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Abstract
An AI agent that persists anything across sessions is operating a database, whether or not it calls it one. It writes records, indexes them, retrieves a subset under a budget, and must survive a crash without contradicting itself. Current practice largely ignores this: agent memory is typically a JSON file or a standalone vector index, and the properties a database management system was built to provide — a schema, a query language, transactions, concurrency control, recovery — are absent by construction.
This paper asks what that costs. We model agent memory as an entity-relationship schema, normalise it to BCNF, and implement it across 10 storage architectures spanning three families: file stores, SQLite 3.53.0 embedded, and PostgreSQL 18.3 with pgvector and GIN. All 10 are measured on one corpus of 8,282 agent memories (210,568 tokens) rendered from 2,500 ground-truth facts, against 313 labelled recall queries partitioned into 8 classes.
Four results. First, most of a realistic recall workload is not a similarity problem: 61.7% of our queries (193 of 313) require a predicate, a join or an aggregate, and no top-k similarity search can express them. Second, dense retrieval fails hardest on exactly what agents remember — identifiers. On queries naming a record by its key, the pure vector arm scores 0.002 nDCG against 0.790 for an inverted index; in every probe the embedding's top hit was a distractor that shared the query's grammatical shape, while the memory that answered it sat at median rank 271 of 8,282. Third, the properties that separate the families are the classical ones: under eight concurrent writers the file store lost 175 of 200 updates (87.5%) where both DBMS arms lost none, and a crash during a whole-document rewrite left the entire store unreadable in 3 of 20 trials. Fourth, normalisation is not bookkeeping here: a fact is restated across 3.69 memories on average, so a correction applied through top-10 retrieval leaves 63.5% of the restatements asserting the old value — contradictions the agent will later retrieve and believe.
The practical conclusion is narrower than “use a database”. The best-scoring arm was SQLite · FTS5 + vectors at 0.726 nDCG, but SQLite · FTS5 inverted index reached 0.723 at 0.44 ms median latency and 497.5 bytes per memory — 8.4× less storage than the vector-bearing arms, whose embeddings dominate the store. Vectors earn their cost on paraphrase and nowhere else.


8,282Memories in corpus
10Architectures measured
62%Queries needing SQL
0.002Vector nDCG on identifiers
63.5%Stale after top-k repair


All figures produced by tools/capture.mjs on 13th Gen Intel(R) Core(TM) i5-13450HX, 16 cores, 32 GB, win32/x64. Captured 2026-08-09. Embeddings from Xenova/all-MiniLM-L6-v2 (384 d); token counts from the Xenova/gpt-4o tokenizer.




1. Introduction
A language model has no memory. Each request is answered from the tokens in front of it, and when the context window closes, everything in it is gone. An agent — a model wrapped in a loop that runs over hours or months — has to supply that memory from outside. It writes down what happened, and later it reads some of it back.
Stated that way, the problem is immediately familiar. Records are inserted. They are indexed so they can be found again. A query selects a subset under a budget. Concurrent writers must not overwrite each other. A crash must not leave the store asserting something that was never true. This is the problem a database management system exists to solve, and it has been studied for fifty years[1][3].
Agent frameworks have largely arrived at a different answer. Memory is usually a file of JSON, or a vector index holding one embedding per remembered utterance, retrieved by cosine similarity. Neither has a schema, a query language, a transaction, or a recovery protocol. The question this paper asks is direct: what does an agent lose by storing its memory outside a DBMS, and which of the DBMS's properties actually matter?
We answer it by measurement rather than argument. We build one corpus of agent memories with known ground truth, implement 10 storage architectures over it, and score them on the same 313 queries — then subject the same three families to a crash, to concurrent writers, and to a fact that changes after it has been remembered 3.69 times.

The agent memory cyclewrite path and recall path, one store
Agent memory cycle — write and recall over one storeONE STOREmemory · session · fact · entity rowsand every index built over themB-treeinvertedvectorboth heavy arrows land hereINSERTSELECT1perceiveuser turn · tool resultobservation of the world2writeBEGININSERT INTO memory (…)COMMIT3consolidateembed · link to factset superseded_by4recallSELECT … FROM memoryWHERE predicateORDER BY rank LIMIT k6actreply · tool call · plan5inject into contextthe window has k slotsLIMIT k — the budget sets k
	Perceive: a user turn, a tool result, an observation.
	Write: BEGIN, INSERT INTO memory, COMMIT — one transaction.
	Consolidate: embed the text, link it to the fact it restates, set superseded_by on anything it replaces. This writes to the same store.
	Recall: SELECT from memory WHERE a predicate holds, ORDER BY a rank, LIMIT k. This reads the same store the write path wrote.
	Inject into the context window, which has k slots. The context budget fixes k; the size of the store does not.
	Act: reply, call a tool, or plan — which produces the next perception and closes the loop.


Heavy arrows touch the store; light arrows carry sequence only. The write path (2) and the recall path (4) are two ends of one object — the same rows, the same indexes, the same transaction log. Highlighted: the k slots of the context window. Recall is bounded by that budget rather than by what the store holds, which is why the cost of a wrong answer is a slot spent, not a row missed. Schematic; no measurement is encoded in this figure.

Figure 1. The agent memory cycle. Every arrow crossing the store boundary is a database operation; the context-window budget on the recall path is what makes retrieval a top-k problem rather than a scan.




2. What agent memory is
The word covers three different things, and conflating them is the first source of confusion. The division follows Tulving's[12] and is now standard in agent architectures[13]:
	episodic — Something that happened, tied to a time and a session.
	semantic — A standing fact about the world, time-independent.
	procedural — An ordered way of doing something.

In the relational model these are not three stores. They are one relation with a discriminator: a disjoint, total specialization on kind. That is a design decision with consequences we return to in §4, and it is the first place where having a data model at all changes what the system can do — a query can ask for procedural memory only, and the engine can use an index to answer it.
What an agent actually writes is narrower than “everything it saw”. In our corpus a memory is a short natural-language restatement of one fact, produced during one turn of one session. It is roughly 25.4 tokens. It carries a provenance (shell_output and similar), a confidence, a position in time, and — critically — it may later be contradicted by something the agent learns afterwards.

Table 1. Six memories from the corpus, as stored. These are the rows every architecture in this paper was given.	id	session	turn	kind	body	day	tokens
	M-000000	S-0065	1	procedural	RUN-409 — rolling back a migration on reconciler-5: 1. stop the deploy 2. run the down migration in a transaction 3. verify the constraint set 4. redeploy the previous image	62	45
	M-000001	S-0177	1	semantic	ADR-568 rejected follower reads and per-tenant routing in favour of pinned primary.	171	17
	M-000002	S-0319	1	semantic	We settled the secret rotation argument in search-6: quarterly manual won.	305	15
	M-000003	S-0047	1	semantic	PER-190 — Ravi Adeyemi is staff engineer on data.	46	14
	M-000004	S-0019	1	episodic	Postmortem for INC-3742 — the query planner fell back to a sequential scan. The underlying problem was a missing index after a migration.	18	30
	M-000005	S-0212	1	semantic	SVC-5093 reconciler-5: max_pool_size is 250. Changing it needs a restart.	206	23






3. How agent memory is built today
Two architectures dominate, and we implement both rather than describe them.
The file store. Memories are appended to a JSON or JSONL file and recall reads the whole thing, scoring by keyword overlap. It has no index, so recall is linear in the corpus; it has no transaction, so a crash mid-write is whatever the filesystem left behind; and it has no concurrency control, so two writers race. We implement the careful variant (append-only) and, for the durability experiment, the common one (rewrite the whole document on every change).
The vector index. Each memory is embedded once and recall is a top-k nearest-neighbour search in that space[9]. This is the architecture most often described as “giving the agent memory”, and it is genuinely good at one thing: finding a memory that means the same as the query while sharing none of its words. We implement it twice — once with no filtering at all, and once with metadata post-filtering, because every production vector store offers the latter and comparing against the former alone would be a straw man.
Against these we put the same logical schema in two database engines: SQLite 3.53.0 in process[7], and PostgreSQL 18.3[6] with the pgvector[10] extension. Each family is measured with progressively more indexing, so the paper can attribute a result to an access method rather than to a product.

Table 2. What each of the 10 architectures can express, as declared by its loader and confirmed by the query plans in the appendix. A check is an unqualified capability; a word is a qualified one and names the mechanism; — is an absence. No units — this table is definitional, and it does not depend on the corpus.	Engine	Predicates	Joins	Aggregates	Transactions	Vector search
	JSONL filefile-jsonl	—no	—no	—no	—no	—no
	Flat vector indexfile-vec	—no	—no	—no	—no	✓yes
	Vector index + post-filterfile-vec-meta	post	—no	—no	—no	✓yes
	SQLite · B-tree onlysqlite-btree	✓yes	✓yes	✓yes	✓yes	—no
	SQLite · FTS5 inverted indexsqlite-fts	✓yes	✓yes	✓yes	✓yes	—no
	SQLite · FTS5 + vectorssqlite-hybrid	✓yes	✓yes	✓yes	✓yes	scan
	Postgres · B-tree onlypg-btree	✓yes	✓yes	✓yes	✓yes	—no
	Postgres · GIN inverted indexpg-gin	✓yes	✓yes	✓yes	✓yes	—no
	Postgres · pgvector HNSWpg-hnsw	✓yes	✓yes	✓yes	✓yes	hnsw
	Postgres · GIN + HNSW hybridpg-hybrid	✓yes	✓yes	✓yes	✓yes	hnsw


post — the predicate is applied to the rows the index already returned, so it can only remove, never recover. scan — cosine is computed over every stored vector, because no access method exists for it. hnsw — an approximate nearest-neighbour graph the planner can combine with an ordinary predicate. 3 of 10 architectures offer both unqualified predicates and a vector access method.

Table 2 is the paper's argument in one grid, and everything after it is the measurement of what those columns are worth.





4. The data model
Before anything can be measured, the memory has to have a shape. We give it one using the entity-relationship model[2], then normalise it.
4.1 Entities and relationships
Seven entities. The one that matters is MEMORY, and it is a weak entity: a memory has no identity apart from the session that produced it, so its natural key is (session_id, turn_no) with turn_no as the partial key. This is not a modelling nicety. A vector store treats each memory as a free-floating document with a global identity, and every question of the form “what did I learn in that session” becomes unanswerable as a direct consequence.

Conceptual model — Chen notation
Agent memory — entity-relationship model1NISAdepisodicsemanticproceduralrunsrecordsvectorisesrestatesconcernsaboutsupersedesAGENTSESSIONMEMORYpartial key: turn_noEMBEDDINGFACTENTITY1N1N11N1MNN1
Double rectangle = weak entity · double diamond = identifying relationship · double line = total participation · (d) = disjoint specialization. MEMORY is identified by (session_id, turn_no).

Figure 2. The conceptual model in Chen notation, and the same model as tables. Both views are generated from engines/schema.mjs — the file the loaders execute — so every box is a table that was created and every dashed edge a foreign key that was enforced during measurement.
Three features of the diagram carry weight later:
The identifying relationship records is drawn double because SESSION supplies part of MEMORY's key. Participation is total on both ends: a memory without a session cannot exist.
The recursive relationship supersedes runs from MEMORY to itself. It records that a later memory corrects an earlier one, and it is the structure that distinguishes what the agent currently believes from what it has ever written down. No similarity function can recover it, because a superseded memory matches a query at least as well as its replacement — usually better, since the replacement carries the word “correction”.
The specialization on kind is disjoint and total: every memory is exactly one of episodic, semantic or procedural.
4.2 Normalisation
The file baselines store a self-contained record per memory: session metadata, agent model, entity list and the restated fact all inline. That is the unnormalised form, and walking it up to BCNF names exactly what each file architecture is giving up.

Normalization ladder5 rungs · UNF → BCNF
	UNF
memory_blob(memory_id, session_id, turn_no, agent_model, session_day, body, entities[], fact_text, fact_id, source, confidence)
A relation is in 1NF when every attribute holds a single atomic value.
violates entities[] is a repeating group held inside one attribute.
anomaly it leaves behindYou cannot ask "which memories mention SVC-4470" without parsing an array in application code, so the DBMS cannot index it.
→ Project the repeating group into MEMORY_ENTITY, keyed by (memory_id, entity_id).


	1NF
memory_flat(memory_id, session_id, turn_no, agent_model, session_day, body, fact_text, fact_id, source, confidence)
A relation is in 2NF when no non-prime attribute is partially dependent on a candidate key.
violates session_day depends on session_id alone, which is only part of the natural key (session_id, turn_no).
anomaly it leaves behindA session's date is restated on every memory it produced. Correcting it means rewriting every row, and missing one splits the session in two.
→ Move session_day into SESSION.


	2NF
memory_2nf(memory_id, session_id, turn_no, agent_model, body, fact_text, fact_id, source, confidence)
A relation is in 3NF when no non-prime attribute is transitively dependent on a candidate key.
violates memory_id → session_id → agent_model is a transitive dependency.
anomaly it leaves behindThe agent model is stored once per memory rather than once per session. It cannot be corrected atomically, and a session with no memories cannot record which model ran it at all.
→ Move agent_model into AGENT and reference it from SESSION.


	3NF
memory_3nf(memory_id, session_id, turn_no, body, fact_text, fact_id, source, confidence)
A relation is in BCNF when every determinant is a candidate key.
violates fact_id → fact_text, and fact_id is not a superkey of MEMORY.
anomaly it leaves behindThis is the one that hurts an agent. The same fact is restated across many memories; when the fact changes, every restatement is now a claim the agent will retrieve and believe. §6.7 measures how many contradictions this produces.
→ Move fact_text into FACT and leave MEMORY holding only the reference.


	BCNF
memory(memory_id, session_id, turn_no, seq, kind, body, fact_id, created_day, source, confidence, superseded_by)
Every determinant is a candidate key.
terminal formNo anomaly is left to remove: every determinant is a candidate key.
This is the schema the SQLite and Postgres arms were measured on.




Each rung names the form the relation is already in, the rule the next form imposes, and the anomaly that survives until you climb. Read the accented boxes alone and you have the argument: an unnormalised memory store does not merely waste bytes, it stores the same claim many times, and every stale copy is a sentence the agent will retrieve and believe.

Figure 3. From the unnormalised memory blob to BCNF. The final step is the one that decides an agent's behaviour rather than its disk usage: fact_id → fact_text is a dependency on a non-key attribute, and leaving it in place is what §6.10 measures.
The functional dependencies that survive in the final schema are the ones a key determines and nothing else:

Table 3. Functional dependencies in the BCNF schema. Every determinant is a candidate key.	Relation	Determinant	Determines	Note
	memory	memory_id	session_id, turn_no, seq, kind, body, fact_id, created_day, source, confidence, superseded_by	—
	memory	session_id, turn_no	memory_id	the natural key of the weak entity
	session	session_id	agent_id, started_day	—
	agent	agent_id	model, family	—
	fact	fact_id	subject_id, predicate, object_value, memory_kind, valid_from_day	—
	embedding	memory_id	model, dim, vec	—






5. Methodology
5.1 Ground truth that is not circular
A retrieval benchmark is only as good as its labels, and labels chosen by looking at results are worthless. We invert the usual order. First we build a world of entities — services, incidents, configuration records, decisions, people. From it we derive 2,500 facts, each a subject-predicate-object triple with a validity interval. Each fact is then rendered into one or more memories: short natural-language restatements an agent would plausibly have written, in different surface forms, scattered across 333 sessions.
Relevance is therefore definitional rather than judged: the memories relevant to a query about a fact are exactly the memories rendered from that fact, intersected with the query's structural predicate. Nothing is scored by eye. The generator is seeded, so the corpus reproduces byte for byte.
Two deliberate contaminants make the benchmark hard. Distractors (1,218 memories, 15% of the corpus) mention a record's identifier while asserting nothing about it — the agent-memory equivalent of “checked X, unrelated”. And supersessions (844 memories) revise a fact after it was first recorded, so the best-matching text and the currently true statement are different rows.
5.2 Query classes
The 313 queries are partitioned into 8 classes chosen to stress different machinery. The column that matters is the last one: whether the query can be answered by a top-k similarity search alone, with no predicate, no join and no aggregate.

Table 4. The 313 queries of the workload by class, with the predicate that decides each class and the reason it can or cannot be answered by nearest-neighbour search over the memory text. Share is of the whole query set; the predicate column names the field and operator the correct answer depends on, or — where correctness depends only on the text.	Query class	Queries	Share	Similarity-expressible	Deciding predicate	Rationale
	lexical	40	12.8%	✓yes	—none	Rare identifier present verbatim in the target memories.
	semantic	40	12.8%	✓yes	—none	Paraphrase sharing no rare tokens with the target memories.
	temporal	33	10.5%	—no	day <=	Correct answer depends on a range restriction the index cannot apply.
	provenance	40	12.8%	—no	sessionId =	An equality join on a foreign key. Text similarity is irrelevant to correctness.
	currency	40	12.8%	—no	supersededBy is null	Superseded restatements match the query text at least as well as the current one.
	aggregate	40	12.8%	—no	factId count	A cardinality question. Top-k truncation makes the answer wrong by construction.
	negation	40	12.8%	—no	supersededBy is null	The excluded rows are the highest-similarity rows.
	hybrid	40	12.8%	✓yes	—none	Rewards a retriever that can use both an exact token and a paraphrase.
	All classes	313	100.0%	120 of 313	


120 queries (38.3%) are similarity-expressible. The remaining 193 (61.7%) turn on a range restriction, a foreign-key equality, a null test or a count — four operators an embedding index does not have. That fraction, not any quality score, is the ceiling on a similarity-only store.

5.3 Validating the corpus before using it
A benchmark that claims “lexical queries share identifiers and semantic ones do not” should demonstrate it rather than assert it, because if the property fails, every downstream comparison measures nothing. Table 5 reports what the corpus actually has.

Table 5. Lexical and embedding evidence for each of the 8 query classes, measured over the 313 labelled queries and the 1,775 query–memory pairs their ground truth contains. Term overlap is the fraction of query terms present in a relevant memory; identifier overlap is the same fraction restricted to rare tokens (ticket and ADR identifiers); cosine is over the 384-dimensional Xenova/all-MiniLM-L6-v2 embedding. The final column records whether the class can be expressed as a similarity query at all.	Query class	Queries	Relevant / query	Term overlap	Identifier overlap	Mean cosine	Similarity-expressible
	lexical	40	2.60	32.2%	64.4%	0.277	✓yes
	semantic	40	1.77	58.6%	66.9%	0.738	✓yes
	temporal	33	2.64	22.5%	32.8%	0.400	—no
	provenance	40	24.10	3.3%	0.0%	0.204	—no
	currency	40	1.00	33.3%	100.0%	0.510	—no
	aggregate	40	7.00	11.9%	45.7%	0.251	—no
	negation	40	1.00	25.0%	100.0%	0.589	—no
	hybrid	40	4.72	30.2%	63.8%	0.627	✓yes
	Baseline — 400 random memory pairs	0.266	


Read the cosine column against the baseline row, not against 1.0: two unrelated memories already score 0.266, so a class carries embedding signal only to the extent it clears that floor. 2 of the 8 classes average at or below it (provenance, aggregate) — for those the embedding is not a weak signal, it is no signal, and no retriever built on it can be tuned into correctness.

The design holds where it needs to. Lexical queries share the target's identifier but sit at cosine 0.277, barely above the 0.2655 random-pair baseline — they name the record without describing it. Semantic queries invert exactly that: cosine 0.738 with an identifier overlap of 0.00. A retriever that wins one and loses the other is telling us about its access method, which is the point.
5.4 Instrumentation
One harness, tools/capture.mjs, drives every measurement into a single JSON document. Engines return an ordered list of memory ids and nothing else; precision, recall, MRR and nDCG are computed centrally, so no engine can flatter itself. Latency is the median of three timed runs after a warm-up. Embeddings are computed once and shared, so a retrieval difference can never be an embedding difference. Storage is read from the engines' own accounting — dbstat for SQLite, pg_class for Postgres — not from file sizes.
Both engines run without a server: SQLite through Node's built-in node:sqlite, and PostgreSQL through PGlite[11], a genuine Postgres 18.3 build compiled to WebAssembly. The whole study therefore reproduces from npm install, at the cost discussed in §10.





6. Results
6.1 Overall retrieval quality
Aggregated over all 313 queries at k=10, the ordering is already informative — and not the ordering the current literature would predict.

Table 6. Retrieval quality, latency and size for the 10 storage architectures, each measured over the same 313 queries against the same 8,282 memories at k = 10. Quality columns are means over all queries; latency is per query, measured end to end inside the process; size is the whole store on disk after the load. Bold marks the best value in each column — highest for quality, lowest for latency and size.	Engine	Index	nDCG@10	Recall	MRR	p50	p95	Bytes / memory	Total size
	JSONL fileappend-only text file	none	0.516	0.547	0.605	19.4 ms	25.7 ms	328	2.6 MB
	Flat vector indexin-process float array	vector	0.161	0.200	0.192	5.4 ms	6.3 ms	1,864	14.7 MB
	Vector index + post-filterin-process float array with metadata post-filter	vector	0.186	0.229	0.234	6.5 ms	7.5 ms	1,864	14.7 MB
	SQLite · B-tree onlySQLite (node:sqlite)	btree	0.668	0.629	0.835	3.8 ms	20.1 ms	429	3.4 MB
	SQLite · FTS5 inverted indexSQLite (node:sqlite)	inverted	0.723	0.653	0.886	0.44 ms	1.9 ms	498	3.9 MB
	SQLite · FTS5 + vectorsSQLite (node:sqlite)	hybrid	0.726	0.773	0.745	6.4 ms	11.0 ms	2,569	20.3 MB
	Postgres · B-tree onlyPostgreSQL 18.3 (PGlite)	btree	0.668	0.629	0.835	26.1 ms	152 ms	577	4.6 MB
	Postgres · GIN inverted indexPostgreSQL 18.3 (PGlite)	inverted	0.704	0.634	0.882	1.0 ms	23.3 ms	827	6.5 MB
	Postgres · pgvector HNSWPostgreSQL 18.3 (PGlite)	vector	0.393	0.346	0.420	1.5 ms	2.3 ms	3,927	31.0 MB
	Postgres · GIN + HNSW hybridPostgreSQL 18.3 (PGlite)	hybrid	0.700	0.742	0.735	2.7 ms	26.9 ms	4,177	33.0 MB


Bytes per memory is given as a plain byte count rather than through the size formatter: the column spans 328 B to 4,177 B, and switching half the column into kilobytes would break the comparison the column exists to support. All 10 configured engines completed the run.

Overall retrieval qualitynDCG@10, 313 queries
JSONL0.516
Vector0.161
Vector+filter0.185
SQLite B-tree0.668
SQLite FTS50.723
SQLite hybrid0.726
PG B-tree0.668
PG GIN0.704
PG HNSW0.393
PG hybrid0.700

nDCG by engine — the values drawn above.	Item	nDCG by engine
	JSONL	0.516
	Vector	0.161
	Vector+filter	0.185
	SQLite B-tree	0.668
	SQLite FTS5	0.723
	SQLite hybrid	0.726
	PG B-tree	0.668
	PG GIN	0.704
	PG HNSW	0.393
	PG hybrid	0.700


Figure 4. Every arm on the same corpus and the same labels. The two pure-similarity arms are last.

Median recall latencyp50, log scale
JSONL19.38 ms
Vector5.39 ms
Vector+filter6.46 ms
SQLite B-tree3.84 ms
SQLite FTS50.44 ms
SQLite hybrid6.41 ms
PG B-tree26.12 ms
PG GIN1.00 ms
PG HNSW1.53 ms
PG hybrid2.74 ms

p50 latency by engine (ms) — the values drawn above.	Item	p50 latency by engine (ms)
	JSONL	19.38
	Vector	5.39
	Vector+filter	6.46
	SQLite B-tree	3.84
	SQLite FTS5	0.44
	SQLite hybrid	6.41
	PG B-tree	26.12
	PG GIN	1.00
	PG HNSW	1.53
	PG hybrid	2.74


Figure 5. The unindexed file scan is 44.3× slower than an inverted index over the same 8,282 memories.


6.2 The central result: quality depends on the question
Aggregate scores hide the finding. Broken down by query class, the arms do not merely differ in degree — the ordering inverts, and each architecture has classes on which it is essentially unable to answer.

Columns marked “needs SQL” cannot be expressed as a top-k similarity search at all.	Row	lexical	semantic	temporalneeds SQL	provenanceneeds SQL	currencyneeds SQL	aggregateneeds SQL	negationneeds SQL	hybrid
	JSONLappend-only text file	0.61	0.55	0.27	0.01	1.00	0.17	1.00	0.49
	Vectorin-process float array	0.00	0.56	0.16	0.00	0.07	0.01	0.03	0.44
	Vector+filterin-process float array with metadata post-filter	0.00	0.56	0.32	0.01	0.07	0.06	0.03	0.44
	SQLite B-treeSQLite (node:sqlite)	0.61	0.55	0.41	0.54	1.00	0.71	1.00	0.49
	SQLite FTS5SQLite (node:sqlite)	0.79	0.65	0.47	0.56	1.00	0.71	1.00	0.55
	SQLite hybridSQLite (node:sqlite)	0.62	0.69	0.60	1.00	0.65	1.00	0.64	0.59
	PG B-treePostgreSQL 18.3 (PGlite)	0.61	0.55	0.41	0.54	1.00	0.71	1.00	0.49
	PG GINPostgreSQL 18.3 (PGlite)	0.82	0.61	0.40	0.56	1.00	0.71	1.00	0.49
	PG HNSWPostgreSQL 18.3 (PGlite)	0.00	0.50	0.18	1.00	0.04	1.00	0.01	0.37
	PG hybridPostgreSQL 18.3 (PGlite)	0.65	0.61	0.50	1.00	0.62	1.00	0.65	0.54


nDCG@100.001.00— not applicable

Figure 6. nDCG@10 by engine and query class. Reading down a marked column shows what a predicate is worth; reading across the Vector row shows what its absence costs.
Three things happen in that grid.
Pure similarity collapses on structural questions. Averaged over the 5 classes requiring a predicate, join or aggregate, Vector reaches 0.057 nDCG. Its provenance score — “everything I recorded during session S” — is 0.000, because the question has no similarity content whatsoever. The answer is defined by a foreign key.
The same index inside a DBMS recovers most of it. PG HNSW uses the identical embeddings and an HNSW graph, and averages 0.446 on those classes — reaching 1.000 on provenance, because the planner applies the predicate and the vector index is simply not consulted. What changed is not the retrieval; it is that a query language existed to state the constraint.
Adding a vector index can make things worse. On currency — “what is the current position on X” — the B-tree arms score 1.000, because superseded_by IS NULL is exactly the right answer. The hybrid arms score 0.621: rank fusion re-ranks away from a filter that was already correct. Hybrid retrieval is not uniformly better, and treating it as a default costs accuracy on precisely the questions a predicate settles.
The aggregate class makes the point without any ranking at all. Asked how many times a fact was recorded, 7 of the 10 arms return the exact cardinality — every arm with a SELECT COUNT(*) … GROUP BY. The file arms return none, and cannot: a top-k list truncated at 10 is the wrong shape of answer to a counting question.

6.3 Why dense retrieval fails on identifiers
The lexical column deserves its own explanation, because a score of 0.002 invites the reader to assume a bug. It is not a bug, and the mechanism is worth seeing.
In 100% of probed queries, the memory the embedding ranked first was a distractor — a record that mentions the identifier while explicitly disclaiming it. The memory that actually answered the question sat at a median rank of 271 out of 8,282.
The reason is structural. “What do we know about ADR-297?” is a question about a lookup, and the distractor is a sentence about a lookup. They share their grammatical shape, which is most of what survives mean-pooling into 384 dimensions. The identifier itself is a handful of subword pieces averaged in with everything else, and it carries almost no weight. An inverted index has the opposite bias: a rare term is the most informative thing in the query, which is why the same corpus yields 0.790 nDCG for BM25.

Why the nearest neighbour is the wrong memory6 probes · lexical class
Probe 1 of 61 relevant memory in the corpus
What do we know about ADR-297?

What the embedding ranked firstdistractor
rank 1 of 8,282
0.685
Checked ADR-297 while looking into something else; it was not related to ADR-292. No change made.

The first genuinely relevant memory6.75% down the ranking
rank 559 of 8,282
0.429
ADR-297: for idempotency handling in recommender-7 (SVC-5345) we chose no guarantee.








Probes are drawn from the lexical class, where the memory that answers the question contains the query’s identifier verbatim. Across them the top-ranked memory is a distractor — a memory with no fact behind it — in 100% of cases, and the first genuinely relevant memory sits at rank 271 on median. Shading marks a token the memory shares with the query; the accented shade marks a shared identifier. In 3 of 6 probes the nearest neighbour does not contain the queried identifier at all. Step through them and the failure is the same one every time: the nearest neighbour is a note about looking something up and finding nothing — a sentence built like the question — while the memory that answers it is a flat declaration of fact. The embedding is ranking the shape of the sentence, not what it is about. Cosine bars run 0—1 from a zero baseline.

What an access method physically isB-tree · inverted · HNSW
B-tree
balanced search tree over one ordered key
B-tree — ordered keys, one descent then a leaf walkinternal node — separator keys121903 · 07 · 11→ row pointers12 · 14 · 18→ row pointers19 · 22 · 27→ row pointersleaf pages — keys in order, chainedcreated_day BETWEEN 12 AND 19Descend once, then walk the chain.Cost is the answer, not the table.answers ranges and equalities on the indexed column, in key order
cannot anything about what the text says — the key is a value, not a meaning

Inverted index
term dictionary → posting lists
Inverted index — term dictionary and posting liststerm dictionaryposting lists — memory idslatencym14m61restartm07m14m88svc-4470m14m61m88timeoutm14m61∩MATCH 'svc-4470 AND timeout'Intersect the two lists → {m14, m61}.Rank the survivors by BM25.The dictionary holds strings, not meaning.answers documents containing given terms, ranked by term statistics
cannot a paraphrase that shares no term — nothing files it under the query's words

HNSW
layered proximity graph over vectors
HNSW — layered proximity graph and greedy descentlayer 2layer 1layer 0entryqORDER BY embedding <=> qCoarse layer first, then refine.answers approximate nearest neighbours of a query vector under cosine distance
cannot a predicate on any column — the graph never saw one, so filtering happens after



Highlighted in each panel: the traversal the structure was built to make cheap. Keys, terms and memory ids are schematic — these three panels are definitional, not measured. They are the reason the per-class results split the way they do: each structure answers exactly the query shape its traversal expresses, and degrades to a scan for every other shape.

Figure 7. What each access method physically is, and the question shape it cannot answer. The per-class results in Figure 6 follow from these three structures.
6.4 Metadata filtering does not close the gap
The obvious objection to §6.2 is that production vector stores support metadata filters. They do — but as a post-filter over an already-ranked candidate list, and that is a different operation from a predicate the planner may apply first.
With no overfetch, asking for 10 results returns 4.89 on average: 48.9% of the requested slots are filled, because the filter can only remove candidates, never introduce them. Raising the overfetch factor helps, but slowly and at a price — at ×128 the search touches 15.5% of the corpus to reach recall 0.225, which is to say it is becoming the sequential scan the index was adopted to avoid.

Post-filtering loses answersk = 10 · measured over 8 overfetch settings
Post-filtering a vector index — unfilled answer slots① nearest neighbours, ranked② predicate③ answer — k = 10 slotscosine rank ↓#1predicate fails — discarded#2predicate holds#3predicate fails — discarded#4predicate holds#5predicate holds#6predicate fails — discarded#7predicate fails — discarded#8predicate holds#9predicate fails — discarded#10predicate holds1filled from candidate #22filled from candidate #43filled from candidate #54filled from candidate #85filled from candidate #106empty — no candidate reaches this slot7empty — no candidate reaches this slot8empty — no candidate reaches this slot9empty — no candidate reaches this slot10empty — no candidate reaches this slot5 of 10slots emptymeasured — mean answer slots filled, of k = 10overfetch ×1 · 10 fetched4.89recall 8.9%overfetch ×128 · 1,280 fetched7.01recall 22.5%Fetching 128× more candidates still leaves 2.99 of 10 slots empty.
Measured post-filtering over a vector index at k = 10: candidates fetched, mean answer slots filled, slot fill rate, recall, and the fraction of the corpus scanned, per overfetch multiplier.	Overfetch multiplier	Candidates fetched	Mean slots filled (of 10)	Slot fill rate (%)	Recall (%)	Corpus scanned (%)
	1	10	4.89	48.9%	8.9%	0.12%
	2	20	5.59	55.9%	12.1%	0.24%
	4	40	5.92	59.2%	13.5%	0.48%
	8	80	6.01	60.1%	14.1%	0.97%
	16	160	6.09	60.9%	14.8%	1.93%
	32	320	6.26	62.6%	16.8%	3.86%
	64	640	6.46	64.6%	18.1%	7.73%
	128	1,280	7.01	70.0%	22.5%	15.46%


Which candidates satisfy the predicate is schematic; how many of them do is measured — 4.89 of 10, rounded to 5 survivors in the drawing. The index ranks on cosine alone, so the predicate can only be applied to what it already returned: every discarded candidate is a slot the answer never fills. Overfetching buys back 2.12 slots and 13.6% of recall for 15.5% of the corpus scanned per query. Mean latency does not order with overfetch across the 8 settings (7.3 ms–7.7 ms), so at this corpus size the price is paid in recall rather than in time. Pushing the predicate below the index instead of above it is the only version of this that terminates.

Figure 8. Post-filtering against a selective predicate. The slots are allocated by similarity before the constraint is consulted, so the constraint can only empty them.
Table 7. Retrieving k × overfetch rows by similarity and discarding those that fail the predicate, swept across 8 overfetch factors on the 8,282-memory corpus at k = 10. Slot fill rate is the mean number of surviving rows divided by k; scanned is the fraction of the corpus the fetch had to touch. Latency is the mean over all queries in the sweep.	Overfetch	Rows fetched	Slot fill rate	Recall	Mean latency	Corpus scanned
	1×	10	48.9%	8.9%	7.5 ms	0.12%
	2×	20	55.9%	12.1%	7.7 ms	0.24%
	4×	40	59.2%	13.5%	7.7 ms	0.48%
	8×	80	60.1%	14.1%	7.3 ms	0.97%
	16×	160	60.9%	14.8%	7.5 ms	1.93%
	32×	320	62.6%	16.8%	7.4 ms	3.86%
	64×	640	64.6%	18.1%	7.6 ms	7.73%
	128×	1,280	70.0%	22.5%	7.6 ms	15.46%


Work grows exactly with overfetch — 10 rows to 1,280, 128× — while recall moves from 8.9% to 22.5%. At the last point the fetch already touches 15.5% of the corpus and 29.9% of the k slots are still empty: overfetching buys a diminishing amount of the answer, because the filter can only remove rows the index already ranked, never recover one it did not.

6.5 What the planner actually did
The claim that a DBMS “uses an index” is checkable. Both engines report their plans, and the harness captures one per query class per engine. Two are worth reading side by side.

PG GIN · provenanceEXPLAIN ANALYZE
Limit (actual 0.244 ms, rows 4, buffers 15h/0r)
  Sort (actual 0.241 ms, rows 4, buffers 15h/0r)
    Bitmap Heap Scan on memory (actual 0.232 ms, rows 4, buffers 15h/0r)
      BitmapAnd (actual 0.177 ms, rows 0, buffers 11h/0r)
        Bitmap Index Scan using ix_memory_session (actual 0.011 ms, rows 33, buffers 2h/0r)
        Bitmap Index Scan using ix_memory_ts (actual 0.162 ms, rows 1601, buffers 9h/0r)

SQLite FTS5 · provenanceEXPLAIN QUERY PLAN
SCAN memory_fts VIRTUAL TABLE INDEX 0:M1
SEARCH m USING INTEGER PRIMARY KEY (rowid=?)
USE TEMP B-TREE FOR ORDER BY


Figure 9. The same question, two engines. Both resolve the session predicate through a B-tree rather than scanning, which is why both answer a class the similarity arms score near zero on.
6.6 Storage economics
The corpus is 784.4 KB of text. What the architectures cost to store it varies by more than an order of magnitude, and the reason is entirely the embeddings.

Where the bytes go8,282 memories · 384-d embeddings
heap (the rows)B-treeinvertedvector (embeddings + graph)
On-disk bytes per engine, segmented by storage kind05101520253035on-disk bytes (MB, 2²⁰)FILE STOREJSONL2.6 MBVector82% embeddings14.7 MBVector+filter82% embeddings14.7 MBEMBEDDED DBMSSQLite B-tree3.4 MBSQLite FTS53.9 MBSQLite hybrid80% embeddings20.3 MBSERVER DBMSPG B-tree4.6 MBPG GIN6.5 MBPG HNSW84% embeddings31.0 MBPG hybrid79% embeddings33.0 MB
On-disk bytes per engine, split by storage kind. Heap is the rows themselves; B-tree, inverted and vector are the index structures over them. Bytes, not megabytes.	Engine	Family	heap (bytes)	btree (bytes)	inverted (bytes)	vector (bytes)	Total (bytes)
	JSONL file	File store	2,716,820	0	0	0	2,716,820
	Flat vector index	File store	2,716,821	0	0	12,721,152	15,437,973
	Vector index + post-filter	File store	2,716,821	0	0	12,721,152	15,437,973
	SQLite · B-tree only	Embedded DBMS	2,174,976	1,380,352	0	0	3,555,328
	SQLite · FTS5 inverted index	Embedded DBMS	2,174,976	1,380,352	565,248	0	4,120,576
	SQLite · FTS5 + vectors	Embedded DBMS	2,174,976	1,536,000	565,248	17,002,496	21,278,720
	Postgres · B-tree only	Server DBMS	3,031,040	1,744,896	0	0	4,775,936
	Postgres · GIN inverted index	Server DBMS	4,603,904	1,744,896	499,712	0	6,848,512
	Postgres · pgvector HNSW	Server DBMS	3,031,040	2,023,424	0	27,467,776	32,522,240
	Postgres · GIN + HNSW hybrid	Server DBMS	4,603,904	2,023,424	499,712	27,467,776	34,594,816


One zero-based axis across all 10 arms, so bar length is comparable between rows and not only within one. Sizes are what each engine reports on disk after load — byte-exact for the file arms, page-granular for SQLite and Postgres. Heap segments are not comparable across families, because a JSONL line is JSON text and a table row is typed columns; the index segments are what this figure is about. The result it exists for: on every arm that carries embeddings the vector segment is roughly four fifths of the store, so the cost of semantic recall is paid in storage before a single query runs.

Figure 10. Bytes by role. At 384 dimensions in float32, one vector is 1536 bytes — larger than the memory it describes, which averages 25.4 tokens.
Table 8. On-disk size of each store after loading 8,282 memories, with every relation and index attributed to one of four kinds and summed. Heap is row storage, B-tree covers primary keys and secondary indexes, inverted is the full-text index, vector is the embedding column plus any nearest-neighbour index over it. The four kinds sum exactly to the total. Vector share is that column as a fraction of the total.	Engine	Heap	B-tree	Inverted	Vector	Total	Vector share	Bytes / memory
	JSONL filefile-jsonl	2.6 MB	—none	—none	—none	2.6 MB	—none	328
	Flat vector indexfile-vec	2.6 MB	—none	—none	12.1 MB	14.7 MB	82.4%	1,864
	Vector index + post-filterfile-vec-meta	2.6 MB	—none	—none	12.1 MB	14.7 MB	82.4%	1,864
	SQLite · B-tree onlysqlite-btree	2.1 MB	1.3 MB	—none	—none	3.4 MB	—none	429
	SQLite · FTS5 inverted indexsqlite-fts	2.1 MB	1.3 MB	552.0 KB	—none	3.9 MB	—none	498
	SQLite · FTS5 + vectorssqlite-hybrid	2.1 MB	1.5 MB	552.0 KB	16.2 MB	20.3 MB	79.9%	2,569
	Postgres · B-tree onlypg-btree	2.9 MB	1.7 MB	—none	—none	4.6 MB	—none	577
	Postgres · GIN inverted indexpg-gin	4.4 MB	1.7 MB	488.0 KB	—none	6.5 MB	—none	827
	Postgres · pgvector HNSWpg-hnsw	2.9 MB	1.9 MB	—none	26.2 MB	31.0 MB	84.5%	3,927
	Postgres · GIN + HNSW hybridpg-hybrid	4.4 MB	1.9 MB	488.0 KB	26.2 MB	33.0 MB	79.4%	4,177


The total is the sum of the measured relation and index sizes. The Postgres arms also report a whole-cluster figure, which includes the catalogue, the write-ahead log and free space and is therefore not comparable across families: pg-btree 42.9 MB, pg-gin 60.9 MB, pg-hnsw 101.6 MB, pg-hybrid 103.6 MB.

SQLite · FTS5 inverted index holds the corpus in 497.5 bytes per memory; Postgres · GIN + HNSW hybrid needs 4177.1, a factor of 8.4. For an agent whose memory grows monotonically, that ratio is the difference between a store that fits on the machine and one that does not — and §6.2 shows the vectors buying quality on one class out of 8.

6.7 Durability under crash
Retrieval quality is the interesting half of the problem; not losing the memory is the necessary half. We killed each writer with an uncatchable signal partway through sustained writes, then reopened the store and asked what survived. The clock starts only after the store holds a durable baseline, so this measures a crash during writing rather than during initialisation.

Table 9. 68 kill trials across 4 store designs. Each trial seeds the store, writes until it reaches steady state, kills the process without warning, then reopens and reads. Caught mid-write counts trials where the kill landed during a write; reopened counts trials where the store opened again at all; unreadable counts trials where it did not. Records durable is the mean number of rows still present after reopening.	Store	Trials	Caught mid-write	Reopened	Unreadable	Records durable	Outcome
	file-append	20	20	20	0	154,030	append-only survived: every line still parses
	file-rewrite	20	20	17	3	17,043	the kill happened between rewrites, so this document parsed
	sqlite	20	20	20	0	70,223	recovered to a committed boundary; integrity_check = ok
	postgres	8	8	8	0	10,719	WAL replayed on open; only committed transactions present


Records durable is not comparable across rows: each design was seeded to its own steady state, so the count reflects write throughput before the kill rather than how much was preserved. What is comparable is the unreadable column, and the outcome text beside it. Where the engine offers its own consistency check the result is recorded: sqlite → ok.

The honest result is that append-only files are fine. Across 20 kills the JSONL store never lost a parseable line: appending is close to atomic at these sizes, and the failure mode is a missing tail rather than a corrupt file.
The common file pattern is not fine. Holding memory as one JSON document and rewriting it on every change means the file is briefly neither the old state nor the new one — and in 3 of 20 trials the crash landed inside that window and left a document that no longer parses. The loss is not the last record. It is all 17,043 of them, because the store is a single value.
Both DBMS arms recovered to a committed boundary in every trial, with SQLite's integrity_check returning ok and Postgres replaying its write-ahead log[4] on open. This is not a surprising result; it is a fifty-year-old result[5]. It is included because the architecture that gets it wrong is the one currently in widest use.

6.8 Concurrency
Agents increasingly run as fleets sharing one memory. We ran 8 concurrent writers performing 25 increments each on the same record, in-process for every family so the result isolates the concurrency-control mechanism rather than the deployment model.

Table 10. 8 concurrent writers, 25 increments each, against a single counter in each of 3 stores. Expected is writers × rounds; observed is the value read back after every writer finished; lost is the difference. The mechanism column names what did — or did not — order the two writers.	Store	Expected	Observed	Lost	Lost share	Mechanism
	file	200	25	175	87.5%	read-modify-write of the whole document; last write wins
	sqlite	200	200	0	0.0%	UPDATE ... SET hits = hits + 1, serialised by the engine
	postgres	200	200	0	0.0%	UPDATE under MVCC; the row lock orders the two writers



The file store lost 175 of 200 updates — 87.5%. It is the textbook lost-update anomaly[3], and it arrives here for the textbook reason: read the document, modify a field, write the document back, and whoever writes last erases everyone else. Both DBMS arms lost nothing, expressing the same edit as a single statement whose atomicity the engine guarantees.

6.9 The normalisation anomaly, as contradiction
This is where the database-theory chapter stops being theoretical. In our corpus a fact is restated across 3.69 memories on average and up to 15. When the fact changes, a normalised schema updates one row in FACT. A denormalised store must find and rewrite every restatement.
An agent does not rewrite every restatement. It rewrites what it retrieved — at most 10 rows. Across 120 probed facts a top-10 repair reached 1.53 of 4.2 restatements, leaving 63.5% still asserting the old value.
Those rows do not sit inertly on disk. They match the same queries they always did, so the agent retrieves them, reads them as confident statements of fact, and acts on them. An update anomaly in an agent's memory does not present as a data-quality metric. It presents as an agent that contradicts itself.

Table 11. The cost of a corrected fact, over the 2,500 facts and 8,282 memories of the corpus. A restatement is a later memory that supersedes an earlier one about the same fact. The third block assumes a repair pass that rewrites every row a top-k retrieval returns and gets every one of them right; what it leaves stale is what retrieval never showed it.	Measure	Value
	Restatements per fact — 1,695 facts restated at least once
	Mean	3.69
	Median	3
	90th percentile	8
	Maximum	15
	Rows a single correction must update
	Normalised — the fact is stored once	1
	Denormalised — mean over restated facts	3.69
	Denormalised — worst case observed	15
	Repair through top-k retrieval — k = 10, 120 facts probed
	Restatements a fact has, mean	4.20
	Restatements top-k reaches, mean	1.53
	Left stale after a perfect repair	63.5%


Table 11, continued. 12 sampled facts from the probe, showing how much of each fact’s history a single top-10 retrieval reaches. Stale is restatements minus reached — rows a repair driven by that retrieval would never see.	Fact	Restatements	Reached by top-10	Left stale	Stale share
	F-inc-INC-2356	4	2	2	50.0%
	F-inc-INC-3268	3	3	0	—none
	F-adr-ADR-385	3	2	1	33.3%
	F-run-RUN-481	2	2	0	—none
	F-run-RUN-455	4	2	2	50.0%
	F-cfg-CFG-1566	2	1	1	50.0%
	F-inc-INC-2809	2	2	0	—none
	F-inc-INC-4135	2	2	0	—none
	F-cfg-CFG-1637	2	1	1	50.0%
	F-cfg-CFG-1222	3	1	2	66.7%
	F-own-PER-231	8	4	4	50.0%
	F-cfg-CFG-713	4	1	3	75.0%


A normalised store updates 1 row and the correction is complete. Copying the fact into every memory that mentions it turns the same correction into 3.69 rows on average and 15 at worst — and since top-10 retrieval reaches only 1.53 of the 4.20 rows a fact occupies, 63.5% of them stay wrong however good the repair is.

6.10 The context-window budget
Retrieval is not free at the point of use. Everything returned is pasted into a context window and paid for per token, so the right question is not “which arm scores highest” but “which arm scores highest per token spent”.

Quality against context costk ∈ {1, 3, 5, 10, 20, 50}
nDCG@k against Mean tokens returned, traced over k0.00.20.40.60.81.005001k1.5k11111351020501351020501111SQLite hybridSQLite FTS5PG hybridPG GINSQLite B-treePG B-treeJSONLPG HNSWVector+filterVectorMean tokens returnednDCG@k
Every marker is one measured budget. k is printed in full on the highlighted arms and at the smallest budget on the rest; each line ends at its largest k.
nDCG@k and Mean tokens returned at each retrieval budget k — the values drawn above.	Engine	k	Mean tokens returned	nDCG@k
	JSONL	1	33.0	0.527
	JSONL	3	87.0	0.514
	JSONL	5	128	0.515
	JSONL	10	221	0.516
	JSONL	20	409	0.519
	JSONL	50	987	0.530
	Vector	1	25.0	0.150
	Vector	3	76.0	0.138
	Vector	5	127	0.151
	Vector	10	254	0.161
	Vector	20	509	0.178
	Vector	50	1,270	0.195
	Vector+filter	1	18.0	0.166
	Vector+filter	3	56.0	0.155
	Vector+filter	5	93.0	0.168
	Vector+filter	10	189	0.186
	Vector+filter	20	379	0.209
	Vector+filter	50	943	0.236
	SQLite B-tree	1	31.0	0.770
	SQLite B-tree	3	70.0	0.729
	SQLite B-tree	5	96.0	0.706
	SQLite B-tree	10	145	0.668
	SQLite B-tree	20	238	0.645
	SQLite B-tree	50	523	0.652
	SQLite FTS5	1	30.0	0.866
	SQLite FTS5	3	72.0	0.792
	SQLite FTS5	5	103	0.763
	SQLite FTS5	10	167	0.723
	SQLite FTS5	20	292	0.713
	SQLite FTS5	50	703	0.716
	SQLite hybrid	1	25.0	0.559
	SQLite hybrid	3	79.0	0.704
	SQLite hybrid	5	128	0.721
	SQLite hybrid	10	243	0.726
	SQLite hybrid	20	459	0.730
	SQLite hybrid	50	1,035	0.743
	PG B-tree	1	31.0	0.770
	PG B-tree	3	70.0	0.729
	PG B-tree	5	96.0	0.706
	PG B-tree	10	145	0.668
	PG B-tree	20	238	0.645
	PG B-tree	50	523	0.652
	PG GIN	1	30.0	0.856
	PG GIN	3	77.0	0.771
	PG GIN	5	114	0.747
	PG GIN	10	192	0.704
	PG GIN	20	340	0.686
	PG GIN	50	782	0.685
	PG HNSW	1	25.0	0.396
	PG HNSW	3	76.0	0.377
	PG HNSW	5	124	0.385
	PG HNSW	10	240	0.393
	PG HNSW	20	453	0.405
	PG HNSW	50	836	0.413
	PG hybrid	1	26.0	0.553
	PG hybrid	3	81.0	0.690
	PG hybrid	5	132	0.698
	PG hybrid	10	255	0.700
	PG hybrid	20	485	0.699
	PG hybrid	50	1,050	0.711


Figure 11. Each line is one architecture swept over k. Up and to the left is better: more quality for fewer tokens.


What a context window buyscorpus 210,568 tokens · 8,282 memories
Return top k
Every engine at k = 10: the mean number of tokens a recall returns, and the ranking quality those tokens buy. Token bars share a 0—1,500 axis across all values of k; nDCG bars run 0—1. Both from zero.	Engine	Index	Mean tokens returned	nDCG@10	Tokens per unit nDCG
	JSONL	none	221	0.516	428
	Vector	vector	254	0.161	1,576
	Vector+filter	vector	189	0.185	1,019
	SQLite B-tree	btree	145	0.668	217
	SQLite FTS5	inverted	167	0.723	231
	SQLite hybrid	hybrid	243	0.726	335
	PG B-tree	btree	145	0.668	217
	PG GIN	inverted	192	0.704	273
	PG HNSW	vector	240	0.393	611
	PG hybrid	hybrid	255	0.700	364





The whole corpus is 210,568 tokens. At k = 10 the most expensive arm returns 255 of them — 0.12% of everything the agent has ever written — and that is the budget a model actually pays for. The last column divides the two: how many tokens each arm spends per unit of ranking quality, which is the number to read when k stops improving nDCG and only keeps growing the bill.

6.11 Scaling
Every architecture was rebuilt and re-measured at 609, 1,995, 8,282, 33,197 memories. The unindexed arms degrade linearly, as they must; the indexed arms do not.

Recall latency against corpus sizep50, log-log
p50 latency (ms) against Memories0.010.101101005001k2k5k10k20k50kJSONLSQLite hybridVectorSQLite FTS5PG hybridPG GINMemories · log scalep50 latency (ms) · log scale
p50 latency (ms) against Memories, per engine — the values drawn above.	Engine	Memories	p50 latency (ms)
	JSONL	609	2
	JSONL	1,995	5
	JSONL	8,282	20
	JSONL	33,197	74
	Vector	609	0.44
	Vector	1,995	1
	Vector	8,282	6
	Vector	33,197	25
	SQLite FTS5	609	0.07
	SQLite FTS5	1,995	0.12
	SQLite FTS5	8,282	0.45
	SQLite FTS5	33,197	6
	SQLite hybrid	609	0.59
	SQLite hybrid	1,995	2
	SQLite hybrid	8,282	7
	SQLite hybrid	33,197	34
	PG GIN	609	0.72
	PG GIN	1,995	1
	PG GIN	8,282	1
	PG GIN	33,197	0.82
	PG hybrid	609	3
	PG hybrid	1,995	3
	PG hybrid	8,282	3
	PG hybrid	33,197	3


Figure 12. A scan is linear in the corpus. An index is not.

Bytes per memory against corpus sizelog-linear
Bytes per memory against Memories01k2k3k4k5k5001k2k5k10k20k50kPG hybridSQLite hybridPG GINSQLite FTS5JSONLMemories · log scaleBytes per memory
Bytes per memory against Memories, per engine — the values drawn above.	Engine	Memories	Bytes per memory
	JSONL	609	326
	JSONL	1,995	327
	JSONL	8,282	328
	JSONL	33,197	330
	SQLite FTS5	609	673
	SQLite FTS5	1,995	550
	SQLite FTS5	8,282	498
	SQLite FTS5	33,197	494
	SQLite hybrid	609	2,758
	SQLite hybrid	1,995	2,626
	SQLite hybrid	8,282	2,569
	SQLite hybrid	33,197	2,565
	PG GIN	609	1,184
	PG GIN	1,995	924
	PG GIN	8,282	827
	PG GIN	33,197	800
	PG hybrid	609	4,587
	PG hybrid	1,995	4,316
	PG hybrid	8,282	4,177
	PG hybrid	33,197	4,136


Figure 13. Per-memory storage is roughly constant; the gap between arms is the embedding, not the data.


Table 12. 5 architectures re-measured at 4 corpus sizes, each a fresh load and a fresh query set drawn from the same generator, chosen so that each column is a different design rather than a different tuning of the same one. Rows are scales, labelled by the memories actually produced; columns are engines. The upper block is median query latency, the lower block is store size per memory — the two costs that grow for different reasons.	Scale	JSONL	SQLite FTS5	SQLite hybrid	PG GIN	PG hybrid
	Median query latency, p50 — 10 results per query
	609 memoriestarget 500 · 94 queries	2.3 ms	0.07 ms	0.59 ms	0.72 ms	2.7 ms
	1,995 memoriestarget 2,000 · 91 queries	5.3 ms	0.12 ms	2.0 ms	1.3 ms	3.4 ms
	8,282 memoriestarget 8,000 · 313 queries	19.5 ms	0.45 ms	6.7 ms	1.3 ms	3.4 ms
	33,197 memoriestarget 32,000 · 92 queries	74.5 ms	6.4 ms	34.0 ms	0.82 ms	3.2 ms
	Store size, bytes per memory
	609 memoriestarget 500 · 94 queries	326	673	2,758	1,184	4,587
	1,995 memoriestarget 2,000 · 91 queries	327	550	2,626	924	4,316
	8,282 memoriestarget 8,000 · 313 queries	328	498	2,569	827	4,177
	33,197 memoriestarget 32,000 · 92 queries	330	494	2,565	800	4,136


Every arm completed every scale; no cell is marked failed. Latency and size are therefore comparable down each column as well as across each row.

The ingest side carries the opposite lesson. Building an inverted index is cheap; building an HNSW graph is not, and neither is writing 384-dimensional vectors through a query protocol. That cost is paid once per memory rather than once per recall, which is the right trade for a store written far less often than it is read — but it is not free, and for a memory that is written on every turn it is the dominant term.





7. Retrieval as a query, not as code
One result deserves separating from the measurements, because it is about what the architecture makes expressible rather than what it makes fast.
Hybrid retrieval is normally application code: run the keyword search, run the vector search, merge the two ranked lists, apply the filters, return the top k. In the Postgres arm none of that code exists. The entire strategy — both indexes, the structural predicate, reciprocal rank fusion[8] and the truncation — is one statement the planner optimises as a unit.

Postgres · GIN + HNSW hybrid — the whole retrieval strategygenerated by engines/postgres.mjs
SELECT m.memory_id FROM memory m WHERE m.ts @@ to_tsquery('english', $1) AND m.created_day <= $2
          ORDER BY ts_rank_cd(m.ts, to_tsquery('english', $3)) DESC LIMIT 10

This matters for a reason beyond elegance. Retrieval strategy is the part of an agent that changes most often — a new filter, a different weighting, a recency term. Expressed as a query it is data the engine re-plans against current statistics. Expressed as application code it is a merge loop that has to be rewritten, re-tested, and kept consistent with whatever the store is doing.





8. Explore the evidence
The three panels below are the dataset rather than a summary of it: the recorded output of each architecture on each query class, the schema as measured, and the quality-per-token trade at every k.

What each query class asks for8 classes · 313 queries
lexical40 queries · 12.8% of the set
structural predicate: noneexpressible by similarity
What do we know about ADR-297?
Rare identifier present verbatim in the target memories.



nDCG@10 on this class0 — 1
PG GIN0.817
SQLite FTS50.790
PG hybrid0.651
SQLite hybrid0.625
JSONL0.606
SQLite B-tree0.606
PG B-tree0.606
Vectorsim0.002
Vector+filtersim0.002
PG HNSW0.000



nDCG at k = 10 for every engine on lexical queries, best first.	Engine	Index	Retrieval	nDCG
	Postgres · GIN inverted index	inverted	predicates evaluated during retrieval	0.817
	SQLite · FTS5 inverted index	inverted	predicates evaluated during retrieval	0.790
	Postgres · GIN + HNSW hybrid	hybrid	predicates evaluated during retrieval	0.651
	SQLite · FTS5 + vectors	hybrid	predicates evaluated during retrieval	0.625
	JSONL file	none	predicates evaluated during retrieval	0.606
	SQLite · B-tree only	btree	predicates evaluated during retrieval	0.606
	Postgres · B-tree only	btree	predicates evaluated during retrieval	0.606
	Flat vector index	vector	similarity only	0.002
	Vector index + post-filter	vector	similarity only	0.002
	Postgres · pgvector HNSW	vector	predicates evaluated during retrieval	0.000



Bars are nDCG@10 on the selected class alone, on a 0—1 axis from a zero baseline; colour repeats the storage family used throughout the paper. sim marks an arm that ranks by vector distance and cannot evaluate the predicate during retrieval — post-filtering counts, because a filter can only remove rows the index already ranked. Change the class and the ranking changes with it — not the spacing between the arms, the order of them. No arm here is best on every class, so where an engine sits is a property of the question being asked and not of the index answering it.

8.1 The schema, as executed
The schema, table by table7 tables · 7 relationships
memoryweak entity
One thing the agent wrote down. Existence-dependent on its session.
PK (memory_id)natural key (session_id, turn_no)partial key turn_noidentified by session

Attributes of memory in declaration order. No units — this table is definitional.	Attribute	Type	Key	Notes
	memory_id	text	PK	—
	session_id	text	FK → session	natural key
	turn_no	integer	—	partial key
	seq	integer	—	—
	kind	text	—	discriminator
	body	text	—	—
	fact_id	text	FK → fact	nullable
	created_day	integer	—	—
	source	text	—	—
	confidence	real	—	—
	superseded_by	text	FK → memory	recursive · nullable


Specialization on kind — disjoint, total	episodic — Something that happened, tied to a time and a session.
	semantic — A standing fact about the world, time-independent.
	procedural — An ordered way of doing something.



postgres · memoryDDL executed by the loader
CREATE TABLE memory (
  memory_id TEXT NOT NULL,
  session_id TEXT NOT NULL,
  turn_no INTEGER NOT NULL,
  seq INTEGER NOT NULL,
  kind TEXT NOT NULL,
  body TEXT NOT NULL,
  fact_id TEXT,
  created_day INTEGER NOT NULL,
  source TEXT NOT NULL,
  confidence REAL NOT NULL,
  superseded_by TEXT,
  PRIMARY KEY (memory_id),
  FOREIGN KEY (session_id) REFERENCES session(session_id),
  FOREIGN KEY (fact_id) REFERENCES fact(fact_id),
  FOREIGN KEY (superseded_by) REFERENCES memory(memory_id)
)








Everything here is read out of the schema declaration the loaders execute, not written alongside it: the attributes, the keys and the statement below them come from the same source, so a table cannot be documented one way and created another. The DDL shown is the Postgres dialect, matched to the table by the name in its own CREATE TABLE statement.





QR code linking to dbms-memory.khe.moneySection 8 is interactive
The query-class explorer, the dense-retrieval forensics and the schema browser are things you operate rather than read. Scan the code, or visit dbms-memory.khe.money.






9. Discussion
9.1 A vector index is not a memory system
The strongest reading of our results is not that vector search is bad. On paraphrase it is the best tool available, and it is the only arm that finds a memory sharing no words with the query. The error is one of scope: a vector index is one access method, and agent memory needs several.
61.7% of our workload is decided by a predicate, a join or an aggregate. Those are not exotic queries — they are “what did we decide before the migration”, “what came out of that session”, “what is still true”, “how many times did this come up”. A system whose only operation is top-k similarity cannot express them, and the failure is silent: it returns ten plausible memories and no indication that the question was not the one it answered.
9.2 What a DBMS actually contributes
Our results separate into two kinds, and they are worth keeping apart.
The retrieval results are contingent. They depend on our corpus, our embedding model and our query mix; a different domain would move them. A reader is entitled to discount them.
The integrity results are not contingent in the same way. A store with no transaction will lose concurrent updates; a store that rewrites a single document has no commit boundary to recover to; a store that repeats a fact in 3.69 places cannot correct it atomically. These follow from the architecture, not from the workload. They are also the results that current practice most consistently ignores.
9.3 The recommendation is smaller than “use Postgres”
SQLite · FTS5 + vectors scored highest overall at 0.726. We would not recommend it as a default. SQLite · FTS5 inverted index reached 0.723 — 0.5% lower — at 0.44 ms median latency, 8.4× less storage, no embedding model and no server. For a single agent on one machine that is the better engineering.
The case for the server arm is the case for concurrency, for a real planner, and for expressing retrieval as a query rather than as code. The case for the vectors is narrower still: they earn their 8.4× storage on paraphrase recall and, on our corpus, nowhere else.
The general lesson is the one the normalisation ladder in §4.2 already states. Agent memory has a schema whether or not anyone writes it down. Writing it down is what makes the questions answerable.





10. Threats to validity
The corpus is synthetic. This is the most important caveat. Real agent transcripts are private, and non-circular relevance labels require knowing which fact each memory restates — which means generating the memories from the facts. We accept the trade and mitigate it by validating the corpus before using it (§5.3, Table 5) rather than assuming its properties. Absolute scores should not be read as predictions for any deployed system; the comparison between arms on identical data is what we claim.
The distractors are adversarial by construction. 15% of the corpus mentions an identifier while asserting nothing about it, and those records share the grammatical shape of a lookup question. That design is why dense retrieval scores as low as it does on the lexical class. We think the pattern is realistic — agents write “checked X, unrelated” constantly — but a corpus without it would narrow the gap, and the 0.002 figure should be read as the behaviour under adversarial-but-plausible distractors rather than a universal constant.
One embedding model, one dimensionality. All similarity results use Xenova/all-MiniLM-L6-v2 at 384 dimensions. A larger model, or one trained with identifier-aware objectives, would score better on the lexical class. The structural classes would not move at all, because their failure is representational rather than a matter of embedding quality.
PGlite is Postgres in WebAssembly. The SQL semantics, planner, MVCC and WAL are genuine PostgreSQL 18.3, which is what our correctness claims rest on. The absolute latencies are not those of a native server: WASM is slower and single-threaded, so the Postgres arms are penalised on timing relative to a real deployment. Where we compare engines on latency we say so; the structural results do not depend on it.
Concurrency was measured in-process. Running the file store across processes and PGlite in one would have confounded concurrency control with the deployment model. The lost-update result therefore isolates the mechanism, and says nothing about throughput under real multi-process contention.
Recency happens to substitute for currency. The file arm scores well on the currency class, but not because it models supersession — it breaks ties by recency, and in our corpus the correction is always the newest memory. That coincidence is a property of the generator. It would fail the moment a superseded memory were touched again, and the arm has no way to express the constraint that would make it robust.
Single machine, single run. All measurements come from one 16-core machine on win32/x64. Latency medians are over three timed runs per query; they are not a substitute for a benchmarking harness with isolation and repetition across machines.





11. Related work
The database side of this paper is textbook and deliberately so. The relational model[1], the entity-relationship model[2], normalisation and the transaction[3] are settled results; our contribution is applying them to a workload that has grown up without them, and measuring what their absence costs. Recovery follows ARIES[5]; the ranking baseline is BM25[14]; fusion uses reciprocal rank fusion with the original constant rather than a tuned one[8], since a tuned constant would let the hybrid arm win by fitting our corpus.
On the agent side, retrieval-augmented generation[15] established the pattern of fetching text into a context window, and the systems that followed — MemGPT[16] with its paged memory hierarchy, and the generative-agent architecture[13] with its retrieval scored on recency, importance and relevance — both treat memory as a storage problem. Neither is evaluated as a database: we are not aware of prior work measuring agent memory for durability under crash, for lost updates under concurrent writers, or for the update anomaly that follows from storing an unnormalised fact.
Approximate nearest-neighbour search over HNSW[9] and its integration into a relational engine through pgvector[10] are what make the hybrid arm possible at all; the observation that filtered vector search interacts badly with post-filtering is known in that literature, and §6.4 quantifies it for this workload.





12. Conclusion
An agent's memory is a database, and building it without one costs more than performance. Across 10 architectures on 8,282 memories and 313 labelled queries we find that 61.7% of a realistic recall workload cannot be expressed as similarity search at all; that dense retrieval is near-random on the identifier queries agents ask most (0.002 against 0.790 nDCG for an inverted index); that eight concurrent writers cost a file store 87.5% of its updates while costing both DBMS arms nothing; and that a fact restated 3.69 times cannot be corrected by retrieval, leaving 63.5% of its restatements contradicting the agent's current belief.
None of the database results are new. Codd[1], Chen[2] and Gray[3] settled them decades ago. What is new is the setting: a class of system that writes records, indexes them, queries them under a budget and must survive a crash — and that has largely been built as though none of that work had happened. The useful contribution of this paper is not a new architecture. It is a measurement of how much the old one is still worth.
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Appendix A. Reproduction
Everything regenerates from one command. No database server, no API key and no network access at measurement time — the embedding model and both engines are local.

regenerate everything
git clone https://github.com/HKTITAN/dbms-agent-memory
cd dbms-agent-memory && npm install

npm run paper   # corpus -> embed -> capture -> qr -> build -> pdf -> epub


npm run capture alone rebuilds the dataset every figure reads. It runs the 10 architectures over the main corpus, the post-filter sweep, the scaling sweep at 4 sizes, the crash trials, the lost-update test and the anomaly probe, and writes data/capture.json. Total runtime is dominated by the Postgres arms.

Appendix B. Schema DDL
Generated from engines/schema.mjs — the same declaration the ER diagram in Figure 2 renders from, so the diagram and the executed schema cannot disagree.

PostgreSQL7 relations, 5 secondary indexes
CREATE TABLE agent (
  agent_id TEXT NOT NULL,
  model TEXT NOT NULL,
  family TEXT NOT NULL,
  PRIMARY KEY (agent_id)
);

CREATE TABLE session (
  session_id TEXT NOT NULL,
  agent_id TEXT NOT NULL,
  started_day INTEGER NOT NULL,
  PRIMARY KEY (session_id),
  FOREIGN KEY (agent_id) REFERENCES agent(agent_id)
);

CREATE TABLE entity (
  entity_id TEXT NOT NULL,
  entity_kind TEXT NOT NULL,
  display_name TEXT NOT NULL,
  PRIMARY KEY (entity_id)
);

CREATE TABLE fact (
  fact_id TEXT NOT NULL,
  subject_id TEXT NOT NULL,
  predicate TEXT NOT NULL,
  object_value TEXT NOT NULL,
  memory_kind TEXT NOT NULL,
  valid_from_day INTEGER NOT NULL,
  PRIMARY KEY (fact_id),
  FOREIGN KEY (subject_id) REFERENCES entity(entity_id)
);

CREATE TABLE memory (
  memory_id TEXT NOT NULL,
  session_id TEXT NOT NULL,
  turn_no INTEGER NOT NULL,
  seq INTEGER NOT NULL,
  kind TEXT NOT NULL,
  body TEXT NOT NULL,
  fact_id TEXT,
  created_day INTEGER NOT NULL,
  source TEXT NOT NULL,
  confidence REAL NOT NULL,
  superseded_by TEXT,
  PRIMARY KEY (memory_id),
  FOREIGN KEY (session_id) REFERENCES session(session_id),
  FOREIGN KEY (fact_id) REFERENCES fact(fact_id),
  FOREIGN KEY (superseded_by) REFERENCES memory(memory_id)
);

CREATE TABLE memory_entity (
  memory_id TEXT NOT NULL,
  entity_id TEXT NOT NULL,
  PRIMARY KEY (memory_id, entity_id),
  FOREIGN KEY (memory_id) REFERENCES memory(memory_id),
  FOREIGN KEY (entity_id) REFERENCES entity(entity_id)
);

CREATE TABLE embedding (
  memory_id TEXT NOT NULL,
  model TEXT NOT NULL,
  dim INTEGER NOT NULL,
  vec VECTOR(384) NOT NULL,
  PRIMARY KEY (memory_id),
  FOREIGN KEY (memory_id) REFERENCES memory(memory_id)
);

CREATE INDEX ix_memory_session ON memory(session_id);  -- serves: provenance
CREATE INDEX ix_memory_day ON memory(created_day);  -- serves: temporal
CREATE INDEX ix_memory_fact ON memory(fact_id);  -- serves: aggregate
CREATE INDEX ix_memory_superseded ON memory(superseded_by);  -- serves: currency, negation
CREATE INDEX ix_mement_entity ON memory_entity(entity_id);  -- serves: entity lookup
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