recency-driven retrieval loses it as the store grows.

of questions at every noise level, so this is the cost
of its compact context, not of noise. For MemO
the cap starts to bind as noise grows. On MSC
at 0 % fewer than 20 memories pass its similarity
threshold (7.4 on average), so all of them come
back. At 90 % only 19 % of the 20 come from the
question’s own conversation, and 58 % come from
noise about the same two people. Mem0 also drops
speaker names: its extraction pipeline turns every
message into user: ..., so 82 % of MSC memo-
ries read “User ...” and questions about who said
what lose their anchor.

Honcho: recency slots, and an unfinished build.
Honcho’s context endpoint returns a “working rep-
resentation” of at most 100 observations per person.
A third are chosen by similarity to the question and
the rest are the most recent observations. While a
person’s store is small (LongMemEval and MSC
at 0 and 50 %) the whole store fits, so noise costs
nothing. At 90 % the cap binds for 95 % of Long-
MemEval questions, and two thirds of the slots
go to the most recent observations, which at 90 %
noise are mostly about noise. We also found that
every Honcho run at 90 % noise reached our 3-hour
settle limit with its deriver queue not drained (0 of
4 drained, against 4 of 4 at 50 %), so questions were
answered from a partly built memory. At least 80
questions asked about conversations Honcho had
not processed yet. They score 2.5 %, against 71.8 %
for the rest (Figure 6). On LongMemEval the pro-
cessed questions score 93.2 %, as high as at 50 %
noise. Scoring the unprocessed questions at the pro-
cessed rate would raise Honcho’s 90 % accuracy
from 66.3 to about 73.1 %. The unfinished build

=— Accuracy at 50 % noise
m Correct

= Wrong, conversation processed
Conversation not yet processed

Enron - I —
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LongMemtval - 1777
wsc -
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Figure 6: Honcho at 90 % noise. Grey: questions about
conversations newer than anything in Honcho’s memory
of that space when it was queried, a lower bound on
unprocessed conversations. Black tick: accuracy at
50 % noise.

therefore explains part of the collapse, and the 100-
observation cap is the likely cause of the rest. The
90 % number reflects Honcho under a fixed 3-hour
build window, not Honcho’s capability.

Full context keeps only the most recent history.
It is the best system while a history fits in 8K tokens
and fails as soon as the evidence is older than the
last 8K. Only MSC, whose histories stay short,
keeps it at 99.2 %.

Write cost follows sessions. The extraction en-
gines make model calls per session with a roughly
constant prompt (Appendix A.6). Noise sessions
average 477 tokens against 1,399 for the curated
conversations, so from 0 to 90 % the number of
sessions grows 27 x while tokens grow 10x. Open-
Viking and MemO calls grow 28 x and 27x. Only
Hindsight’s prompt per call also grows with its
store (+41 %).



5 Discussion and limitations

What this does and does not show. In our set-
ting, the deciding property of a memory system
is whether its retrieval keeps the evidence as the
store grows. In this setting, extraction and structure
did not improve question answering over raw-text
retrieval, and they cost write-time spend, detail and
attribution. The setup favours RAG in several ways.
A strong answer model reads raw text well. Most
questions are anchored in one conversation, often
with wording that overlaps the evidence. The noise
is not adversarial. And several engines return far
less context by default. The engines’ other bene-
fits (compact, inspectable, editable memory) are
not measured. The results do not rank engines in
general. Changing only the provider routing and
reasoning setting moved engines by —5.3 to +12.5
points (Appendix E).

Limitations. One seed per run, so intervals cover
question sampling, not run-to-run variance. One
model configuration and engine defaults, with no
tuning; raising MemO’s or Graphiti’s result counts
was not tried. The questions were written by an
LLM agent and checked by script, with no hu-
man audit, and one automatic judge was validated
against another model but not against people. Some
question types have 11-20 items. Most 90 % Lo-
CoMo and MSC noise is generated (79 and 83 %
of noise tokens), and none of it is adversarial. Hon-
cho’s 90 % result is confounded by the settle limit,
and Graphiti was not run at 90 %. The 2K budget
is the first 2K tokens of each 8K result, which un-
derstates systems that return context in time order.

Ethics and reproducibility

All conversations come from public corpora
(LongMemEval MIT; LoCoMo CC BY-NC 4.0;
MSC via ParlAl (Miller et al., 2017); the En-
ron corpus is a public record). We add no
personal data; generated distractors in Enron
mailboxes are labelled as generated in the re-
lease. Models wrote the questions and the noise,
and the questions are unaudited. The bench-
mark (content hash 4£18d65b4585b1742e12), €V-
ery answer, verdict and model-call trace, and the
scripts that generate every number, table and fig-
ure here (paper-v2/analysis/investigate.py,
paper-v2/figures/make_figures.py) are re-
leased [TODO: repository link after review]. The
engine source versions we read are listed in Ap-

pendix A.
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A Root-cause investigations

For each result that needs explaining, we read the
engine’s retrieval and write paths at the version
we ran and checked the explanation against what
the engine actually returned for every question.
The returned items are stored per question in the
published  results
All  numbers

(retrieval.items_json).
here are generated by

paper-v2/analysis/investigate.py.

Source versions read. Honcho at commit
2eb27b6 (the commit we ran); MemO at tag
v2.2.1; Graphiti at tag v0.30.2. Hindsight and
OpenViking ran as :latest Docker images pulled
in September 2026, whose exact commits we did

Dataset Settle S0% (h) Settle 90% (h) Drained Empty Unproc. Acc. processed Acc.50%  Acc.90%

Enron 0.67 3.00 no 0 0 48.8 732 48.8
LoCoMo 0.59 3.00 no 0 20 68.7 89.6 63.6

LongMemEval 0.87 3.00 no 30 30 93.2 94.0 712
MSC 0.43 3.00 no 0 0 81.6 93.2 81.6

Table 3: Honcho’s build (settle) time and outcome at
90 % noise. Empty: questions in spaces for which Hon-
cho returned nothing at all. Unproc.: questions whose
source conversation is newer than the newest observa-
tion Honcho returned for that space. Acc. processed:
accuracy on the remaining questions.

not record. We read their source at the last commit
before 25 September 2026 (Hindsight 32e66293b,
OpenViking ag6caca7), so line numbers for these
two may differ slightly from what ran.

A.1 Honcho: recency slots and an unfinished
build

What the context endpoint returns. Our
adapter asks Honcho’s recommended con-
text endpoint (GET /sessions/{id}/context,
each
person, with the question as search_guery.
The endpoint builds a working

src/routers/sessions.py:702) for

represen-

tation with get_working_representation
(src/crud/representation.py:317).
That representation has at most

WORKING_REPRESENTATION_MAX_OBSERVATIONS

= 100 observations (src/config.py:945). One
third (total // 3 =33) are chosen by semantic
similarity to the question (line 340). The remainder
are filled with the most recent observations
(line 401). The merged list is then sorted by
time (src/utils/representation.py:398).
The token limit we pass does not shorten the
representation, so what the answer model sees is at
most 33 relevance-chosen observations per person
plus the person’s latest ones.

Consequence: a threshold. While a person has
fewer than 100 observations, the whole store is re-
turned and noise costs nothing. Counting the times-
tamped observations Honcho returned per person,
the cap was never reached on LongMemEval or
MSC at 0 and 50% (0% of questions). It was
reached for 95 % of LongMemEval and 66 % of
MSC questions at 90 %. LoCoMo pairs, whose his-
tories are long, are at the cap at every level (100 %
already at 0 %). This matches Honcho being unaf-
fected at 50 % and falling at 90 %.

The build did not finish. Honcho builds mem-
ory in a background deriver, and our runner waits
for its queue to empty, for at most 3 hours. At
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50 % noise the queue drained in at most 0.87 h.
At 90 % all four runs stopped at the 3-hour limit
and recorded "drained": false (Table 3). In
the last 30 minutes before querying the deriver was
still making 446—1,324 model calls per run, so the
queue was not nearly empty. Questions were then
answered from a partly built memory. Because the
representation always includes a person’s most re-
cent observations, the newest timestamp Honcho
returns for a space shows how far its deriver had
got. 6 LongMemEval spaces returned nothing at
all (30 questions), and another 50 questions asked
about conversations newer than anything Honcho
returned for their space. These 80 questions score
2.5 % (Figure 6). This is a lower bound: the deriver
need not process a space in time order, and on MSC
the questions where Honcho returned fewer than
100 observations (likely incomplete stores) score
lower than those at the cap.

How much each cause explains. On Long-
MemEval, the processed questions score 93.2 % at
90 % against 94.0 % at 50 %, so LongMemEval’s
whole drop is the unfinished build. Across datasets,
scoring the unprocessed questions at their dataset’s
processed rate gives 73.1 % instead of 66.3 %. The
rest of the fall, largest on Enron mailboxes (48.8 %
with no detected unprocessed questions), coincides
with the 100-observation cap. In mailboxes our
adapter reads the owner’s representation plus the
owner’s view of every correspondent, each capped
separately. We did not rerun Honcho with a longer
settle (no new runs were allowed), so the size of
the remaining cap effect is an inference.

A.2 Mem0: a fixed top-20 and lost speaker

names
Retrieval. Our adapter calls
Memory.search (query, top_k=20) with

the default threshold O.1. MemO com-
bines vector similarity, BM25 and an en-
tity boost (ENTITY _BOOST _WEIGHT = 0.5,
mem0/utils/scoring.py:57) and keeps the
top 20. Returned memories per question grow
from 13.2 at 0% to the cap, 20.0, at 90 %.
Each returned memory records the session it
was extracted from, so we can tell where the
context came from (Figure 7). On MSC, 100 %
of returned memories come from the question’s
own conversation at 0 %, 49 % at 50 % and 19 %
at 90%. At 90%, 58 % come from generated
conversation between the same two people, which

shares their topics and personas. Over all datasets
the own-conversation share falls from 60 to 27 %.
The evidence is crowded out of a fixed-size list.

Speaker names. Our adapter passes each mes-
sage’s speaker as name. Mem0’s extraction
path formats messages with parse_messages
(mem0/memory/utils.py:61), which writes user:
<content> and drops the name. In a two-person
chat both people become “user”’, and names reach
a memory only if they appear in the text. They
appear in 0.0 % of real MSC messages. As a
result 82 % of Mem0’s MSC memories at 0%
noise read “User ...”, which loses who said what
for questions such as “Which of the two is ve-
gan?”. Each add also makes one extraction call
that includes the 10 most similar existing memo-
ries (mem0/memory/main.py:931), which is why
its calls grow with sessions (Appendix A.6).

A.3 OpenViking: a fixed quota per category

OpenViking’s search in context mode assem-
bles a context from category buckets. With
purpose="chat" (our setting) the bucket ceilings
are 3 events, 3 entities, 1 preference, 1 experi-
ence, 1 resource and 1 skill (PURPOSE_PRESETS,
openviking/retrieve/context_asse
mbler/params.py:81-97). Each entry is
served at a summary tier, and only events may
deepen when budget is left over. The max_tokens
we pass therefore bounds the context but does not
fill it. OpenViking returned 6.2—-6.9 entries per
question at every noise level, one of them a fixed
resource-directory description, for 627-893 tokens.
Since the quota is the same with and without noise,
so is the miss rate. That is why OpenViking is flat
under noise but stays +14.1 [+11.6, +16.6] points
below RAG at 90 %.

A.4 Graphiti: ten facts

Graphiti’s default search returns
DEFAULT_SEARCH_LIMIT = 10 edges (graphiti
_core/search/search_config.py:29),
each a one-sentence fact; we returned them with
their validity intervals, about 323 tokens. Ten facts
cannot cover multi-part answers: Graphiti scores
30.0 % on L3 synthesis questions against 80.5 %
on L1 recall, and its evidence is present for 55.7 %
of questions. Its store is not the limit: raising the
result count was considered but not run.
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Figure 7: Where Mem0’s returned memories come from, per question at 8K (top-20 limit). As noise grows, memories
from the question’s own conversation are pushed out by the same people’s other and generated conversations.

Engine Calls0% Calls90% Growth Prompt/call 0% Prompt/call 90 % Cost growth

Hindsight 914 13,882 15.2x 5,063 7,151 18.7x
OpenViking 405 11,477 28.3x 5,593 5318 19.9x
Mem0 205 5477 26.7x 9,557 9.429 21.9x%
Honcho 1,092 15,113 13.8x 3,895 4,493 11.4x
Graphiti (to 50 %) 15,293 32,869 2.1x 1,608 1,756 2.2x

Table 4: Main-model calls in the build phases (ingest
+ settle) from the traces, mean prompt tokens per call,
and growth of build cost. Graphiti is shown to 50 %.

A.5 Hindsight, RAG and full context

Hindsight’s recall retrieves along four
arms (semantic, BM25, graph and tempo-
ral), fuses them with reciprocal rank fu-
sion and reranks with a local cross-encoder
(hindsight_api/engine/memory_engine.py,

recall ranking strategies at lines 670-677). It then
fills max_tokens: 7,324 tokens at 90 %. Like RAG,
it hands the answer model a long, relevance-ranked
context, and both keep their evidence (93.0 and
97.7 % present at 90 %). We did not profile its
retrieval, whose median latency rises from 2.8 s
to 15.6s as the store grows. Full context returns
the most recent sessions that fit 8K tokens by
construction, so it fails as soon as the evidence is

older than that window.

A.6 'Why build cost grows faster than the
input

An earlier reading of these runs attributed the faster-
than-input growth of build cost to consolidation
work that grows with the store. The traces show a
simpler main cause (Figure 8, Table 4). Engines
extract per session (MemO and OpenViking) or
per batch of messages (Honcho), with a prompt of
roughly constant size. Noise sessions are short (477
tokens on average, against 1,399 for the curated
conversations), so the number of sessions, and of
extraction calls, grows much faster than the number

of tokens. Prompt tokens per call change by —1 %
for Mem0, —5 % for OpenViking and +15 % for
Honcho. Only Hindsight’s prompt grows with its
store (5,063 to 7,151 tokens, +41 %), which adds
to its call growth. For a deployed assistant, write
cost therefore depends on how many conversations
a user has, not only on their length.

B Benchmark details

Curation. The main model first scored sampled
conversations for density of specific content, which
only set the reading order. An LLM agent then read
each shortlisted conversation (the curation record
lists the reviewer as “claude”). It accepted those
with enough independent, self-consistent detail for
five questions (11 of 211 rejected, with reasons)
and wrote one question per level: L1 recall, L2
paraphrase or disambiguation, L3 synthesis, L4
time or attribution, and L5 deep (inference, prefer-
ence, change over time, or an unanswerable ques-
tion). A script checks that each question’s evidence
lies in its space and shares words with the gold an-
swer. Questions are asked after their whole space
is ingested, on average days to months after the
source conversation (Table 5).

Noise. Candidate noise is screened by the main
model against all of the space’s questions, and
dropped if it states, implies, contradicts or updates
an answer, discusses the same specific event, per-
son or number, or makes an unanswerable question
answerable (876 of 6,155 dropped). Generated
same-pair conversation is used only when a pair
runs out of its own history. At 90 % that is most Lo-
CoMo and MSC noise. 5 spaces reach 88.0-89.7 %
instead of 90 %.

Example (Enron, one mailbox, thread about an
ISDA agreement with the City of Glendale). L1:
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Figure 8: (a) From 0 to 90 % noise, ingested tokens grow 10X but sessions grow 27 x, and the engines’ build calls
track sessions. (b) Prompt tokens per build call are nearly constant, except for Hindsight.

Dataset Spaces Conv. tok. Gap (d) Signal Noise 50/90% Sessions 0/50/90 % 90 % T2/T2G/T3 (%) Screened (dropped)
Enron 29 1,353 75 68K 71K/ 616K 50/345/2,403 98/0/2 2,459 (4 %)
LoCoMo 10 836 106 42K 42K / 372K 507122/ 1,464 21/79/0 1,677 (16 %)
LongMemEval 50 3,018 19 151K 152K/ 1.36M 50/ 1217506 100/0/0 491 (7 %)
MSC 50 388 10 19K 20K / 173K 50/175/1,104 11/83/5 1,528 (31 %)
Total 139 280K 284K /2.52M 200/763 /5,477 6,155 (14 %)

Table 5: Benchmark and suite statistics. Conv. tok.: mean tokens of a curated conversation. Gap: mean days between
a question’s source conversation and the time it is asked. Sessions: events ingested per suite. 72/T2G/T3: share
of 90 %-noise tokens that is the person’s own other history, generated same-pair conversation, or a hard distractor.
Screened: candidate noise sessions checked against the space’s questions, and the share dropped.

Who was the City of Glendale’s attorney I dealt
with on the ISDA? (Steve Lins, Assistant City At-
torney). L3: How many legal opinions was ENA
requiring, and who was paying for which? (two:
one in-house, one from outside counsel that ENA
paid for). L5: Could we document a Glendale
foreign-exchange deal, or a power deal expiring in
December 2002, under the executed ISDA? (no to
both).

C Setup details

Systems. Hindsight: each session retained as
one document, one bank per space; recall with
max_tokens = budget and budget level “mid”.
MemO (OSS, pgvector, 2.2.1): add per session
with the date in-band; search (top_k=20). Hon-
cho (commit 2eb27b6): messages with timestamps,
one peer per speaker, every mailbox participant
observing the others; settle until the deriver queue
is empty (at most 3 h); the context endpoint per
person. OpenViking: per-session commit and wait;
search in context mode, purpose “chat”. Graphiti
(0.30.2, Neo4j): one episode per message; default
search (10 facts). Three throughput changes from
defaults: Honcho’s deriver uses 8 workers and a
60 s batch flush, and OpenViking’s model-client
timeout is 1,800 s at 90 % noise.

Models and judging. DeepSeek V4.1 Flash for
every role except embedding and judging, pinned to
one provider (Deeplnfra, fp8), minimal reasoning,
8,000 tokens of reasoning headroom and a 16,384-
token output cap. The judge, Jev, returns one of six
verdicts (correct, abstain-correct, wrong, abstain-
wrong, stale, hallucinated) and the probability that
the context holds the evidence (present if > 0.5).
On 16,000 answers it agreed with MiMo-V2.6-Pro
(Xiaomi, 2026) on correct versus not for 98.3 %,
and on evidence presence for 96.4 %.

Answer prompt (identical for every system;
{who} names the pair or the mailbox owner):

You are an assistant with long-term memory of past
conversations{who}.

Answer the question using the memories provided.
Rules:

- The current date is {now}. Resolve relative dates
("last week", "two months ago") against the memory
dates.

— If memories conflict, prefer the most recent one
unless the question asks about an earlier time.

- If the memories do not contain the information,
say that you don't know. Do not guess.

- Answer concisely: one or two sentences, stating
the specific fact asked for.
<memories> - [date] text ...
Question: {question}

</memories>

The full judge instructions are in the repository
(bench/judge_alt.py).




System 0% noise ~ 50% noise 90 % noise
8K-token budget

RAG 98.5 97.7,9921  98.7 1979,9931 96.8 957, 97.9]
Hindsight 93.6 92.0,95.00  93.0 91.4,94.5] 89.9 [87.9,91.8]
OpenViking 84.3 82.1,86.51 84.9 827,87.11  82.7 [803,84.9]
MemO 90.9 189.1,9271 87.1(85.1,89.11 81.5 79.1,83.9]
Honcho 87.0 [84.8,80.00 87.51(855,805] 66.3 [63.4,692)
Graphiti 54.1 i51.1,5721  53.6 (503, 56.6] not run
Full context  98.0 (97.0,98.81 90.2 [883,92.01 52.4 [49.3,55.5]
No memory 1.3 [0.6,2.01 1.5 08,23] 1.3 07,21
2K-token budget

RAG 97.1 196.0,98.1]  95.1 (93.8,96.41 91.7 90.0,93.3]
Hindsight 93.5 19209500  92.8 1912,9431  89.5 [87.5,913]
OpenViking 84.3 819,86.51 84.8 825,86.91 81.2 [789,83.6]
MemO 91.0 (89.1,92.71  87.5 85.5,89.5] 82.1 [79.8, 84.5]
Honcho 67.2 1642,7021  58.1 155.3,61.21  35.9 [33.0,38.9]
Graphiti 54.6 1515,5761  53.7 (507, 56.8] not run
Full context  72.3 (69.4,7521 47.3 [44.1,50.3] 11.3 (94,132
No memory 1.2 106, 1.9] 1.3 106, 2.01 1.5 108,2.21

System Enron LoCoMo LongMemEval MSC
RAG 98.8/98.4/97.2 98.0/98.0/92.8 97.6/99.2/98.0 99.6/99.2/99.2
Hindsight 91.6/89.2/884 94.4/932/88.0 97.6/97.2/95.6 90.8/92.4/87.6
OpenViking 88.4/88.0/88.0 85.2/85.6/78.8 90.0/89.2/88.4 73.6/76.8/75.6
Mem0O 95.2/96.0/92.8 88.4/90.4/80.8 94.0/93.2/95.6 86.0/68.8/56.8
Honcho 83.6/73.2/488 84.8/89.6/63.6 86.4/94.0/71.2 932/93.2/81.6
Graphiti 59.6/61.2/— 45.6/42.4 /- 67.2/65.6/— 44.0/452/-
Full context  95.6/90.0/58.0 98.4/72.8/256 99.2/98.8/26.8 98.8/99.2/99.2

Table 8: Accuracy (%) at 8K by dataset, at 0 / 50 /90 %
noise (250 questions per cell).

Table 6: Accuracy (%) with 95 % bootstrap intervals.

The 2K results for Honcho and full context understate
them: both return context in time order, and the 2K
context is the first 2,000 tokens of the 8K result.

System 0—50% 50 —90 % 0—90 %
RAG +0.2 [-0.5.40.9] —1.9% (—2.8.-1.0] —1.7% [—2.9, —0.7]
Hindsight —0.6 [-2.2.+0.9] —3.1% [—4.8,-1.3] —3.7* [-5.6. —2.0]
OpenViking +0.6 (-1.7, +2.8] —2.2 [—4.5,40.1) —1.6 [-3.9,+0.7
MemO —3.8% [-6.3,-1.3] —5.6% [-8.2. -3.0] —9.4* [—12.0,-6.7)
Honcho +0.5 [-23.+34 —21.2% [—245 —18.1] —20.7* [—24.0. -17.4)
Graphiti —0.5 [(-3.0,+2.1] - -
Full context —7.8% [—9.6,-6.0] —37.8% [—40.8,—34.6] —45.6% [—48.9, —42.4]
Nomemory +0.2 [+0.0, +0.5] —0.2 [-0.5.40.0] +0.0 [+0.0,+0.0]

Table 7: Paired change in accuracy (points) between
noise levels at 8K; *: significant.

D Full results

All tables from
scripts/report_analysis.py Trun oOn the
published results (2,000 bootstrap resamples, seed
7); they are shared with the long version of this

paper.

come

E Sensitivity to the model setting

Before the reported runs, the no-noise stage ran
with the main model spread by the router over about
25 providers and with reasoning off (Table 15).
The baselines gained about 2 points from mini-
mal reasoning alone, while the engines moved by
—5.3 to +12.5 points. OpenViking’s extraction
produced far more memories about other people
(Enron +40.4), and Graphiti’s facts became more
literal. Some providers returned corrupted text: one
engine’s MSC store held observations such as “The

Ivan stated that they aceepted thheir lasst Enlish
tesst”. Engine results are therefore only compara-
ble under one fixed model configuration.

F Corrections to the earlier report

Writing this paper from the repository’s full report
(docs/REPORT.md) and the data, we found these
differences; the paper follows the data.

1. Every Honcho run at 90 % noise ended its set-
tle phase at the 3-hour limit without draining
(Appendix A.1). The report presents the 90 %
result as a retrieval failure.

2. Build cost grows faster than the input mainly
because sessions grow faster than tokens, not
because of consolidation (Appendix A.6).

3. At 90 % noise, 79 % of LoCoMo and 83 % of
MSC noise tokens are generated conversation,
not the pair’s own history.

4. At a 2K budget and 90 % noise, RAG and
Hindsight tie (2.2 [—0.1, +4.7]).

5. Reading accuracy of 94-99 % holds for RAG
and four engines, not for Graphiti (90.1 %) or
full context at 90 % (93.4 %).

6. The questions were written by an LLM agent;
no human review of them is recorded.

7. LoCoMo is licensed CC BY-NC 4.0.



Row — column Hindsight OpenViking Mem0

Honcho

Full context

RAG +6.9% +5.0,+8.81  +14.1% (+11.6,+16.61 +15.3" (+12.7,+17.81 +30.5% [+27.5, +33.61 +44.4* [+41.2, +47.7]
Hindsight +7.2% [+4.4,49.7] +8.4% [45.6,+11.11  +23.6% [+20.3, +27.01 +37.5" [+33.9, +41.1]
OpenVikin +1.2 [—1.8 +4.1] +16.4% (+12.8 +20.00 +30.3* [+26.3, +34.2]
p g
Mem0O +15.2% (+11.6,+18.61 +29.1% [+24.9, +33.4]
Honcho +13.9% [+9.5, +18.0]
Table 9: System versus system at 90 % noise, 8K: row minus column (points), paired 95 % intervals.
System Noise Evid. present Reading acc. Retr. miss Read. miss
RAG 0% 99.4 98.8 0.3 1.2
50 % 99.9 98.7 0.0 1.3
90 % 97.7 98.5 1.7 1.5
Hindsight 0% 95.5 974 3.9 2.5
50 % 94.8 97.0 42 2.8
90 % 93.0 95.7 6.1 4.0
OpenViking 0% 84.8 97.9 13.9 1.8
50 % 85.2 973 12.8 2.3
90 % 83.2 97.4 15.1 22
Mem0O 0% 91.6 97.2 6.5 2.6
50 % 89.8 95.4 8.8 4.1
90 % 85.1 94.5 13.8 4.7
Honcho 0% 89.6 96.7 10.0 3.0
50 % 89.3 97.1 9.9 2.6
90 % 68.6 94.9 30.2 3.5
Graphiti 0% 55.7 90.1 40.4 55
50 % 553 90.2 41.0 54
Full context 0% 98.6 99.2 1.2 0.8
50 % 90.6 99.1 9.0 0.8
90 % 55.7 93.4 439 3.7
No memory 0% 35 34.3 96.4 2.3
50 % 3.8 31.6 95.9 2.6
90 % 3.9 30.8 96.0 2.7

Table 10: Retrieval versus reading at 8K (%). Reading
accuracy: accuracy where the evidence was present.

System Noise Llrecall L2 paraphr. L3 synth. L4 time/who LS5 deep
RAG 0% 99.5 99.5 975 98.5 97.5
50 % 100.0 99.5 97.0 99.5 975
90 % 99.0 98.0 94.0 98.0 95.0
Hindsight 0% 98.0 94.5 90.0 96.5 89.0
50 % 98.0 935 88.0 96.5 89.0
90 % 96.0 915 83.5 93.0 85.5
OpenViking 0% 95.0 88.5 78.0 83.0 71.0
50 % 94.5 90.0 75.5 83.0 81.5
90 % 92.0 85.5 74.5 84.5 71.0
Mem0 0% 925 925 90.0 87.5 92.0
50 % 91.0 87.5 84.5 86.0 86.5
90 % 84.0 83.0 78.5 80.0 82.0
Honcho 0% 91.0 86.5 81.5 88.0 88.0
50 % 95.0 88.0 81.0 89.0 84.5
90 % 745 64.0 585 69.0 65.5
Graphiti 0% 80.5 61.0 30.0 515 47.5
50 % 79.0 61.5 26.5 515 49.5
Full context 0% 99.0 98.5 97.0 97.5 98.0
50 % 915 915 89.5 89.5 89.0
90 % 525 515 51.0 53.0 54.0
No memory 0% 0.0 0.0 0.0 0.0 6.5
50 % 0.0 0.0 0.0 0.0 7.5
90 % 0.0 0.0 0.0 0.0 6.5

Table 11: Accuracy (%) by difficulty level at 8K (200
questions per level).
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System Noise Build (h) Buildcalls Build$ $/1Ktok. Answer$ Total$ ¢/correct
RAG 0% 0.0 200° $0.01 $0.0000 $0.47 $0.73 -
50 % 0.1 763°¢ $0.01 $0.0000 $0.85 $1.21 -
90 % 0.4 5,477° $0.06 $0.0000 $1.18 $1.70 0.18
Hindsight 0% 0.5 6,016 $1.00 $0.0036 $0.43 $1.67 -
50 % 1.5 13,606 $2.56 $0.0045 $0.71 $3.60 -
90 % 11.1 76,272 $18.70 $0.0067 $1.18  $20.39 2.27
OpenViking 0% 0.9 5,424 $1.02 $0.0036 $0.25 $1.39 -
50 % 3.2 11,337 $2.87 $0.0051 $0.26 $3.26 -
90 % 21.2 63,817 $20.27 $0.0072 $0.31  $20.73 2.51
MemO 0% 0.9 808 $0.30 $0.0011 $0.29 $0.72 -
50 % 1.6 3,224 $0.93 $0.0016 $0.37 $1.44 -
90 % 9.6 21,665 $6.47 $0.0023 $0.40 $7.03 0.86
Honcho 0% 1.2 3,045 $1.37 $0.0049 $0.54 $2.23 -
50 % 2.6 5,681 $2.42 $0.0043 $1.18 $4.01 -
90 % 12.2 39,083 $15.59 $0.0056 $2.02 $18.12 2.73
Graphiti 0% 6.5 41,831 $8.89 $0.0318 $0.24 $9.24 -
50 % 11.6 87,541 $19.46 $0.0345 $0.27 $19.84 -
Full context 0% 0.0 0 $0.00 $0.0000 $0.17 $0.42 -
50 % 0.0 0 $0.00 $0.0000 $0.23 $0.57 -
90 % 0.1 0 $0.00 $0.0000 $0.29 $0.74 0.14

Table 12: Memory building and run cost per noise level. Total: build + answering at both budgets + judging.
¢/correct: total cost per correct 8K answer at 90 %. °Embedding calls. MemO’s 50 % cost is understated: a proxy

restart left some of its calls without a run id.

Type n  RAG Hindsight OpenViking MemO Honcho Fullctx. No mem.
multi_hop 204 936 83.3 74.0 78.4 58.3 51.0 0.0
lookup 199 99.0 96.0 92.0 83.9 74.4 52.8 0.0
paraphrase 188 97.9 92.0 85.1 83.5 64.9 51.6 0.0
inference 115 95.7 87.0 69.6 81.7 66.1 55.7 0.0
temporal 108 99.1 93.5 89.8 79.6 74.1 444 0.0
perspective 105 99.0 94.3 82.9 83.8 66.7 60.0 0.0
rare_identifier 20 100.0 75.0 90.0 85.0 45.0 45.0 0.0
knowledge_update 20  90.0 80.0 80.0 65.0 50.0 60.0 0.0
preference 18 94.4 100.0 88.9 88.9 66.7 50.0 5.6
abstention 12 100.0 91.7 100.0  100.0 100.0 100.0 100.0
multi_session 11 72.7 455 63.6 455 455 9.1 0.0

Table 13: Accuracy (%) by question type at 8K, 90 % noise. Types with fewer than 25 questions are indicative only.

System 0 % noise 50 % noise 90 % noise
RAG +1.4% (+0.6,+2.3] +3.6" [+2.4,+4.9] +5.1% [+3.6, +6.7]
Hindsight +0.1 [—0.7.40.9] +0.2 [—0.7.41.1] +0.4 [—0.8 +1.7]
OpenViking +0.0 [(—0.6.+0.6] +0.1 [(—0.6.+0.8] +1.5% [+0.5. +2.5]
MemO —0.1 [-1.1.+0.9) —0.4 [-15.+0.7) —0.6 [-1.6.+0.4)
Honcho +19.8% (+17.3, +22.41  +29.4* [+26.4, +32.3] +30.4% [+27.6. +33.2]
Graphiti —0.5 [-1.5.40.5] —0.1 [-1.0.+0.8] -
Full context  +25.7* [+23.0. +28.5]  +42.9% [+39.7. +46.0) +41.1% [+38.0, +44.0)
No memory +0.1 [+0.0.4+0.3] +0.2 [-0.2.40.6] —0.2 [-0.5.+0.0)

Table 14: 8K minus 2K accuracy (points), paired.
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Change by dataset

System Stage 1  Stage Ic Change Enron LoCoMo LME MSC
RAG 96.0 98.5 +2.5% [+1.5, +3.6] +2.4 +4.4 +2.0 +1.2
Full context 95.8 98.0 +2.2% [+1.1, +3.3] +2.8 +3.2 424 +0.4
Hindsight 914 93.6 +2.2% [+0.3, +4.2] +2.8 +2.8 +24 +0.8
MemO 88.0 90.9 +2.9% [+0.6, +5.1] +2.8 +72 —1.6 +3.2
Honcho 78.8 87.0 +8.2% [+5.1, +11.2] +1.6 +2.4 -3.6 +32.4
OpenViking 71.8 843 +12.5" [+9.3,+15.5] +40.4 +9.2  +1.2 -0.8
Graphiti 59.4 54.1 —5.3" [-8.6, —2.1] +0.0 —8.8 +28 —15.2

Table 15: No noise, 8K. Stage 1: providers chosen by the router, reasoning off. Stage 1c¢ (used throughout): one
pinned provider, minimal reasoning. Same data and adapters, both judged by Jev; paired 95 % intervals. The
baselines’ memory is unchanged, so their gain is the answer model’s own.
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