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Abstract

Coding agents working on sequential mainte-
nance tasks re-read the same files across re-
lated tasks, wasting more than a third of their
input tokens on redundant context. The natural
fix, caching file summaries, fails to reliably re-
duce cost: tool-use traces are consistent with
agents over-relying on generic descriptions,
skipping re-reads, and offsetting token savings
with less effective downstream decisions, leav-
ing net cost roughly unchanged. We intro-
duce Prism, a content-hash-keyed file mem-
ory that augments summaries with bounded
facets: identifier-grounded facts distilled from
the agent’s own prior reasoning. On 12 SWE-
Chain dependency-upgrade chains, Prism re-
duces cost by 24.9% on GPT-5 and 9.9% on
GPT-5.4-mini, while maintaining comparable
aggregate Build+Fix F1. Against no memory,
a summary-only ablation yields only a nomi-
nal 2.4% cost decrease that falls within run-
to-run variability, while a static Aider-style
repo-map baseline costs substantially more at
13% over no memory. Two controlled abla-
tions isolate the causal contributions: wiping
the persistent store before every task raises
cost by 37% over no memory, and replacing
facets with a 3x larger unstructured summary
raises it by 41%. Code: https://github.
com/WhiteFlamesCN/Prism-Opencode.

1 Introduction

Coding agents are overwhelmingly benchmarked
as stateless problem solvers: each task is presented
in isolation, the agent reads what it needs, pro-
duces a patch, and forgets everything. Yet real-
world code maintenance is inherently sequential:
dependency upgrades, refactoring campaigns, and
bug-fix chains all require an agent to revisit the
same repository across related tasks. Despite grow-
ing interest in agent memory, persistent file-level
memory for coding agents has received little direct
empirical study, leaving open what to cache and
how to key it.

When the same agent works on the same reposi-
tory across multiple tasks, it repeatedly reads and
reasons about identical files, incurring redundant
token cost. In our main experiment (§4.2), Prism
reduces fresh input tokens by 37%, indicating sub-
stantial redundancy in the stateless baseline.

A natural response is to cache file summaries.
Yet our summary-only ablation is roughly as costly
as no memory (§4.3). The limitation is not merely
that summaries are short, but that they provide a
single, largely static view of a file: its classes, meth-
ods, and module-level structure. Later tasks often
depend on different knowledge—why the agent in-
spected the file, which identifiers mattered, what
behavioral constraint or cross-file relationship it
uncovered. Prism therefore treats file memory as
accretive rather than one-shot. Each prior read
can add a small, identifier-grounded facet: a task-
relevant fact distilled from the agent’s own reason-
ing. Over time, these facets illuminate the same
file from multiple angles, preserving the working
knowledge that summaries omit and helping the
agent decide when rereading is actually necessary.

We introduce Prism, a minimal-intervention file
memory built on three design choices (Figure 1):
(1) content-hash keying for automatic invalidation
on edit; (2) facet accumulation: after each reason-
ing episode, Prism appends at most one identifier-
grounded declarative fact, derived from the agent’s
own reasoning, per recently-read file, each adding
a new task-relevant angle to the file’s memory; (3)
agent-controlled access via a single read_summary
tool invoked at the agent’s discretion.

On SWE-Chain, Prism reduces cost by 24.9%
with GPT-5 and 9.9% with GPT-5.4-mini, without
measurable Build+Fix F1 loss (§4.6). The con-
cise structural-summary-only variant yields only a
nominal 2.4% cost decrease that falls within run-
to-run variability, while a static repo-map baseline
costs 13% more than no memory (§4.3). Causal
ablations further show that resetting memory be-
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tween tasks raises cost by 37%, and replacing facets
with a 3x larger unstructured summary raises it
by 41% (§4.4). Together, the ablations show that
Prism’s savings require both cross-task persistence
and facet-structured facts produced while solving
earlier tasks.

Contributions.

1. We introduce Prism, a content-hash-keyed file
memory for coding agents that stores compact
summaries plus bounded, task-derived facets
distilled from prior agent reasoning. Prism
adds only one new read_summary tool and
makes memory reusable across tasks by key-
ing entries to file contents rather than paths or
episodes.

2. On SWE-Chain, Prism improves the cost—
quality frontier: it reduces token cost by
24.9% with GPT-5 and 9.9% with GPT-5.4-
mini across 12 dependency-upgrade chains,
while keeping aggregate Build+Fix F1 within
run-to-run noise of no-memory agents. Us-
age analysis shows the gains come from reuse:
over 95% of read_summary calls target files
not read in the current task, and about two-
thirds target files seen in prior tasks.

3. We show why naive memory fails and which
ingredients are necessary. Summary-only
memory saves only 2.4% within noise, and a
static repo map costs 13% more, so neither im-
proves the frontier. Controlled ablations show
that removing cross-task persistence raises
cost by 37% over OFF, and replacing facets
with a 3 larger unstructured summary raises
it by 41%, making memory more expensive
than no memory.

2 Related Work

Agent memory systems. MemGPT (Packer
et al., 2023) pages memory between context and
storage, while Voyager (Wang et al., 2024) accu-
mulates skills. ExpeL (Zhao et al., 2024) distills
episodic experience and Reflexion (Shinn et al.,
2023) reflects on failures. More recent work fo-
cuses on structured and long-term memory: A-
MEM (Xu et al., 2025) introduces agentic self-
organizing memory; MemoryBank (Zhong et al.,
2024) maintains evolving long-term profiles. Gen-
erative Agents (Park et al., 2023) use retrieval

over event streams, and LongMem (Wang et al.,
2023) augments language models with a resid-
ual side memory. These systems key memory
on tasks, episodes, or events rather than content-
hashed files, so answering file-specific questions
generally requires additional retrieval or reprocess-
ing. GPTCache (Bang and Feng, 2023) and Prompt
Cache (Gim et al., 2024) reduce cost through query-
similarity or prefix-reuse caching at the inference
layer. Prism caches synthesized knowledge keyed
by file content hash, and is orthogonal and compos-
able with inference-level caching.

Code understanding and retrieval. RepoCoder
(Zhang et al., 2023) and Repoformer (Wu et al.,
2024) retrieve code snippets by embedding sim-
ilarity. Repo-maps (Gauthier, 2024) provide
static structural navigation, RepoAgent (Luo et al.,
2024) generates repository-level documentation,
and CodePlan (Bairi et al., 2024) uses planning
over repository structure for multi-file edits. These
primarily retrieve or generate text rather than syn-
thesized understanding, and do not by themselves
provide explicit content-hash invalidation under ed-
its. Naive batch file summaries become stale after
edits unless explicitly regenerated, and they cannot
incorporate what the agent learned while solving
previous tasks. Prism is complementary to retrieval:
retrieval finds candidate code, but does not retain
what an agent later worked out about it. We eval-
uate one such repo-map baseline in §4.3, where it
costs more than no memory at all.

Coding-agent frameworks and benchmarks.
SWE-agent (Yang et al., 2024), Agentless (Xia
et al., 2024), AutoCodeRover (Zhang et al., 2024),
and Devin (Cognition Al, 2024) solve isolated
tasks; SWE-Chain (Lam et al., 2025) extends SWE-
bench (Jimenez et al., 2024) to sequential chains.
SWE-Gym (Pan et al., 2025) provides training en-
vironments for coding agents; SWE-Lancer (Mis-
erendino et al., 2025) evaluates on real freelance
tasks. Prism is orthogonal to these: a persistent
state layer composable with tool-using agents that
expose file reads and visible intermediate text.

3 Prism

Real-world code maintenance consists of related
tasks over a repository that is both revisited and
changing. This creates three practical pressures:
memory must survive beyond a single task with-
out becoming stale when files are edited; it must
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Figure 1: How Prism’s file memory evolves across tasks. In Task 1, the agent reads the full file and Prism generates
a base summary. In Task 2, the agent’s reasoning is distilled into a facet: a concrete operational fact. By Task
3, the accumulated memory (summary + facets) is rich enough for the agent to act without re-reading the file.
Content-hash checks automatically invalidate stale entries on edit.

reduce redundant file reads rather than merely sum-
marize past conversations; and it must capture op-
erational facts the agent actually used, which may
not be apparent from static structure alone. Prism
is a thin layer on file access that addresses these
pressures by caching file-scoped, versioned facets
derived from the agent’s prior interactions and re-
fining them across tasks.

3.1 Architecture Overview

Prism preserves the agent’s ordinary file-
system workflow and adds one optional tool,
read_summary(path). It interposes a memory
layer that observes file reads and reasoning steps,
runs LLM workers at three points, and keeps
their outputs in an in-memory cache backed by
an append-only on-disk store for invalidation and
reuse across tasks.

At runtime, Prism acts on three triggers (Fig-
ure 2). (1) When the agent reads a file, Prism
schedules a background, content-hash-keyed sum-
mary (§3.2). (2) After each agent reasoning chunk,
a distiller extracts at most one new facet for each
recently read file (§3.3). (3) When the agent calls
read_summary(path), an aggregator synthesizes
stored facets into a compact briefing (§3.4), let-
ting the agent avoid rereading full contents when
cached understanding suffices.

Memory-store notation. Let H(p) denote the
hash of p’s current contents. Prism’s file memory
is a partial map M : (p,h) — (s, F'), where s is
the base summary and F' is a set of accumulated
facets with |F'| < K. A lookup for p consults only
Mip, H(p)]; entries M [p, h| with h # H(p) may
remain on disk but are stale for the current file and
are not returned.

3.2 Content-Hash-Based Summaries

Each file’s memory entry is keyed by (path,
hash(content)). On first read, Prism schedules
a background summarization (non-blocking). The
summary is generated from a bounded prefix of the
file: a 2—4 sentence sketch of its top-level structure
and key interfaces.

Automatic invalidation. Any edit effectively
changes the content hash; the next lookup misses
and triggers re-generation (old entries remain on
disk but are not returned unless the file content
again matches their hash). No TTL or explicit in-
validation is needed.

Two-tier lookup. Before invoking the summa-
rizer LLM, Prism checks: (1) in-memory cache,
(2) on-disk entries matching the current hash. It
calls the LLM only on a complete miss, preventing
repeated summarizer calls for the same unchanged
file.

3.3 Facet Accumulation

Summaries describe a file’s static structure; facets
fill in the operational knowledge the agent devel-
ops while working in the repo. Prism builds this
knowledge up lazily, one fact at a time: after each
agent reasoning step, it tries to distill at most one
new facet for each recently-read file.

Distillation trigger. After each non-trivial rea-
soning or text block the agent emits between tool
calls, Prism pairs the text with files most recently
read by the agent and, for each, attempts to distill
one declarative fact. Prism records any inter-tool
content the model API exposes: visible assistant
text and, for reasoning-capable models, the emitted
reasoning/thinking stream. It does not require log-
its, activations, attention, or other model-internal

27520



PRISM

read(path)

visible reasoning

Coding Agent
(any tool-using LLM)

— summary

read_summary(path)

— facet

Summarizer @ || Facet Distiller @

Aggregator @

— briefing

(R
hit
ashy, " JSONL Store B
@ fh-storage/<repo>/<path>.jsonl

store/append

store/append fetch

briefing

(async background writes — Prism state outlives the agent's context window,)

Figure 2: Prism architecture. The agent’s read triggers background summarization; visible reasoning feeds facet
distillation; read_summary returns an aggregated briefing. Content-hash checks gate all lookups. The dashed
boundary encloses Prism components; only the read_summary tool is visible to the agent.

access, so the same facet-distillation hook applies
to both reasoning models and ordinary tool-using
agents.

Distiller interface. The distiller receives two
classes of input: material already in memory—the
current base summary and existing facets—which
serve as negative constraints against restating or
paraphrasing known content, and source material—
the file path and a bounded window of the agent’s
reasoning—from which any new facet must be
drawn. It must output either a single sentence
satisfying two requirements or the literal token
NO_NEW_FACET. A timeless facet states a reusable
fact about the code, not an action or observation
tied to the current task; an identifier-grounded facet
names concrete code identifiers rather than vague
components. For example, “Query.clone() pre-
serves the combined_queries tuple when dupli-
cating combinator querysets” satisfies both require-
ments. By contrast, “Add a regression test for
Query.clone()” fails timelessness, while “The
pagination test suite covers combinator querysets”
fails identifier-grounding. If no non-duplicative
facet satisfies both requirements, the distiller emits
NO_NEW_FACET.

Bounded accumulation. At most K facets per
(file, hash) pair. Prism drops new facets beyond
this small constant cap, bounding per-file context
cost.

Example. A file config.py might accumu-
late: base summary “Defines the Config class
with YAML loading and validation™; facets: (1)
“load_yaml() raises ConfigError on missing
‘version’ key (line 47)”; (2) “validate() accepts
optional strict=True that rejects unknown keys.”

Algorithm 1 Prism: update and lookup

On read(p):
h < H(p)
if M[p, h].s = () then
schedule background:
SUMMARIZE(p)
push p to read-queue (bounded)

SN

Mip,hl.s

: for each p in read-queue:
: h « H(p)
10: if |F} 1| < K then
11: f < DiSTILL(p, M [p, h].s, Fp pn,T)
12: if f % NO_NEW_FACET then
13: F,.n < Fpn U{f}; invalidate agg. cache

5
6:
7: On reasoning chunk r:
8
9

15: On read_summary(p):

16: h + H(p)

17: if (p, h) ¢ dom(M) or M|p, h].s = () then

18: M]p, h].s < SUMMARIZE(p) {synchronous on
miss}

19: (s, F) < M][p, h]

20: if F' = () then return s

21: return CACHEDAGGREGATE(p, h, |F|, s, F') {cache
keyed by (p, h, |F|)}

Each facet pins down one concrete, reusable angle
on the file.

3.4 On-Demand Aggregation

When the agent calls read_summary (path), Prism
returns the cached base summary if no facets have
been accumulated yet, or invokes an aggregator
LLM otherwise. The aggregator receives both the
base summary s,, 5, and the current facets F), 5, and
synthesizes them into a coherent 2—4 sentence brief-
ing intended to substitute for the base summary in
downstream reads. The aggregated result is cached,
keyed by (path, hash, facet_count), and in-
validated when a new facet arrives or the content
hash changes. If read_summary is called for a file
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with no usable cached summary (never read, or
background summarization still pending), Prism
generates the summary synchronously before re-
turning.

3.5 Cross-Task Persistence and Amortization

The on-disk cache persists across sequential tasks
within the same repository; content-hash checks
handle files modified between tasks (stale entries
are simply missed and regenerated). Knowledge
accumulated in task ¢ amortizes cost in tasks ¢ +
Lt+2,...

Let M be the one-time cost of constructing mem-
ory for a file, A the per-use aggregation cost, R the
cost of a full re-read, and S the cost of reading only
the briefing. Assuming (R —S) — A > 0, Prism
pays off when:

n>m (D

where n is the number of future re-reads and M is
the one-time memory-construction overhead for
that file. A is amortized: the aggregator is in-
voked once per facet update and its result is cached
across subsequent read_summary calls (§3.4), so
A is paid roughly per facet addition rather than per
call. Long chains thus amortize memory construc-
tion; short chains may not reach break-even.

3.6 Implementation Details

Background writes are non-blocking; failures never
interrupt the agent. Summarization and facet dis-
tillation run asynchronously and do not add to the
agent’s wall-clock latency; only aggregation (on
read_summary calls) is synchronous. The summa-
rizer, distiller, and aggregator share one auxiliary
LLM (in our experiments, the same model as the
backbone); its calls are included in all reported
costs. All Prism hyperparameters are listed in Ap-
pendix A.1.

4 Experiments

4.1 Experimental Setup

Benchmark. We evaluate on SWE-Chain (Lam
et al., 2025): 12 publicly available dependency-
upgrade chains across 9 Python repositories (po-
etry, attrs, conanx 2, flask, jinja2, pyjwt, pytestx2,
urllib3, xarray x2), covering 150 sequential build-
and-fix tasks (6-17 per chain).

Metrics. We report Build+Fix F1 following the
SWE-Chain leaderboard convention: for each task,
the agent must both build the environment under
the new dependency version and fix any resulting
test failures. We also report total USD cost and to-
ken breakdowns for fresh input, output, and cached
input.

Backbones. Our main experiments use GPT-5
via Azure OpenAl at temperature 0. We use GPT-
5.4-mini, also via Azure OpenAl at temperature 0,
to test generalization (§4.5).

Agent framework. We integrate Prism into
OpenCode (Anomaly, 2024), an open-source tool-
using coding-agent framework for software engi-
neering tasks. Prism adds a single read_summary
tool to the agent’s tool registry; no other changes
to the agent loop are required.

Conditions. We evaluate six conditions spanning
three intuitive memory strategies and two causal
controls. OFF is a no-memory baseline. NOFACET
uses Prism base summaries only: facet distilla-
tion is disabled, and read_summary returns the
base summary directly without aggregation. RE-
POMAP adds an Aider-style repository map (Gau-
thier, 2024) of class and function signatures to the
system prompt, providing a static code-structure
view without Prism’s summarization or persistence.
LONGSUMMARY keeps persistence on but replaces
facets with a single longer unstructured summary:
1500 output tokens (3x NOFACET’s 500), a 20K-
character input window (2.5x NOFACET’s 8K),
and a prompt requesting one to two detailed para-
graphs. PRISM-RESET is identical to PRISM but
clears both the in-memory cache and on-disk file-
memory store before every task in the chain, pre-
serving per-task summary and facet generation
while removing cross-task amortization. PRISM
is the full system.

Protocol and statistics. Each condition is run 3
times per chain, and we report arithmetic means
over replicates. Caches persist forward within each
chain but are not shared across chains; each repli-
cate starts from an empty memory store and is reset
before the next replicate, condition, or chain. Sign
tests, bootstrap confidence intervals, and per-chain
cost-accounting details are provided in Appendix B
and Appendix A.2.
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4.2 Main Result: GPT-5

Table 1 shows per-chain results. Prism reduces total
cost from $151.88 to $114.11, a 24.9% reduction,
while maintaining comparable F1 at macro 0.153
versus 0.150; fresh input tokens drop 36.9% from
57,568K to 36,329K. The 24.9% dollar reduction
is smaller than the 36.9% fresh-token reduction for
two reasons: (1) output tokens, which are 8 x more
expensive per token than fresh input under GPT-5
pricing, drop only 6%; (2) Prism’s own auxiliary
LLM calls for summarization, distillation, and ag-
gregation add a small overhead under 5% of total
cost that partially offsets the input savings. The
largest savings occur on high-baseline-cost chains:
xarray_2022 saves 53.2%, pytest_8.0 48.4%, and
xarray_2025 46.9%. These chains involve many
sequential tasks in the same repository, maximizing
the amortization of memory-construction cost.

One chain shows a cost regression: poetry rises
12.7% because memory-construction overhead ex-
ceeds future-task amortization on this shortest
chain. F1 is unchanged on 10 of 12 chains and
slightly higher on jinja2 from 0.624 to 0.653 and
on urllib3 from 0.503 to 0.508, indicating that the
cost savings do not come at the expense of patch
quality. On chains where Prism costs more, patch
quality is likewise not degraded.

4.3 Why Naive Memory Fails

Three intuitive approaches to file memory all fail
to improve over the no-memory baseline (Table 2).

NOFACET (summary-only, persistent). Re-
moving facets and the aggregation step yields a
system effectively indistinguishable from OFF in
cost: $148.30 versus $151.88, a 2.4% drop that falls
within the ~8% inter-run cost CV, with comparable
F1. Base summaries capture file structure (“defines
class X with methods Y, Z”) but not the behav-
ioral details the agent needs. NOFACET produces
the highest no-follow-up rate among all conditions:
70.5% of read_summary calls are not followed by a
full read within 10 tool calls. It still matches OFF in
cost, while PRISM has a lower 52.6% no-follow-up
rate but is the cheapest. This pattern is consistent
with structural summaries giving the agent false
confidence: it acts without sufficient grounding,
producing longer trajectories that offset the token
savings from skipped reads (Appendix D.3).

REPOMAP (static structure, no persistence).
The repo-map baseline costs $171.56, +13% over

OFF and 50.3% more than PRISM. It adds fresh in-
put on every session start across all 150 chain steps;
the overhead is acute on large repositories, where
xarray chains increase by ~85%. attrs and pyjwt
benefit modestly from navigational shortcuts, drop-
ping 25% and 13% respectively, but the aggregate
is net-negative.

LongSummary (more tokens, persistent). If
Prism’s advantage stemmed from carrying more
total context per file, a longer summary should
recover the savings. LongSummary uses 3 x the
output budget and 2.5 x the input window of NO-
FACET, requesting detailed paragraphs instead
of bounded facets. Instead it is the most expen-
sive condition: $213.96, +40.9% over OFF and
+87.5% over PRISM, with 11/12 chains more ex-
pensive than OFF. Raw token budget without query-
conditioned structure becomes overhead rather than
memory.

Why facets succeed where summaries fail. Fig-
ure 3 illustrates the contrast qualitatively. The quan-
titative signal is in the no-follow-up rates above:
NOFACET skips re-reads most often at 70.5% yet
saves no cost, while PRISM skips less often at
52.6% but is the cheapest condition overall. This
suggests that facets do not merely suppress re-
reads—they help the agent choose correctly when
to skip, by providing identifier-level operational
facts (return values on edge cases, parameter con-
straints) rather than generic structural descriptions.

4.4 Causal Isolation: Cross-Task Persistence

The preceding section shows that three alternative
memory designs fail, but leaves one confound open:
Prism’s faceted memory could be acting as a per-
task summary cache rather than a true cross-task
store. PRISM-Reset isolates this by clearing both
the in-memory cache and the on-disk file-memory
store before every task in the chain, preserving per-
task summary and facet generation while removing
cross-task amortization.

Cost rises to $208.44, +37.2% over OFF and
+82.7% over Prism, with 12/12 chains more expen-
sive than OFF (per-chain detail in Appendix C.2).
Summary generation, facet distillation, and aggre-
gation are therefore not net-beneficial as a per-task
cache; the cross-task persistence layer is what turns
extraction overhead into a net saving.

Factorial interpretation. The conditions in Ta-
ble 2 approximate a factorial contrast over persis-
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Chain OFF Cost ($)  Prism Cost ($) ACost (%) OFFF1 Prism F1
poetry 6.16 6.94 +12.7 0.160 0.160
attrs 15.21 13.20 —13.2 0.033 0.033
conan 2.12 10.92 7.34 —32.8 0.154 0.154
conan 2.23 9.13 8.97 —1.8 0.125 0.125
flask 14.33 13.56 —8.6 0.013 0.013
jinja2 11.53 11.00 —4.6 0.624 0.653
pyjwt 9.57 7.76 —-19.0 0.034 0.034
pytest 7.0 19.52 14.49 —25.7 0.077 0.077
pytest 8.0 17.05 8.80 —48.4 0.028 0.028
urllib3 11.61 8.92 —23.2 0.503 0.508
xarray 2022 13.58 6.35 —53.2 0.014 0.014
xarray 2025 12.77 6.78 —46.9 0.031 0.031
Aggregate 151.88 114.11 —24.9 0.150 0.153

Table 1: GPT-5: Prism reduces cost by 24.9% while maintaining comparable F1 (0.150—0.153).

Condition Persist Facets Cost($) AOFF Fl1
OFF — — 151.88 — .150
NOFACET v — 148.30 —2.4% .147
REPOMAP — — 171.56 +13.0% .147
LongSummary v/ — 213.96 +40.9% .149
PRISM-Reset — v 208.44 +37.2% .154
PRISM (full) v v 114.11 —24.9% .153

Table 2: Aggregate comparison of all six conditions (GPT-5, 12 chains). Three intuitive memory strategies fail:
summary-only (NOFACET) is cost-neutral, static maps (REPOMAP) add overhead, and a 3x larger unstructured
summary (LongSummary') is the most expensive. The causal control PRISM-Reset (facets without cross-task
persistence) is equally harmful. Only the full Prism yields a meaningful cost reduction. Per-chain details in

Appendix C.1 and C.2.

tence and facet structure:

¢ Persistence without facets is break-even: NO-
FACET saves only 2.4%.

* More tokens without structure is harmful:
LongSummary costs 40.9% more.

e Facets without persistence is harmful:

PRISM-Reset costs 37.2% more.

* Both together yield the 24.9% saving of full
Prism.

Only the combination—persistent storage and
bounded, agent-derived facets—yields cost reduc-
tion.

4.5

Table 3 shows that Prism also reduces cost with
GPT-5.4-mini, lowering aggregate spend from
$79.47 to $71.58, a 9.9% reduction. The reduc-
tion is broad: 11 of 12 chains are cheaper, and
xarray_2025 is the only regression at 22.1% over
OFF.

Aggregate F1 is largely unchanged: 9 of 12
chains have identical F1, with only 3 showing non-
zero deltas. Although the aggregate rises from

Generalization: GPT-5.4-mini

0.112 to 0.157, the bootstrap confidence interval
spans zero, so we can only conclude that Prism
does not degrade task performance rather than
claiming a reliable quality improvement.

4.6 Analysis

Savings are predominantly cross-task. Over
95% of read_summary calls target files not yet read
in the current task: 95.9% on GPT-5 and 95.2% on
mini. Of these, 62.8% target files encountered in
earlier chain tasks (Table 6). The sole GPT-5 cost
regression on poetry is the shortest chain, where
memory-construction overhead has fewer future
tasks to amortize against, consistent with the break-
even model (§3.5).

Token-level picture. On GPT-5, fresh input to-
kens drop 37% from 57,568K to 36,329K while out-
put tokens are largely unchanged with a 6% drop;
on mini, output tokens drop 40% from 10,253K to
6,117K and total API calls rise modestly by 14%
as the agent issues additional read_summary calls.
Prism’s auxiliary LLM calls for summarization,
distillation, and aggregation constitute under 5% of
total cost.
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Chain OFF Cost ($)  Prism Cost ($) ACost (%) OFFF1 Prism F1
poetry 5.79 448 —22.7 0.160 0.160
attrs 8.06 7.43 -7.9 0.033 0.033
conan 2.12 3.27 3.08 -5.9 0.048 0.185
conan 2.23 2.24 2.14 —4.7 0.165 0.136
flask 7.45 7.15 -3.9 0.013 0.013
jinja2 6.19 4.83 —-22.0 0.226 0.662
pyjwt 6.20 4.10 —33.8 0.034 0.034
pytest 7.0 8.67 8.01 -7.5 0.077 0.077
pytest 8.0 7.04 6.45 -84 0.028 0.028
urllib3 7.21 5.68 —21.3 0.508 0.508
xarray 2022 8.96 7.99 —10.9 0.014 0.014
xarray 2025 8.39 10.24 +22.1 0.031 0.031
Aggregate 79.47 71.58 -9.9 0.112 0.157

Table 3: GPT-5.4-mini: Prism reduces cost by 9.9% (11/12 chains cheaper), confirming that the mechanism transfers

across model scales.

C read_summary('pytest/fixtures.py') >

N\ [ N\ )
OFF - no memory NOFACET * summary only| | PRISM - summary+facets
CACHED BRIEFING Defines pytest fixture system ?:;:e;;;é?i;:;ﬁ:;féﬁE)e g‘ésigns
BRIEFING <no entry available> with FixtureManager class. FixtureManager to
L ) L J L session._fixturemanager
e a s N (
ACTION OUTCOME [ ] must re-read 400 lines [ ] still re-reads skip re-reads
+
cosT $151.88 $148.30 -2.4% vs OFF $114.11 -24.9% vs OFF
\ J \ J \ J
o ¥y A _J

Same tool, same interface — only the cached content differs

Figure 3: What the agent sees under each condition when calling read_summary for the same file. OFF does not
have this tool. NOFACET returns a structural summary, which often does not prevent a full re-read. PRISM returns

a facet-augmented briefing the agent can act on.

Mechanism evidence. Execution logs match the
intended mechanism (Appendix D). The tool-call
reduction is concentrated in full file reads, which
drop 27% with 11 of 12 chains showing fewer full
reads; editing activity is unchanged (Figure 4). Cu-
mulative fresh tokens diverge from task 2 onward
(Figure 5), consistent with cross-task accumula-
tion. PRISM maintains a low full-read probability
of 25-40% across repeated file encounters; NO-
FACET degrades toward 55% by the 8th encounter
(Figure 6): faceted summaries stay useful across
encounters, structural ones decay.

Cost regressions. The two backbones each have
one cost regression, but for different reasons. On
GPT-5, poetry rises 13% and is the shortest chain
at 6 tasks, leaving memory-construction overhead
too few future tasks to amortize against. On
GPT-5.4-mini, xarray_2025 rises 22.1%, stemming

from a different mechanism: GPT-5.4-mini invokes
read_summary at roughly half the rate of GPT-5
under the same prompt, SO memory-construction
cost is not recouped through sufficient reuse. This
lower tool-adoption rate also explains why mini’s
overall 9.9% savings are smaller than GPT-5’s
24.9%: different models exhibit different adop-
tion rates for novel optional tools, and mini’s lower
read_summary usage leaves more cached memory
under-utilized.

5 Conclusion

We introduced Prism, a persistent file-level mem-
ory that augments structural summaries with
experience-derived facets, keyed by content hash
for automatic invalidation. On 12 SWE-Chain
dependency-upgrade chains, Prism reduces cost
by 24.9% (GPT-5) and 9.9% (GPT-5.4-mini), with
F1 within run-to-run noise of the no-memory base-
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line on both backbones. Controlled ablations con-
firm both Prism ingredients are necessary: remov-
ing cross-task persistence or replacing facets with
a 3x larger unstructured summary each pushes
cost above the no-memory baseline. More broadly,
Prism suggests a design principle for cost-efficient
coding agents: leave the agent loop unchanged, but
cache hash-keyed operational facts learned from
experience rather than structure alone.

Limitations

* File-level granularity. Prism uses files as
the unit of persistence, which keeps invalida-
tion simple through content hashes and makes
the method easy to attach to existing agents.
Finer-grained symbol- or region-level memo-
ries could be layered on top of Prism to cap-
ture additional reuse within very large files.

* Reliance on agent-initiated memory access.
Prism’s savings depend on the agent choos-
ing to call read_summary; a populated cache
that is never queried only adds construction
overhead. We observe that backbones differ
substantially in how often they adopt this op-
tional tool (GPT-5.4-mini invokes it at roughly
half the rate of GPT-5), which directly caps
Prism’s savings on lower-adoption models. A
more proactive policy that injects summaries
on selected reads rather than waiting for the
agent to ask could narrow this gap.

* Memory-model overhead. Prism currently
invokes the same backbone LLM for summary
and facet generation. Distilling these into a
smaller, dedicated memory model would re-
duce the per-file write cost and make the ap-
proach more practical for high-frequency edit-
ing sessions.
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A Experimental and Implementation
Details

A.1 Prism Hyperparameters

All experiments use the following Prism parame-
ters: facet distillation input capped at 2,500 char-
acters; at most K = 8 facets per (file, hash);
recent-read queue length 16; memory-model output
capped at 500 tokens.

A.2 Cost Accounting and Pricing

GPT-5 is priced at (f-1.25+¢-0.125+0-10)/10°
and mini at (f-0.25+¢-0.025+0-2) /105, where f,
¢, o are fresh, cached, and output tokens. Memory-
model calls share the same pricing tier and are
already counted in PRISM’s reported cost, where
they account for under 5%.

B Robustness Statistics

All statistics use a paired bootstrap over the 12
chains with 10K resamples.

Cost savings (OFF — PRISM). On GPT-5, the
mean per-chain saving is $3.15 (95% CI [0.62,
5.10]), corresponding to an aggregate reduction
of 24.9% (95% CI [4.5, 40.0]). On GPT-5.4-mini,
the mean saving is $0.66 (95% CI [0.06, 1.15]), i.e.
9.9% (95% CI[1.1, 17.4]). Both intervals exclude
zero. A non-parametric sign test agrees: 11 of 12
chains favor PRISM on each backbone (p = .003).

F1 changes (PRISM — OFF). Effects are small
and not uniformly robust. The mean per-chain
change is +0.003 on GPT-5 with 95% CI [—.001,
+.012] and +0.045 on mini with 95% CI [—.005,
+.129]; only 2 of 12 GPT-5 chains and 3 of 12 mini
chains show non-zero changes. Removing jinja2
drops the GPT-5 aggregate F1 gain to +0.000, and
the mini aggregate drops to +0.010. We therefore
treat F1 as a safety check rather than a claimed
improvement. The tiny negative GPT-5 CI lower
endpoint of —0.001 reflects resampling uncertainty,
not an observed chain-level degradation; the mini
Cl includes zero outright.

C Per-Chain Results for Additional
Conditions

C.1 Alternative Baselines: NOFACET and
REPOMAP

Table 4 reports per-chain cost and F1 for NO-
FACET and REPOMAP under GPT-5, whose
aggregates appear in §4.3. NOFACET’s aggre-
gate cost matches OFF within run-to-run noise:
summary-only memory is cost-neutral. RE-
POMAP’s regressions cluster on large repositories
(xarray) and on the shortest chain (poetry).

C.2 Causal-Isolation Ablations: PRISM-Reset
and LongSummary

Table 5 reports per-chain results for the two causal-
isolation conditions of §4.4. PRISM-Reset (Prism
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NOFACET REPOMAP

Chain Cost ($) AOFF (%) F1  Cost($) AOFF (%) Fl
poetry 5.98 —2.9 0160 1152 +87.0  0.160
attrs 12.76 —16.1 0033 1147 —24.6  0.033
conan 2.12 12.01 +10.0  0.154 8.83 ~19.1  0.069
conan 2.23 10.48 +14.8  0.099 8.25 —9.6 0.136
flask 14.30 —3.6 0013  14.05 ~5.3 0013
jinja2 9.67 —~16.1 0611  11.65 +1.0  0.660
pyjwt 7.28 —23.9 0.034 8.36 ~12.6 0.034
pytest 7.0 17.90 83 0077 1953 +0.1  0.077
pytest 8.0 13.19 226 0028  14.97 122 0.028
urllib3 11.31 —2.6 0510  14.07 +21.2 0510
xarray 2022 15.92 +17.2 0014  24.04 +77.0 0014
xarray 2025 17.50 +37.0 0031  24.80 4942 0.031
Aggregate 148.30 —2.4 0147 17156 +12.9  0.147

Table 4: Per-chain cost and F1 for the two baseline conditions (GPT-5). AOFF is the cost change relative to the

OFF baseline ($151.88 aggregate).

with the file-memory store wiped before every task)
is more expensive than OFF on all 12 chains, and
LongSummary (NOFACET with a 3 larger sum-
mary output and 2.5 X larger input window) is more
expensive than OFF on 11 of 12 chains, confirming
that the aggregate regressions are not driven by a
few outliers.

D Mechanism Analyses

The following analyses test whether PRISM’s sav-
ings match the intended mechanism: persistent file
memories should replace repeated full-file reads for
files encountered in earlier tasks. Editing behavior
and task quality should be largely unchanged.

D.1 Tool-Call Distribution

Figure 4 compares the tool-call mix across the four
file-memory conditions, restricted to the file-access,
editing, and search families. PRISM’s reduction
concentrates on full read calls; apply_patch and
search counts are largely unchanged, isolating the
savings to how files are accessed rather than how
often the agent edits or searches. REPOMARP has
the highest read count.

D.2 Cross-Task File Reuse

Because Prism creates a memory entry after each
full read and validates it by content hash, a
read_summary call on a previously encountered
file whose content has not changed is an operational
cache hit; calls without a valid (path, hash) en-
try return a miss. We therefore treat prior-task
file reuse (Table 6) as a practical proxy for the
summary-cache hit rate.

5000 A

mm read glob
B apply_patch bash

I I- grep

NOFACET REPOMAP PRISM

4000
3000

O“““
OFF

Tool calls

N
o
o
o

1000

Figure 4: Tool-call distribution across conditions (GPT-
5, all 12 chains), counting only the file-access (read),
editing (apply_patch), and search (grep/glob/bash)
families.

We also examined alignment between pre-patch
read_summary calls and eventually-patched files:
PRISM achieves slightly higher recall of 0.608 ver-
sus NOFACET’s 0.578 at comparable precision
of 0.322 versus 0.318 over 138 versus 143 tasks.
The effect is modest but points toward faceted sum-
maries aiding pre-edit file selection.

D.3 Follow-Up Reads After Summary Access

For each read_summary call, we check whether the
agent follows up with a full read of the same file
within 10 subsequent tool calls. A lower follow-
up rate suggests the briefing was sufficient for
the agent to proceed. On GPT-5, NOFACET has
a no-follow-up rate of 70.5% versus 52.6% for
PRISM; on GPT-5.4-mini the rates are 63.8% for
NOFACET and 58.5% for PRISM.

NOFACET has the highest no-follow-up rate
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PRISM-Reset LongSummary
Chain Cost ($) AOFF (%) F1 Cost($) AOFF (%) F1
poetry 10.07 +63.5 0.160 11.20 +81.8 0.160
attrs 20.36 +33.9 0.033 21.96 +44.4  0.033
conan 2.12 12.60 +15.4  0.154 15.32 +40.3 0.154
conan 2.23 10.15 +11.2  0.125 10.86 +18.9 0.125
flask 17.24 +16.3  0.013 20.22 +36.3 0.013
jinja2 12.57 +9.0 0.673 13.51 +17.2  0.610
pyjwt 11.88 +24.1  0.034 14.37 +50.2  0.034
pytest 7.0 29.26 +49.9 0.077 28.13 +44.1  0.077
pytest 8.0 18.08 +6.0 0.028 16.73 —-1.9 0.028
urllib3 18.93 +63.0 0.510 16.94 +45.9 0.510
xarray 2022 23.16 +70.5 0.014 19.90 +46.5 0.014
xarray 2025 24.14 +89.0 0.031 24.82 +94.4 0.031
Aggregate 208.44 +37.2  0.154 213.96 +40.9 0.149

Table 5: Per-chain cost and F1 for the two causal-isolation conditions (GPT-5). AOFF is the cost change relative to

the OFF baseline ($151.88 aggregate).

Condition 1st Prev  Total Prev%
OFF read 954 1,640 2,594 63.2
PRISM read 600 1,286 1,886 68.2
PRISM read_sum. 979 1,654 2,633 62.8

Table 6: Full read calls split by whether the file was pre-
viously accessed in an earlier task. PRISM reduces total
reads by 27% (2,594—1,886), with savings on both first-
seen and previously-seen files. PRISM’s read_summary
calls are similarly distributed, with 62.8% targeting
previously-seen files. Within-task novelty (file not read
earlier in the same task) is 95.9% on GPT-5 and 95.2%
on GPT-5.4-mini; prior-task reuse therefore dominates.

yet shows no meaningful cost savings vs. OFF.
The structural summary appears to give false con-
fidence: the agent trusts it more often and skips
re-reads, but then makes suboptimal decisions that
produce longer trajectories. PRISM agents follow
up more often, but on better-chosen files: the facet
briefing helps identify which files need deeper in-
spection. Net cost still drops.

D.4 Cumulative Fresh-Token Savings

Figure 5 traces cumulative mean fresh input tokens
across task position. All conditions start similarly
at task 1, when no memory has yet been accumu-
lated; PRISM diverges from task 2 onward as the
persistent file-memory store first contains entries
from a prior task, and the gap widens monotoni-
cally with chain length. REPOMAP stays highest
throughout because its repo-map injection is per-
session rather than amortized.

—e— OFF (no memory)
NOFACET

—e— REPOMAP

6 | —e— PRISM (full)

~
L

Cumulative fresh input tokens (M)

T T T T T T

Figure 5: Cumulative mean fresh input tokens across
task position (GPT-5, averaged over 12 chains, first 12
tasks).

D.5 Repeated File Encounters

Figure 6 reports the probability that the agent is-
sues a full read call at each successive encounter
with the same file, conditioning on encounter index.
OFF stays in the 51-68% band regardless of how
many times the file has been seen; PRISM starts
at 29% and stays in a low 25-40% range across
encounters; NOFACET starts comparably low but
decays toward 55% by the 8th encounter. Faceted
memory keeps replacing full reads as the chain
progresses, while structural-only summaries lose
sufficiency.

E Facet Quality Analysis

We randomly sampled 200 facets accumulated
across our experiments and conducted a blinded
two-annotator quality study.

Two-annotator quality study. Two annotators
independently judged each facet on three binary di-
mensions, with access to the corresponding source
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Figure 6: Probability of a full read call at each succes-
sive file encounter (GPT-5).

file but blinded to chain identity, condition, and
task outcome:

1. Factual correctness: does the stated behavior
match the source code?

2. Identifier grounding: does the facet ref-
erence concrete code identifiers rather than
vague descriptions?

3. Informativeness: does the facet convey non-
trivial information useful for a future mainte-
nance task?

Inter-annotator agreement (Cohen’s ) was 0.87
for correctness, 0.83 for grounding, and 0.79 for in-
formativeness. After adjudication, 199/200 facets
(99.5%, Wilson 95% CI [97.2%, 99.9%]) were fac-
tually correct. 189/200 (94.5%) were identifier-
grounded; 182/200 (91.0%) were rated informative.
The single factual error overgeneralized a method’s
scope.

Representative facets:

* “pytest_sessionstart(session) as-
signs a FixtureManager instance to
session._fixturemanager, initializing the
fixture system for the test session.”

¢ “HTTPConnectionPool.urlopen()
removes headers listed in
Retry.remove_headers_on_redirect
when following a redirect to a different host.”

e “ECDSAAlgorithm.prepare_key enforces
that an ECDSA key uses the required curve,
rejecting key-family mismatches.”

F Prompts

Figure 7 lists, verbatim, the four prompts that con-
stitute Prism’s only LLM-facing surface area: the

summarizer (§3.2), the facet distiller (§3.3), the
aggregator invoked on read_summary (§3.4), and
the tool description visible to the agent. No other
Prism-specific text is added to the system prompt;
the agent loop is otherwise unchanged.
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Prism Prompts and Tool Description

1. Summary Generation. Invoked on first read of a file not yet in the cache.

Summarize this source file in 2-4 sentences. Focus on: purpose, key classes/functions,
public API surface, and important invariants or constraints. Do NOT describe the file
path or language—focus on behavior.

FILE: {filepath} CONTENT (truncated to 800@ chars): {content}

2. Facet Distillation. Invoked after each reasoning episode; variables filled from the file cache and the agent’s visible
reasoning window.

An AL coding agent just read a file, then made the following observation/reasoning.
FILE PATH: {filepath}

EXISTING BASE SUMMARY (do not restate): {summary}

EXISTING FACETS (do not paraphrase): {facets}

AGENT’S REASONING (after reading): {text, truncated to 2500 chars}

TASK: Extract ONE specific, durable, file-level fact. Prefer concrete identifier-level
details. Rephrase any task-specific framing into a timeless statement about the file.
REQUIREMENTS: mention at least one concrete identifier; phrase as timeless statement
about the file’s behavior, structure, or contract; respond NO_NEW_FACET only if reasoning
has no concrete file-level details.

GOOD: ‘Query.clone()‘ preserves the ‘combined_queries® tuple when duplicating combinator
querysets.

BAD: The pagination test suite where a regression test should be added.

3. Aggregation. Invoked on read_summary when at least one facet has been distilled for the current (path, hash); when
no facets exist, the base summary is returned directly without aggregation.

Multiple AI coding agents have observed the file at {filepath}. Their individual
observations (facets) are:

{facet_list}

TASK: Synthesize these into a coherent 2-4 sentence summary of what this file is and what’s
notable about it. Preserve specific symbol names (functions, classes, line numbers) and
concrete details. Remove redundancy. If facets contradict, note both views briefly.

4. Agent Tool Description: read_summary. The only Prism-specific text visible to the agent; no instruction to prefer
summaries over full reads is given.

read_summary(path): Returns a brief summary of the specified file. Use alongside read
whenever helpful—the summary may contain enough context to avoid a full file read.

Figure 7: All Prism prompts and the agent-visible tool description.
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