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ABSTRACT

Engineers at a machine ask a question that time-series databases
do not answer: have we seen this before, and what was it? The ques-
tion is about an episode, an exact stretch of waveform together
with the operating context in which it occurred and the outcome
it later turned out to have, and it has to be answered years after the
episode was recorded. We argue that an archive of machine wave-
forms should be designed as an episodic memory, and that such a
memory has to forget: a single vibration channel sampled at 64 kHz
still grows by about 9 GB a day after the best lossless compression
we measured. We make three contributions. First, a model of the
episode for industrial waveforms and the requirements it places on
storage and recall: exact evidence, recall under small time shifts,
conditioning on operating context, and the outcome as part of the
record. Second, a graded compaction ladder (full, not searchable,
represented, summarized, gone) in which every level states which
questions it still answers exactly, together with an explicit, ver-
sioned keep-value that decides when an episode moves down, and
a ledger that makes every step auditable. Third, an evaluation that
measures forgetting by what it costs search and by whether known
events stay findable. The building blocks are measured in Mor-
letDB, an open PostgreSQL extension: lossless storage at 1.5-1.7
bytes per sample on calibrated vibration data, bitwise exact merge-
able chunk summaries at about 1% of that size, and lag-tolerant
similarity search whose hits read back the stored samples bit for
bit. The ladder, ledger and a policy engine are now implemented
in MorletDB, and a first study (F1), frozen before its two confirma-
tion runs, compares four policies on screwdriving cycles and on
seismic data. Exempting known events keeps all of them search-
able at every reachable budget, where age-based retention keeps
roughly the budget’s share, and on seismic data the keep-value
also answers rare queries better than retention by age at 25% and
10% of the archive. It does not do so on the cycle data, where failed
cycles are a quarter of the archive, and novelty alone never beats
retention by age; under the rule fixed in advance, retention by age
stays the default.

1 INTRODUCTION

A condition-monitoring engineer who hears an unfamiliar knock
in a spindle does not want the mean vibration of the last hour.
They want to know whether the machine, or one like it, has pro-
duced this signal before, under which conditions, and what was
found when someone opened it up. Maintenance practice has long
reasoned this way: case-based reasoning retrieves past cases and
reuses their solutions [1]. Agents built on large language mod-
els are now being given the same kind of memory, with retrieval
weighted by relevance, recency and importance [20] and memory
managed in tiers [19]. Industrial waveforms are a hard place to
build it.

Waveforms are large. A vibration channel sampled at 64 kHz pro-
duces 5.5 billion samples a day, 44 GB as float64. Our lossless codec
stores calibrated vibration and motor-current data at 1.5-1.7 bytes
per sample [11, 15], which still leaves about 9 GB a day, about
3.3TB a year, per channel. A plant has hundreds of channels.

Waveforms are evidence. A spectrum, an envelope or a learned
embedding is a view of the signal under assumptions that will
change; the samples are what a later analysis, a new feature extrac-
tor or a dispute needs. Lossy compression with error bounds [5, 10]
trades exactly this away.

Similar is not identical. The same fault produces the same pattern
at slightly different times, phases and operating points. Recall must
tolerate small shifts and must be conditioned on context, or it finds
the wrong neighbours [17].

Forgetting is unavoidable, and silent forgetting is the norm. Time-
series databases expire data by age (retention policies, time-to-live)
and keep downsampled roll-ups [18, 27, 28]. Age alone is the wrong
criterion for a memory: the rare incident from three years ago is
worth more than yesterday’s thousandth identical cycle.

This report proposes to treat the waveform archive as an
episodic memory with deliberate, graded and auditable forgetting.
It is a position and design report. Section 2 defines the episode
and its requirements; Section 3 the compaction ladder; Section 4
the keep-value and the ledger; Section 5 what is already measured
in MorletDB; Section 6 the first evaluation of forgetting policies.
Throughout, statements are marked M (measured, with the study), 1
(implemented and tested for correctness, not measured for benefit)
or P (proposed).

2 THE EPISODE

Episodic memory, in the sense introduced by Tulving [29], stores
events located in time and context and lets them be re-experienced,;
it is distinct from semantic memory, the generalized knowledge
extracted from many events. Memory research has since argued
that forgetting is part of what makes memory useful, not a failure
of it [24]. We take both ideas literally.

Definition. An episode is a triple of (i) an exact sample interval
of one or more recordings, (ii) the operating context valid during
it (program, tool, part, load, speed, temperatures), and (iii) zero or
more outcomes attached later (a label, a confirmed finding, a work
order). The interval is the evidence, the context makes it compara-
ble, and the outcome is what makes it worth recalling.

Requirements. R1 Exact evidence: every recalled episode reads
back the stored samples bit for bit, so that a conclusion can be
checked and re-analysed. R2 Recall under shift: similarity tolerates
small time shifts between query and stored intervals. R3 Context
conditioning: recall and comparison are restricted to, or weighted
by, comparable operating context. R4 Outcome linkage: outcomes
attach to intervals, are versioned, and are returned with the hits.



R5 Consolidation: frequent, similar episodes are represented by
fewer stored examples without losing the ability to say how often
and when they occurred. R6 Accountable forgetting: whatever is
removed is removed by a declared policy, in a recorded step, with
what remains stated.

Generalized knowledge, R7, the “semantic” layer of fault li-
braries and models trained on the episodes, is out of scope here;
this report is about keeping the episodes that such knowledge is
built from.

3 THE COMPACTION LADDER

Instead of a binary keep-or-delete, we propose that every episode,
and every stretch of continuous recording, sits on one of five lev-
els. Each level is defined by the questions it still answers exactly;
Table 1 summarises them.

L0 to L1. Search representations (envelopes, vectors, index
rows) are derived and can be rebuilt from the samples [17]; they
also cost about as much again as the samples [17]. Dropping them
first removes an episode from similarity recall while keeping every
sample, which is the cheapest reversible step.

L2: representatives, not averages. Repetitive operation pro-
duces thousands of near-identical episodes. Keeping one real
episode per cluster, the medoid under the same lag-tolerant dis-
tance used for recall [7], and the outliers beyond a threshold,
preserves both “what does this usually look like” and “what was
unusual” with real evidence. An average waveform is not evi-
dence of anything and would violate R1. Each member keeps its
time, context, distance to the medoid and chunk summaries, so
frequency, timing and slow drift remain visible. Clusters can be
clustered again over longer periods.

L3: exact summaries. Count, minimum, maximum and com-
pensated sums merge exactly over adjacent chunks, so statistics of
any chunk-aligned interval computed from summaries equal those
computed from the samples, bit for bit [13]. This is the mergeability
property of summaries [3] applied to the simplest statistics. Roll-
ups to hours, days and months inherit it. Visual summaries such as
M4 [6] preserve the extremes per pixel column and are a natural
addition at this level.

L4: gone, but accounted for. Removal writes a ledger entry:
what, when, under which policy version, with which checksums,
and where a cold copy is if one is kept (for example as Parquet files
on object storage with the existing exporter).

Moves are one-directional except by restore. An episode
moves down by policy; it moves up only by restoring from a cold
copy or by recomputing derived data, both of which are recorded
too.

4 KEEP-VALUE AND THE LEDGER

Which episodes move down, and when, is the policy. We propose
to make it explicit and versioned rather than implicit in a retention
interval.

Keep-value. For an episode e we propose

v(e) = wp novelty(e) + w; importance(e) + wy, use(e)

+ we rarity(ctx(e)) — wg, age(e),
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compared against the episode’s storage cost. Novelty is the dis-
tance to the nearest kept episode under the recall distance, which
the search already computes. Importance comes from outcomes: la-
bels, confirmed findings and membership in an event library. Use
counts retrievals and citations in investigations. Context rarity pro-
tects episodes from rare operating conditions, which are underrep-
resented by construction. Age is one term among several, not the
policy: the need for a memory falls with time but also follows how
often and how recently it was used [4]. The weights are part of the
policy version and are returned with every decision. The form fol-
lows agent memory, which ranks recall by relevance, recency and
importance [20], and prioritised experience replay, which keeps
the transitions with the largest learning signal [26]; uniform alter-
natives such as reservoir sampling [30] are the baseline it has to
beat.

Exemptions. Episodes in the event library, the catalogue of
confirmed incidents and operations, are not moved by policy at all.
An earlier version of this report allowed L1; the first F1 develop-
ment runs showed that this takes the library out of search exactly
when the budget is tight.

Dry run and ledger. Every policy run is first a dry run that re-
ports what would move and how much it would save; the executed
run writes the ledger and is resumable. Coverage reports state, for
every period, the level it is at, so a search can say which periods it
could not see.

5 WHAT IS ALREADY MEASURED

The ladder rests on properties of MorletDB [17], a PostgreSQL ex-
tension that stores recordings as losslessly encoded chunks and
searches them by lag-tolerant similarity. Table 2 lists the measured
building blocks; each comes from a study whose protocol was com-
mitted to the public repository before its results [16].

Context conditioning (R3) and outcomes (R4) are implemented
as timed, versioned context events, segments cut by context keys,
comparison of a segment with earlier segments under the same
context, and labels on sample intervals (1); they are tested for cor-
rectness but their benefit for recall has not been measured. The
episode table, the levels, moves with dry run and ledger, exemp-
tions, and a policy engine with the keep-value are implemented in
the main branch (SQL 0.3.5, not yet released; 1), and measured in F1
(Section 6) except consolidation into representatives (L2). Roll-ups
beyond chunks and cold copies are proposals (p).

6 FIRST EVALUATION: FORGETTING
POLICIES (F1)

The protocol of study F1 was frozen in the repository before either
confirmation run, after development on separate data [14]; Table 3
summarises the outcome.

Implementation. Episodes are rows with a sample interval,
context, importance and a level; a policy run moves them down
in transactions through one SQL function that enforces the rules
(levels only go down, exempt episodes stay, an L2 move names a
representative) and writes the ledger. A similarity window leaves
search when episodes out of search cover it and no full episode
overlaps it. The policy engine scores episodes with the keep-value,
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Table 1: The compaction ladder. Storage is per sample of a 64 kHz channel, from measured sizes (L0: [11, 15]; L3: 66-byte
summary per 4,096-sample chunk [13]); L2 depends on cluster sizes; it is implemented but not yet evaluated.

Level What is kept What it still answers exactly Bytes / sample Status

L0 full encoded samples, search representa- everything: samples, similarity, statis- 1.5-1.7 M
tions, context, outcomes tics

L1 not searchable encoded samples, context, outcomes; samples and statistics of any interval; 1.5-1.7 (minus index) M [14]
search representations dropped not found by similarity

L2 represented per cluster of similar episodes: the how often and when;areal typicaland  cluster-dependent 1

L3 summarized

L4 gone

medoid and outliers raw; for every
member its time, context, distance to
the medoid and summaries

per-chunk summaries (count, min,
max, compensated sums) and calendar
roll-ups

a ledger entry; optionally a check-
summed cold copy outside the data-

the unusual examples; statistics of ev-
ery member

count, min, max, mean and RMS of
any chunk-aligned interval, bitwise
identical to decoding

that it existed, under which policy it
was removed, and where a copy is

~ 0.016 M (chunks, [14]), P (roll-ups)

0 M [14] (ledger), P (cold copy)

base

Table 2: Measured building blocks (m), with their limits.

Result Study

G1, B3, B4 [11, 12, 15]

Lossless storage of calibrated vibration and cur-
rent at 1.5-1.7 bytes per sample, smallest of the
tested codecs on four of six waveform inputs; one
dataset per input

Chunk summaries: statistics bitwise identical to
decoding (3,000/3,000), 58x faster for 60s of
64 kHz at p95, one hour in 36 ms; 4.5% slower in-
gestion, 1.3% more chunk storage; one machine
Lag-tolerant recall beats zero-lag recall on a proxy
task (catalogued earthquakes): precision at ten
0.297 vs 0.213, and 0.139 vs 0.060 on held-out sta-
tions and year; seismic data only

Indexed recall at 97.7% of the exact top ten, p95
57 ms; exact screened search with identical results
up to one million windows

Every hit reads back the stored samples bit for bit;

CS1[13]

E5, E5-H [17]

E1, E7 [17]

E1[17]
filters and row-level security apply to exact and
indexed search

Ingestion from one connection at 13.7M sam-
ples/s with byte-identical storage; one dataset,
one machine

Full workflow within 2 CPUs and 512 MB, and on
a Raspberry Pi 3B+ with identical search results
Exempt known events stay 100% searchable at ev-
ery reachable budget; the keep-value beats age-
based retention on rare seismic queries at 25% and
10%, not on screwdriving cycles; two datasets

B3.10, B3.12 [11]

EX1, EX2 [17]

F1[14]

moves the lowest-valued ones straight to L3 so that the most valu-
able stay fully searchable, applies the moves in batches of at most
50 and measures the size after each, stopping at the budget.
Policies and budgets. Recency (oldest first, the retention base-
line), random (seeded), novelty (distance of an episode’s first win-
dow to its nearest neighbour in the full archive, a static approx-
imation), and novelty plus importance, in which known events
are exempt. Budgets are 50, 25, 10 and 5% of the bytes of chunks,

summaries and search representations; a budget the exempt events
alone exceed is reported as unreachable, not forced.

Data. Screwdriving cycles of PyScrew scenario s02 [31]: 12,500
cycles, one episode each, 2,988 failed (NOK) cycles as known
events; rare queries are the failed cycles, typical queries 300 good
ones. Seismic data of four stations over two weeks held out from
all earlier work: 7,849 episodes of about ten minutes, 563 contain-
ing the predicted arrival of a catalogued event [17]; rare queries
are the windows at those arrivals, typical queries 300 windows
without events. Development used scenario s01 and one other
recording.

Measures and rule. Known events searchable: the share of
known-event episodes still at L0. Answer quality: the distance of
a query’s nearest hit after forgetting over its nearest hit in the full
archive (1 means something as similar is still found). The evalu-
ation design in version 0.1 of this report proposed recall at ten
against the full archive; the development runs showed that it, and
the mean distance of ten hits, penalise removing near-duplicates,
which is what novelty does by design, so the nearest hit became
primary before the freeze, a change made after seeing development
data. Each policy is compared with recency on rare queries by the
mean over groups (workpieces, events) of the per-query difference,
with a 95% bootstrap interval; “better” requires the interval above
zero and at least as many known events searchable. The default is
the policy better at 50% and 25% on both datasets, otherwise re-
cency.

Results. Exempting the event library is what keeps it: novelty
plus importance keeps every known event searchable at every bud-
get it reaches, recency roughly the budget’s share (M [14]). On seis-
mic data, where events are 7% of the episodes, the keep-value also
answers rare queries better than recency at 25% and 10%, at no
demonstrated cost on typical queries at those budgets. On the cy-
cles, where failed cycles are a quarter of the archive, the event li-
brary takes most of the budget: at 50% the rare-query answers are
slightly worse on average (the medians are equal), typical answers
degrade (median nearest-hit ratio 1.27 against 1.04), and budgets
below 30% cannot be met without forgetting events. Novelty alone



Table 3: F1 confirmation. N+I: novelty plus importance. Rare
queries: mean difference in nearest-hit ratio against recency
with 95% interval; positive favours N+I. n/r: budget not
reachable.

Events searchable Rare queries,
Data Budget Recency N+I  N+Ivsrecency

Cycles 50% 46% 100%  —0.05 [-0.09, —0.01]
Cycles  25% 13% 100%  n/r (29.8% kept)
Seismic  50% 45% 100%  +0.01 [—0.02, +0.05]
Seismic  25% 23% 100%  +0.07 [+0.02, +0.12]
Seismic  10% 9%  100% +0.19 [+0.12, +0.27]

is never better than recency and often worse, on both datasets and
for both kinds of query: the near-duplicates it removes are also the
nearest neighbours of rare queries. Random and recency do not
differ consistently.

Verdict. By the rule fixed in advance, recency stays the default
and the keep-value is not built further as a default. What the study
does support is narrower: an exempt event library is cheap insur-
ance when events are rare, and pays for itself in rare-query quality
there. Not tested: dynamic novelty against the kept rather than the
full archive, consolidation into representatives (L2), the use and
context-rarity terms, and the visibility of slow drift; each needs its
own frozen study.

7 RELATED WORK

Episodic memory and forgetting. The distinction between
episodic and semantic memory [29] and the view of forgetting
as a feature of useful memory [24] motivate the ladder. Agent
memories rank recall by relevance, recency and importance [20]
and move content between tiers [19]; they store text, not signals,
and do not require exact evidence.

Case-based reasoning in maintenance. Retrieve, reuse, re-
vise and retain [1] is the cycle we support for waveforms: the
episode is the case, the outcome its solution.

Compression. Lossless float codecs exploit structure in
floating-point series [2, 9, 21]; error-bounded lossy compressors
trade exactness for size [5, 10]. Our ladder keeps L0-L2 lossless
and makes the move to summaries an explicit, accounted step.

Downsampling and retention. Round-robin archives [18],
downsampling in metrics systems [27] and continuous aggre-
gates [28] keep coarse statistics by age. Visualization-oriented
aggregation preserves extremes [6]. Our L3 keeps exactly merge-
able statistics; what differs is that the move is decided per episode
by value, not per table by age.

Representatives and similarity. Medoids [7] keep real exam-
ples; reservoir sampling [30] is the uniform baseline; similarity un-
der shift has a long history from dynamic time warping [25] to
exact search at scale [22] and motif discovery [32].

Condition monitoring. Vibration-based diagnosis [23] and
machine-learning fault diagnosis [8] produce the labels and out-
comes that importance draws on; this report is about keeping the
evidence those methods are trained and checked on.
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8 LIMITATIONS

This is a position and design report with a first evaluation. F1 used
two datasets, one budget definition and a static novelty; its ver-
dict is for those, and its primary measure was chosen after devel-
opment runs. Consolidation, roll-ups and cold copies are propos-
als; the measured building blocks come from one machine, from
seismic data for retrieval quality and from one bearing dataset for
storage and speed. Lossless storage depends on a value grid; data
without one compresses less. Answer quality measures similarity
against the archive’s own episodes, a proxy for usefulness to an
engineer, which only pilots can establish.

USE OF AI ASSISTANCE AND RESPONSIBILITY

Code, experiment harnesses, analyses and text were developed
with Claude (Anthropic), an Al assistant, working under the
author’s direction. The author reviewed the content and is respon-
sible for it.
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