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Abstract

Repository-level coding couples two problems: discover-
ing the code required by a task and solving the task from
the discovered context. We formalize the discovery tar-
get as the minimum sufficient code context (MSCC): the
token-minimal context from which a fixed agent reaches a
fixed success threshold without further repository access. A
graph-grounded decision variant of MSCC construction is
NP-complete (minimum-weight directed Steiner, by reduc-
tion from Set Cover), so general MSCC optimization is NP-
hard, and we prove lower bounds for the two information
losses of lexical navigation: a behavioral query does not or-
der lexically indistinguishable entry signatures, and an un-
typed text occurrence does not identify a resolved program
edge. A combined no-trade-off theorem (formally, a dom-
inance statement) then states when a policy with semantic
entry, typed expansion, exact-source validation, and lexical
fallback is strictly cheaper and correctness-noninferior than
a lexical agent – conditional on measurable retrieval, valida-
tion, and error terms, which our experiments estimate rather
than assume.

GREPPY is the evaluated framework: it retains byte-exact
grep and file reads and adds semantic signature retrieval,
a Tree-sitter-derived signature graph, and bounded exact
source expansion. A versioned 2 × 2 experiment on repos-
itory question answering and localization (not end-to-end
edit success) separates tool-surface and instruction effects
across pinned repositories and coding models, followed by
mechanism ablations, a structured-search baseline, and a di-
rect measurement of the distance between agent trajectories
and the exact MSCC on an exhaustively solvable task family.
The theory predicts that the advantage grows with measured
lexical ambiguity, independently of coding-model strength;
the experiment reports the terms needed to test exactly
that. Across four coding models spanning three providers
(MiniMax-M3, GLM-5.2, Qwen3.6-27B, and Kimi-K3), the
structured surface dominates the lexical baseline at every
call budget: it answers 6 to 50 percentage points more tasks
correctly at matched budget (on MiniMax-M3, 2.4 times
as many at the smallest budget, 79.0% versus 33.1%), and
reaches the lexical agent’s best natural-stop correctness at
37–80% lower billed cost. The factorial design isolates the
source of the effect: the MSCC instruction, added to either
the lexical or the structured surface, produces no significant
correctness change in any of the four panels and only adds
cost (up to $21 per 1,000 tasks on Kimi-K3) – the advan-
tage is carried by the tool surface, not by prompt engineering.
Outside the navigation-heavy regime, the artifact’s release-

gated paired-edit benchmark shows the same surface to be
cost- and correctness-noninferior in billed provider dollars.
Adopting the structured surface therefore involves no trade-
off at any measured operating point.

1 Problem modelling
A repository task can be divided conceptually into two steps.
First, a retrieval operation places all code needed for the task
in the model context. Second, the model answers the ques-
tion or emits the edit in one attempt, without further repos-
itory access. If the first step returned the MSCC, it would
supply enough code and no avoidable code. For the formal
problem class defined below, no polynomial-time operation
can guarantee that result in the worst case unless P = NP.

Coding agents implement a practical, uncertified approx-
imation of the first step. Here approximation means a pol-
icy that seeks a sufficient context; no multiplicative or addi-
tive approximation ratio is claimed. Agents alternate queries,
source reads, and intermediate decisions until they either
stop with a sufficient context or answer without one. Re-
turned tool results add input to the transcript; search deci-
sions and tool calls add decoded output; both remain avail-
able through the model’s key–value state. These discovery
costs are incurred before the final answer and are distinct
from the code that makes the answer possible.

Terminology. In this paper, lexical baseline means a com-
plete coding-agent action surface containing grep,¹ file
reads, ordinary shell navigation, and the final answer; it is
not synonymouswith the single command. GREPPY is simply
the framework name chosen because the implementation pre-
serves this grep path and adds optional repository navigation
operations; the name is descriptive rather than an acronym.
The added operations provide semantic signature entry, ap-
proximate signature relations, and bounded exact-source re-
trieval; the coding model still chooses every call.

Two uncertainties are distinct. The entry problem is to lo-
cate a first relevant definition from the task description. The
expansion problem is to find the callers, callees, types, im-
ports, tests, and configuration that must be inspected around
that entry. A policy restricted to grep and file reads ad-
dresses either problem indirectly through text occurrences.
Semantic similarity targets entry; a signature graph targets
expansion; exact source remains the evidence needed to
solve.

¹The Unix command name comes from the ed form g/re/p: apply a
regular expression globally and print the matching lines [5]. Operationally,
grep selects file lines matching literal or regular-expression patterns.
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The paper contributes a graph formulation of MSCC, an
NP-completeness proof, lexical inspection lower bounds for
entry and expansion, a dominance theorem for the com-
bined Greppy–MSCC policy, and an experiment that mea-
sures both end-to-end cost–correctness and distance from
an exactly enumerated MSCC, separating tool-surface from
instruction effects: the structured tool surface realizes the
MSCC logic and carries the entire advantage, while the
MSCC instruction added to either surface is a null control
that changes no panel’s correctness and only adds cost.

1.1 Relation to prior work
The closest context-minimization work is Oracle-guided
Code Distillation (OCD), which searches for a 1-minimal
subsequence of an initially supplied repair context and uses
those contexts to train SWEzze [9]. A 1-minimal result
cannot lose any single retained element without losing the
tested repair, but need not be the globally shortest context.
MSCC instead minimizes token length over a fixed candi-
date family and makes the transcript required to find that con-
text part of the analysis. Both notions are relative to a task,
model, and success test; MSCC is additionally relative to tok-
enizer and serialization. Joren et al. use sufficient context to
separate retrieval from answer-generation failure in general
RAG systems [10]; MSCC adds the global minimization and
discovery-cost questions.

Program slicing asks for statements relevant to a program
point or behavior [20]; delta debugging and syntax-guided
reduction minimize failure-inducing inputs or programs un-
der an executable property test [16, 19]. An MSCC need not
be an executable program or a semantics-preserving slice.
It may contain source and navigation metadata, and its or-
der and serialization can matter to the coding model. Suffi-
ciency is not necessarilymonotone because additional plausi-
ble code can distract the model. These differences prevent di-
rect transfer of classical slicing guarantees, while the shared
minimization structure motivates the restricted hardness re-
sult below.

Sequential repository discovery is also a metareasoning
problem: the agent spends computation to decide which ob-
servation to buy next [17]. Adaptive submodular coverage
provides greedy guarantees under monotonicity and dimin-
ishing returns [4, 6]. Code context need not satisfy those
conditions: two definitions may be useless separately but
sufficient together. We therefore make no general greedy ap-
proximation claim; the lower bounds below concern explicit
repository families.

Repository-level retrieval has progressed from iterative
similarity retrieval in RepoCoder [23] and selective retrieval
in Repoformer [21] to dataflow-guided context in DraCo
[3]. CodexGraph exposes a repository graph database to an
LLM [15]; LocAgent uses a heterogeneous graph for local-
ization [2]. FastCode is especially close to the present mech-
anism: it scouts a semantic–structural repository map before
loading full source [13]. Recent systems combine signals
more directly: CodeRAG retrieves relevant and necessary
knowledge [26], AIRCoder adapts among retrieval dimen-
sions [18], RepoShapley filters context by estimated contri-
bution [8], and LARGER expands a repository graph from
lexical anchors [7]. These systems establish strong empir-
ical baselines for structured retrieval. Their reported accu-

racy does not determine whether an added retrieval surface is
cost-improving after failures, exact-source validation, LLM
reasoning, and index construction are counted.

Agentless separates localization from repair [22]. Con-
textBench measures trajectory-level context recall, preci-
sion, and efficiency [12]; SWE-Explore isolates ranked code-
region exploration under a line budget [25]; CORE-Bench
spans code understanding, issue localization, and broader-
context retrieval [24]. Long-context work further shows that
supplying more text does not guarantee that the model uses
it effectively [14]. These findings motivate an operational
frontier over end-to-end correctness and discovery cost, to-
gether with mechanism-specific measurements for semantic
entry and structural expansion.

1.2 Repository graph and sufficient context
1.2.1 A source-labelled repository graph

Fix a repository snapshot 𝑅. A signature record is an ad-
dressable declaration represented by language, path, source
span, declaration kind, qualified name, and those parame-
ter or receiver types that the chosen front end resolves stat-
ically. This record is an index key, not a claim that every
language has Java-style overload signatures. Let 𝑉 be the
finite set of such records for functions, methods, types, mod-
ules, and other addressable definitions. Each 𝑣 ∈ 𝑉 has an
exact source payload src(𝑣). Let the reference static graph
𝐺𝑅 = (𝑉, 𝐸) be defined, for a fixed build configuration and
relation schema, by the language front end’s name and type
resolution. GREPPY does not compute 𝐺𝑅; it computes the
Tree-sitter-based approximation

𝐺𝑅 = (𝑉, 𝐸), 𝐸 =
⋃
𝑟∈R

𝐸𝑟 , (1)

where R includes typed relations such as CALLS, USES,
TYPEREF, IMPORTS, and containment. The hat is essential.
Even a compiler-defined graph is a static target rather than
a complete runtime execution graph; dynamic dispatch, re-
flection, generated code, macros, and runtime injection may
require stronger analysis. Tree-sitter adds a second approx-
imation layer because it does not reproduce complete com-
piler name and type resolution. For task 𝜏, let 𝐺cmp

𝜏 be the
oracle-labelled statement that every relation required by the
task oracle is present in 𝐺𝑅. This completeness event is
not observable merely by reading returned neighbors: exact
source can support a returned edge, but cannot prove that
no required edge was omitted. For a frozen manifest it has
the deterministic indicator 𝑔𝜏 = 1{𝐺cmp

𝜏 }. Over a prespec-
ified task measure D, graph coverage is 𝛾D = E𝜏∼D [𝑔𝜏];
the finite study uses the equal-repository-weighted empirical
analogue. Thus coverage is an evaluation quantity, never a
runtime probability inferred from returned neighbors.

Representation lemma. Every finite, successfully re-
solved repository snapshot has a finite source-labelled di-
rected multigraph that represents exactly any fixed finite set
of compiler-resolved static relations. Create one vertex for
every resolved declaration and attach its exact source pay-
load. For every resolved relation instance (𝑢, 𝑟, 𝑣), add an
edge labelled 𝑟 from 𝑢 to 𝑣; containment edges attach decla-
rations to files and modules. Finiteness of the snapshot and

2



relation schema makes both vertex and edge sets finite. The
construction is exact for the chosen static semantics because
edge membership is defined by that resolver. It says nothing
about runtime relations outside those semantics.

The construction identifies the static object being approx-
imated; it does not make Tree-sitter equivalent to the ref-
erence resolver. Comparing 𝐺𝑅 with 𝐺𝑅 on a compiler-
resolved corpus measures missed and false edges; runtime
behavior requires a different reference. The source labels
are also indispensable: removing them would make the rep-
resentation lossy for coding tasks.

1.2.2 Minimum sufficient code context

Fix a repository snapshot 𝑅, task 𝜏, coding agent 𝐴, veri-
fier𝑊 , success threshold 𝜃, tokenizer 𝑇 , serialization 𝜎, and
finite candidate family H𝑅. Each 𝐻 ∈ H𝑅 is a sequence of
exact source payloads and records from a finite metadata uni-
verse fixed before the run; 𝜎(𝐻) is the string presented to the
model and tok(𝐻) = |𝑇 (𝜎(𝐻)) |. The agent receives only 𝜏
and 𝐻 and must emit its final answer or edit without further
repository access. For model randomness 𝜉, define

𝑄(𝐻; 𝑅, 𝜏, 𝐴,𝑊) = P𝜉
[
𝑊 (𝑅, 𝜏, 𝐴𝜉 (𝜏, 𝐻)) = 1

]
. (2)

The minimum sufficient code context is

𝐻∗ ∈ arg min
𝐻∈H𝑅

tok(𝐻) s.t. 𝑄(𝐻; 𝑅, 𝜏, 𝐴,𝑊) ≥ 𝜃. (3)

If the sufficient subset of H𝑅 is nonempty, an MSCC ex-
ists: token length maps that finite subset to a nonempty finite
subset of N, which has a least element. The minimizer need
not be unique. If no rendered context reaches 𝜃, theMSCC is
undefined for the fixed tuple (𝑅, 𝜏, 𝐴,𝑊, 𝜃, 𝑇, 𝜎,H𝑅). Thus
an MSCC is not an intrinsic property of a repository or task.
Changing the model, verifier, threshold, admissible meta-
data, tokenizer, order, or serialization can change both suf-
ficiency and the minimum.

To expose the graph-theoretic core, add a task vertex 𝑠 and
a finite set of required fact vertices 𝑇𝜏 . A source-grounded
context 𝑈 ⊆ 𝑉 is reachability-sufficient when the subgraph
induced by 𝑈 ∪ {𝑠} ∪ 𝑇𝜏 contains an 𝑠–𝑡 path for every
𝑡 ∈ 𝑇𝜏 . Source vertices have weight 𝑤(𝑣) = tok(src(𝑣));
task and fact vertices have zero weight. The corresponding
restricted MSCC is the minimum-weight source-bearing di-
rected Steiner subgraph

min
𝑈⊆𝑉

∑
𝑣∈𝑈

𝑤(𝑣) s.t. ∀𝑡 ∈ 𝑇𝜏 : 𝑠 { 𝑡 in 𝐺𝑅 [𝑈∪{𝑠}∪𝑇𝜏] .

(4)

Theorem 1 (Graph-grounded MSCC is NP-complete). The
decision version of Eq. (4)—whether a reachability-sufficient
source context of weight at most 𝐾 exists—is NP-complete,
even for a three-layer acyclic signature graph with unit-
weight source vertices. Consequently, exact MSCC construc-
tion in Eq. (3) is NP-hard.

In plain terms: there is no shortcut that always finds the
smallest sufficient context; even with a perfect dependency

graph, choosing the cheapest set of source blocks that cov-
ers everything a task needs is as hard as classic covering
problems. Any practical navigator must therefore be a good
heuristic, and its value is an empirical question – which
is why this paper measures cost and correctness instead of
claiming optimality.

Proof. Reduce Set Cover. Given universe U =
{𝑒1, . . . , 𝑒𝑚} and sets 𝑆1, . . . , 𝑆𝑛, construct a directed
acyclic graph with task root 𝑠, one unit-weight source vertex
𝑣𝑖 for each set 𝑆𝑖 , and one zero-weight fact terminal 𝑡 𝑗 for
each element 𝑒 𝑗 . Add every edge 𝑠 → 𝑣𝑖 and add 𝑣𝑖 → 𝑡 𝑗
exactly when 𝑒 𝑗 ∈ 𝑆𝑖 . This is a source-labelled signature
graph: 𝑣𝑖 may be realized by a function whose resolved
references are the fact signatures 𝑡 𝑗 .

For any 𝐽 ⊆ {1, . . . , 𝑛}, the subgraph induced by {𝑣𝑖 :
𝑖 ∈ 𝐽} ∪ {𝑠} ∪ 𝑇𝜏 reaches every terminal if and only if⋃

𝑖∈𝐽 𝑆𝑖 = U. Its source weight is |𝐽 |. Hence it has weight
at most 𝐾 exactly when the Set Cover instance has a cover
of size at most 𝐾 . The construction is polynomial. Mem-
bership in NP follows because a vertex set is a polynomial
certificate and all terminal reachability tests and the weight
sum are computable in polynomial time. Set Cover is NP-
complete [11]; therefore the restricted graph problem is NP-
complete. Fix a deterministic agent that emits the termi-
nals reachable from the source records in its context and a
verifier that accepts exactly when all terminals are emitted.
Reachability sufficiency is then the threshold-one predicate
in Eq. (2). The graph problem is therefore a deterministic
special case of Eq. (3), so the general optimization problem
is NP-hard. □

This reduction has a direct operational meaning. A hy-
pothetical tool that always returned 𝐻∗ would solve a node-
weighted directed Steiner problem before the coding model
answered. Unless P = NP, no polynomial-time repository
tool can guarantee that result for every instance. An agent
must therefore approximate the source-bearing subgraph and
pay for the observations and decoded decisions used to find
it.

1.2.3 Discovery overhead

For a discovery transcript 𝐷, let 𝐼nav
𝐷 be the non-model to-

kens added specifically for navigation before the final answer.
This includes condition-specific instructions, tool descrip-
tions, returned source, and non-source tool results; task text
and instructions shared by all conditions are excluded. Let
𝐸 (𝐷) be the ordered sequence of evidence records returned
by tools, including exact source, paths, signatures, typed rela-
tions, and frozen indexed hints. DefineH𝑅 (𝐷) ⊆ H𝑅 to con-
tain exactly those candidate contexts whose canonical record
sequences occur as order-preserving subsequences of 𝐸 (𝐷).
Free-form text not admitted to the candidate family can aid
discovery but cannot become part of the post-hoc minimum.
Let 𝐻† (𝐷) minimize token length over the sufficient mem-
bers of H𝑅 (𝐷). We require the frozen serialization to be
transcript-compatible: for every 𝐻 ∈ H𝑅 (𝐷), its canon-
ical token count is no greater than the navigation-input to-
kens containing those evidence records. Operationally, 𝜎 is
the exact record payload projected from the tool message un-
der the same tokenizer and message framing. When a suffi-
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cient member exists, the discovery-input overhead above the
MSCC decomposes as

Ω𝐼 (𝐷) = tok(𝐻†) − tok(𝐻∗)︸                  ︷︷                  ︸
larger sufficient context

+ 𝐼nav
𝐷 − tok(𝐻†)︸            ︷︷            ︸

residual navigation input

. (5)

All model-decoded tokens used before the final answer—
including search reasoning and tool-call arguments—form
discovery-output overhead Ω𝑂 (𝐷) = 𝑂nav

𝐷 . These quantities
describe what is added to the transcript relative to receiv-
ing 𝐻∗ directly; they do not charge previous model output
a second time as new input. If no sufficient subsequence
of returned evidence exists, the run is a discovery failure
rather than an overhead observation. Algebraically, Eq. (5)
equals 𝐼nav

𝐷 − tok(𝐻∗). Its two latent terms distinguish an
over-complete but sufficient evidence set from material that
contributes only to finding that set. They are identifiable
only with additional context ablation or a controlled suffi-
ciency predicate; ordinary end-to-end success identifies only
the total. The oracle-minimal-context suite of Section 4.3
provides exactly this instrumentation: its enumerated veri-
fier and the deletion ablation on larger repositories separate
the two terms for the trajectories measured there. Because
𝐻† ∈ H𝑅 is sufficient, global minimality of 𝐻∗ guarantees
tok(𝐻†) − tok(𝐻∗) ≥ 0; transcript compatibility guarantees
the second term is also nonnegative. Without that compat-
ibility, the equality still holds algebraically but the residual
term has no nonnegative-overhead interpretation. On graph-
addressable tasks, 𝐻† may contain source attached to a small
connected or nearly connected subgraph; neither the graph
nor an embedding replaces that source.

1.2.4 Discovery policies and total cost

Let A be a tool action set. A policy 𝜋 ∈ Π(A) maps the
persistent transcript to the next tool call or a final answer. Its
run produces correctness 𝑌𝜋 ∈ {0, 1} and cost

C𝜋 =
𝐵𝜋

𝑄reuse
+ 𝑝𝐼 𝐼𝜋 + 𝑝𝑅𝑅𝜋 + 𝑝𝑊𝑊𝜋 + 𝑝𝑂𝑂 𝜋 + 𝜆𝑡 𝑡𝜋 . (6)

𝐵𝜋 is the one-time local index-construction cost in the
same scalar unit, attributed over 𝑄reuse uses; 𝐼, 𝑅,𝑊,𝑂 are
uncached input, cache reads, cache writes, and decoded out-
put; 𝑡 is latency in seconds and 𝜆𝑡 converts it to that scalar
unit. When local compute is not monetized, its time and stor-
age are reported separately, 𝐵𝜋 = 0 on the provider-dollar
axis, and 𝜆𝑡 𝑡 is evaluated as a sensitivity rather than added
dimensionally. Reasoning and tool-call arguments belong
to 𝑂. Tool results are appended input, while earlier output
retained in the KV cache is not charged again as new input.
The theorems require only that cost is nonnegative and that
identical trajectories have identical cost; the experiment pre-
serves the components rather than hiding them behind one
token sum.
𝑄reuse counts deployment task attempts to which the

same frozen index artifact is made available after one build,
whether or not a particular attempt selects a structured action.

Lexical-only surfaces do not count, and benchmark repeti-
tions are not treated as deployment reuse. Consequently an
augmented run with 𝑍 = 0 can still carry its allocated build
cost through 𝑑𝑍̄ ; the selected branch carries the same alloca-
tion through 𝑎.

For target correctness𝛼, define the optimal achievable cost

𝐶∗
A (𝛼) = inf

𝜋∈Π (A)
{E[C𝜋] : P(𝑌𝜋 = 1) ≥ 𝛼} . (7)

Equation (7) describes the behavior of the complete dis-
covery procedure; 𝐻∗ remains the task-level reference for in-
put overhead.

2 The no-trade-off guarantee

2.1 Lexical and structured actions
Let A0 contain ordinary grep, file reads, and the final an-
swer. A grep observation is lexical: for pattern 𝑝, it re-
turns matching byte ranges and requested surrounding lines.
An agent can implement sophisticated navigation with these
primitives, but it must choose queries, interpret matches,
open source, and decide when enough evidence has been
seen.

Let the augmented set be

A1 = A0 ∪ {𝑆𝑘 (𝑞), 𝑁𝑟 (𝑣), 𝑃(𝑢, 𝑣), 𝑋 (𝑈)}. (8)

𝑆𝑘 (𝑞) returns the 𝑘 signatures most similar to natural-
language query 𝑞; 𝑁𝑟 (𝑣) returns typed graph neighbors;
𝑃(𝑢, 𝑣) returns a graph path; and 𝑋 (𝑈) returns bounded ex-
act source for selected signatures. The coding model selects
these operations and decides when to stop.

GREPPY implements (8) in one binary. Crucially, the
augmented agent surface retains the identical direct system-
grep action. Greppy’s own ordinary invocations also exe-
cute the installed grep program and forward arguments, std-
out, stderr, and exit status byte-for-byte without opening an
index or mutating a cache. Structured commands activate the
additional local index [1]. The passthrough supplies obser-
vation equivalence for the baseline action. It does not elimi-
nate the schema, instruction, or dispatch cost of exposing the
larger interface; those terms appear explicitly below.

Proposition 1 (Weak dominance of the Greppy action set).
Let 𝐷int be the mandatory cost of exposing the augmented
action set. Because A0 ⊂ A1 and every baseline action has
the same observation under both surfaces,

𝐶∗
A1

(𝛼) ≤ 𝐶∗
A0

(𝛼) + 𝐷int (0 ≤ 𝛼 ≤ 1). (9)

When the interface is loaded lazily so that unused added ac-
tions have zero mandatory cost, 𝐷int = 0 and the achievable
Greppy frontier weakly dominates the lexical frontier.

In plain terms: adding Greppy’s commands to an agent’s
toolbox cannot make an optimal agent worse, because ev-
ery old action is still available and behaves identically; the
only unavoidable cost is the few hundred prompt tokens that
describe the new commands. Whether a real, non-optimal
model benefits is exactly what the experiment measures.
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Proof. For every feasible baseline policy, choose the policy
on A1 that issues exactly the same calls and final answer.
Inclusion of the action set and observation equivalence pre-
serve its answer distribution; only the mandatory interface
cost can differ. Taking the infimum over all baseline policies
proves Eq. (9). □

2.2 Lexical lower bounds
Semantic entry and graph expansion create strict cost gaps on
distinct repository families under the following conditions.

2.2.1 Semantic entry under lexical target-blindness

Consider 𝑁 candidate signatures, exactly one of which im-
plements the target behavior, and draw its index 𝑇 uniformly.
Fix the lexical query class available to the baseline. A repos-
itory family is lexically target-blind when, conditional on ev-
ery transcript that has not exposed the target, each permitted
query has the same hit-observation distribution for the tar-
get as for every uninspected non-target candidate. A grep re-
sult containing a candidate-specific byte range or identifying
path counts as inspecting that candidate. Paths, filenames,
directory structure, documentation, tests, previously rejected
bodies, and negative queries are part of the conditioning tran-
script. Consequently the next uninspected candidate chosen
by any policy is independent of 𝑇 , and the target rank in its
inspection order is uniform. A literal or synonym pattern,
metadata field, or rejected-source feature that ranks the tar-
get violates target-blindness and removes the bound.

Theorem 2 (Lexical entry lower bound). If the target is uni-
form over a lexically target-blind set of 𝑁 candidates, any
lexical-search-and-read policy that locates it with probabil-
ity at least 𝛼 must inspect at least 𝛼(𝑁 + 1)/2 candidate
sources in expectation. The bound permits randomized aban-
donment and is therefore conservative.

In plain terms: when a behavioural question matches 𝑁 func-
tions whose names and text look equally plausible, plain
grep-and-read must open about half of them on average be-
fore it finds the right one. Semantic entry exists to skip that
linear scan.

Proof. Under target-blindness, condition on a policy’s max-
imum of 𝐿 = ℓ inspections if no hit occurs. The tar-
get’s position in its inspection order is uniform, so suc-
cess is ℓ/𝑁 and the expected number actually inspected is
𝜙(ℓ) = ℓ − ℓ(ℓ − 1)/(2𝑁). For every 0 ≤ ℓ ≤ 𝑁 ,
𝜙(ℓ) ≥ [ℓ/𝑁] (𝑁+1)/2. Averaging over randomized 𝐿 gives
E[𝐾] ≥ P(success)(𝑁 + 1)/2, and the result follows. Equal-
ity is attainable by abandoning immediately with probability
1 − 𝛼 and otherwise searching all candidates, showing why
the stronger 𝛼𝑁 bound would be false for unrestricted poli-
cies. □

Of these inspections, at least 𝛼(𝑁 − 1)/2 are rejected
candidates in expectation. Let 𝑐rej be the source-reading
and reasoning cost of rejecting one candidate; the success-
ful candidate belongs to the exact source needed by both
methods. Let semantic search have top-𝑘 recall 𝜌𝑘 and let
𝜈𝑘 = P(target retrieved, selected, and source-validated) on
the same task distribution. If returned signatures cost 𝑐sig,
the semantic query, LLM selection reasoning, and source

validation cost 𝑐sem, and the entry index costs 𝐵𝐸 to build,
semantic entry strictly improves this navigation bound at tar-
get success 𝛼 whenever

𝜈𝑘 ≥ 𝛼, 𝐵𝐸

𝑄reuse
+ 𝑐sem + 𝑘𝑐sig <

𝛼(𝑁 − 1)
2

𝑐rej. (10)

Raw recall 𝜌𝑘 diagnoses the retrieval layer but cannot sub-
stitute for 𝜈𝑘 : a target in the list is useless if the LLM does
not select and validate it. The threshold is evaluated from
𝑁 , 𝑘 , 𝜈𝑘 , and the actual token, index, and latency costs.
Literal-name controls should favor the lexical baseline and
prevent the task distribution from manufacturing semantic
advantage.

2.2.2 Graph expansion under structural ambiguity

Suppose the entry signature 𝑣 is known. Its unqualified iden-
tifier appears at 𝑀 candidate sites, while only 𝑑 sites repre-
sent the requested typed relation. Here 𝑑 describes the real-
ized repository and is not revealed to the lexical policy. Over-
loading, shadowing, imports, and same-name definitions can
make the matching lines identical while binding them to dif-
ferent symbols. For occurrence 𝑖, a disambiguating context
𝐷𝑖 is a source slice containing enough lexical scope, import,
receiver, and type information for the reference resolver to
determine whether that occurrence binds to 𝑣.

Theorem 3 (Structural disambiguation lower bound). There
exists a family of repositories with 𝑀 identical grep-level
candidate occurrences such that any policy using only lex-
ical search and source reads that is guaranteed to return the
exact neighbor set of 𝑣 must inspect disambiguating context
for all 𝑀 sites. A correct indexed graph returns the 𝑑 neigh-
bors in one query with output Θ(𝑑).
In plain terms: a text occurrence of a name does not tell the
agent whether it is the call it cares about; if𝑀 places mention
the name, all 𝑀 must be read to know the true callers. A
resolved graph answers the same question in a single query
whose size is the answer itself.

Proof. Construct repositories that share every grep observa-
tion outside the 𝐷𝑖 but independently bind each candidate
occurrence either to 𝑣 or to a same-named definition in a dif-
ferent scope. If a policy leaves one 𝐷𝑖 unread, two reposito-
ries remain consistent with its transcript but require different
answers at that site. The policy cannot be correct on both.
Thus all 𝑀 bindings must be disambiguated. An index that
has already resolved the typed edges need only enumerate
the 𝑑 stored neighbors. □

The preceding theorem has a guarantee criterion. A sepa-
rate distributional bound is needed for target success below
one.

Theorem 4 (Success-constrained structural lower bound).
Suppose the 𝑀 candidate sites bind independently to 𝑣 with
probability 1/2, every uninspected binding remains indepen-
dent of the lexical transcript, and inspecting a site reveals its
binding. If a lexical-search-and-read policy returns the ex-
act 𝑀-bit neighbor vector with probability at least 𝛼, then
its expected number 𝐾 of inspected sites satisfies

E[𝐾] ≥ 𝐿𝐺 (𝛼) := 𝑀
(
𝛼 − 2−𝑀

1 − 2−𝑀

)
+
. (11)
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The bound permits randomized abandonment and guessing.
In plain terms: if an agent must report exactly which of 𝑀
look-alike call sites are real, and each site can only be settled
by reading it, then high confidence forces reading almost all
𝑀 sites – no clever ordering escapes this. The typed graph
replaces those 𝑀 reads with one query.

Proof. Conditional on any stopped transcript with 𝐾 = 𝑘 ,
the 𝑀 − 𝑘 uninspected bits are independent fair bits, so any
exact output succeeds with probability at most 2−(𝑀−𝑘 ) . For
each integer 0 ≤ 𝑘 ≤ 𝑀 ,

2𝑘−𝑀 ≤ 2−𝑀 + (1 − 2−𝑀 ) 𝑘
𝑀

; (12)

this is equivalent to 𝑘 (2𝑀 − 1) ≥ 𝑀 (2𝑘 − 1), which follows
because (2𝑥 − 1)/𝑥 is increasing for positive integer 𝑥. Tak-
ing expectations gives 𝛼 ≤ 2−𝑀 + (1 − 2−𝑀 )E[𝐾]/𝑀 and
hence (11). For 𝛼 ≥ 2−𝑀 the lower envelope is attained by
mixing an uninspected uniform guess with full inspection, so
no stronger bound follows under these assumptions. □

For the guaranteed-correctness family, the 𝑑 true sites may
belong to the exact source ultimately required by both meth-
ods; the other 𝑀 − 𝑑 inspections are pure navigation over-
head. On a complete graph branch, let 𝑑 be the number of
returned candidates, including all 𝑑 true neighbors, and sup-
pose every one of the 𝑑 − 𝑑 false candidates is rejected by
local source validation. With per-rejected-site lexical disam-
biguation cost 𝑐dis, graph-query cost 𝑐graph, signature output
cost 𝑐sig, false-candidate validation cost 𝑐fp, and graph index
build cost 𝐵𝐺 , the graph branch is strictly cheaper than the
guaranteed lexical branch whenever

𝐵𝐺

𝑄reuse
+ 𝑐graph + 𝑑𝑐sig + (𝑑 − 𝑑)𝑐fp < (𝑀 − 𝑑)𝑐dis. (13)

Equation (13) is explicitly conditional and contains no
target-success parameter. Under the independent-binding
distribution, let 𝐶 tot

𝐺 instead denote the graph policy’s full
expected cost, including interface, index, returned false can-
didates, local validation, exact source reads, and fallback. If
its exact-set success rate is 𝜈𝐺 ≥ 𝛼, let 𝑐ins be a lower bound
on the complete source-reading and reasoning cost of disam-
biguating any inspected site, positive or negative. A suffi-
cient success-constrained comparison is

E[𝐶 tot
𝐺 ] < 𝑐ins𝐿𝐺 (𝛼). (14)

This does not substitute the rejection-only cost 𝑐dis from (13):
𝐿𝐺 (𝛼) counts all inspected sites. If only a lower bound
for rejected sites is available, independence and fair bind-
ings yield the weaker expected rejection bound 1

2𝑐dis𝐿𝐺 (𝛼):
conditional on deciding to inspect the next site before ob-
serving its bit, that site is negative with probability 1/2, so
iterated expectation gives half of E[𝐾] rejected sites. For
the Tree-sitter approximation, missing required edges lower
𝑟 through 𝐺

cmp
𝜏 ; a false edge accepted despite local evi-

dence contributes to 𝑓 , while rejected false edges increase 𝑑
and cost. Missing required Tree-sitter edges are recognized
misses when validation triggers lexical fallback and false ac-
ceptances otherwise. Rejected false edges increase 𝑑 and
therefore the structured cost. Exact source inspection can
validate a returned edge but cannot certify that no required
edge was omitted.

2.3 Dominance of the combined
Greppy–MSCC policy

The previous two lower bounds concern the two discovery de-
cisions that occur before exact source can be read. We now
combine them into a statement about the actual policy the
Greppy tool surface induces. Let 𝜋0 be the ordinary lexical-
search-and-read coding-agent policy. Let 𝜋𝐺𝑀 execute the
following policy: retain every action of 𝜋0; on an ambiguous
task, use semantic entry, traverse typed signature edges, read
the selected exact source, and accept the shortcut only after
source validation; on a rejected or uncertain shortcut, resume
𝜋0. The coding LLM chooses the calls. Its retrieval, valida-
tion, stopping, and fallback errors appear in the probabilities
below rather than being assumed away.

Let D𝐻 be the composed ambiguity family in which (i)
the target is uniform among 𝑁 lexically target-blind signa-
tures and (ii), after entry, each frontier vertex 𝑣𝑖 has 𝑀𝑖 lex-
ically indistinguishable candidate relation sites, 𝑑𝑖 of which
are true edges. The task requires exact source for the target
and every true neighbor. Candidate bodies used for entry
and disambiguating source slices used for expansion are dis-
joint. By the two preceding theorems, the lexical policy’s
discovery overhead above the required source is at least

𝐿𝜏 =
𝑁 − 1

2
𝑐𝐸 +

𝑚∑
𝑖=1

(𝑀𝑖 − 𝑑𝑖)𝑐𝑖 , (15)

where 𝑐𝐸 > 0 is the cost of rejecting one entry body and
𝑐𝑖 > 0 the cost of disambiguating one irrelevant relation site.
The first term is an expectation over the uniform target; the
second is a pointwise guarantee over the indistinguishable
binding family. Exact source in the sufficient subgraph is
not included in 𝐿𝜏 because both policies must read it.

The construction randomizes the lexical candidate or-
der and ambiguous bindings independently of structured re-
trieval and validation outcomes. Thus the lower bound in
Eq. (15) also holds after conditioning on a structured valid
hit. Let this conditional bound be 𝐿𝐻 . Equation (15) uses
the exact-answer criterion. At a target success level 𝛼 < 1,
𝐿𝐻 denotes the corresponding branch-conditioned success-
constrained lower bound from the preceding two theorems;
the dominance proof below is unchanged.

Let 𝑝 = Pr𝜏∼D (𝜏 ∈ D𝐻 ). On the hard family, let
𝑟, 𝑚, 𝑓 be the probabilities of a source-validated sufficient
hit, a recognized miss followed by lexical fallback, and
an insufficient shortcut accepted as sufficient; they sum to
one. These joint events include semantic retrieval, Tree-sitter
graph coverage, source freshness, generated hint fidelity,
and the LLM’s decisions. Let 𝑆 bound expected structured
query, returned-metadata, validation-reasoning, and branch-
conditional amortized index costs paid before the branch is
known. Let 𝐾 bound the conditional additional transcript
cost carried into fallback, and let 𝑊 bound the conditional
additional cost of a false-accept branch relative to the clean
lexical run after 𝑆 has been paid. Let 𝐷 contain only costs
paid regardless of branch, including mandatory interface and
instruction tokens and any unconditionally allocated build
cost, and let 𝐿0 bound the remaining excess cost on non-hard
tasks where 𝜋𝐺𝑀 uses the lexical path.

Theorem 5 (Conditional no-trade-off: cost and correctness
dominance of the combined policy). Under the definitions
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above,

E[𝐶𝐺𝑀 − 𝐶0] ≤ 𝐷 + (1 − 𝑝)𝐿0

+ 𝑝 (𝑆 − 𝑟𝐿𝐻 + 𝑚𝐾 + 𝑓𝑊) . (16)

Consequently, 𝜋𝐺𝑀 is strictly cheaper whenever

𝑝𝑟𝐿𝐻 > 𝐷 + (1 − 𝑝)𝐿0 + 𝑝(𝑆 + 𝑚𝐾 + 𝑓𝑊). (17)

Let 𝜖0 bound the correctness loss on non-hard tasks, 𝜖ℎ the
loss on validated hits, 𝜖𝑚 the loss after fallback contamina-
tion, and ℓ 𝑓 ≤ 1 the loss from false acceptance, all relative
to 𝜋0 on the same task stratum. Then

E[𝑌𝐺𝑀 − 𝑌0] ≥ − (1 − 𝑝)𝜖0
− 𝑝(𝑟𝜖ℎ + 𝑚𝜖𝑚 + 𝑓 ℓ 𝑓 ). (18)

Thus 𝜋𝐺𝑀 is correctness-noninferior within margin 𝛿 when-
ever the positive quantity on the right of Eq. (18) is at most
𝛿.

In plain terms: the combined policy wins whenever the lexi-
cal work it avoids (the linear scans and disambiguation reads
above, weighted by how often structured evidence exists and
validates) outweighs what Greppy itself costs – interface to-
kens, retrieval calls, misses, and fallbacks. Every term in the
inequality is measurable from transcripts; the experiment es-
timates them instead of assuming them.

Proof. Condition onD𝐻 and cancel the exact source belong-
ing to the sufficient subgraph, which both policies must read.
On a validated hit, 𝜋𝐺𝑀 pays expected attempt cost 𝑆 and
avoids at least 𝐿𝐻 , so the branch contributes at most 𝑆 − 𝐿𝐻 .
On a recognized miss it pays the structured attempt, then ex-
ecutes the lexical path while retaining the failed attempt in
the transcript; the difference is at most 𝑆 + 𝐾 . On a false
acceptance the difference is at most 𝑆 +𝑊 . Conditioning on
the three branches gives

𝑟 (𝑆 − 𝐿𝐻 ) + 𝑚(𝑆 + 𝐾) + 𝑓 (𝑆 +𝑊)
= 𝑆 − 𝑟𝐿𝐻 + 𝑚𝐾 + 𝑓𝑊,

because 𝑟 + 𝑚 + 𝑓 = 1. On the complementary task fam-
ily the difference is at most 𝐿0. Adding mandatory cost 𝐷
and applying total expectation proves Eq. (16); moving terms
across the strict inequality proves Eq. (17).

For correctness, the losses relative to the matched lexical
branch are bounded by 𝜖0, 𝜖ℎ, 𝜖𝑚, and ℓ 𝑓 on the four disjoint
branches. Multiplying each loss bound by its branch proba-
bility and applying total expectation proves Eq. (18). □

Corollary 1 (Strict advantage on growing ambiguity classes).
Suppose 𝑝 > 0, the validated-hit probability is bounded be-
low by 𝑟 ≥ 𝑟min > 0, false acceptance is zero, validated
hits and fallback are correctness-preserving, and𝐷, 𝐿0, 𝑆, 𝐾
are bounded independently of 𝑁 and the 𝑀𝑖 . Then 𝜋𝐺𝑀

is correctness-noninferior and becomes strictly cheaper as
𝑁 +∑

𝑖 (𝑀𝑖 − 𝑑𝑖) → ∞.

In plain terms: the bigger and more ambiguous the codebase
– more plausible entry points, more identically-named call
sites – the larger Greppy’s advantage grows, without bound,
while its own costs stay flat. Small, unambiguous reposito-
ries are where the two surfaces converge; large production
repositories are where they separate.

Proof. The right side of Eq. (17) remains bounded, whereas
Eq. (15) and hence 𝑝𝑟𝐿𝐻 diverges. Equation (18) equals
zero under the stated error assumptions. □

This is the promised separation. The graph theorem
proves that the exact minimum is intractable in general.
The entry and expansion theorems prove a lexical inspec-
tion penalty created by two different information losses.
The combined theorem proves when the concrete semantic-
entry, signature-graph, exact-source, and fallback policy con-
verts those penalties into lower total cost without sacrific-
ing correctness. Tree-sitter omissions, embedding misses,
generated-hint errors, and LLM reasoning failures change
𝑟, 𝑚, 𝑓 , 𝐾,𝑊 ; they reduce the attainable saving but do not
invalidate the bound.

3 Implementation
GREPPY exposes the actions in (8) through the commands in
Table 1. This correspondence is operational: Table 1 identi-
fies concrete commands, while retrieval success, graph cov-
erage, validation error, latency, and index cost remain mea-
sured quantities. Semantic retrieval and signature relations
form a single staged navigation interface. For a behavioral
description followed by a caller question, representative tra-
jectories are

Lexical baseline : 𝑞 → 𝑁 lexical candidates
→ candidate reads → 𝑣

→ 𝑀 occurrences → {𝐷𝑖} → 𝐻𝑠 ,

GREPPY : 𝑞 → semantic-search → 𝑣

→ who-calls / brief
→ expand / --code → 𝐻𝑠 .

The LLM chooses the calls; GREPPY returns deterministic
graph and source evidence plus ranked semantic entry can-
didates. Local function-purpose hints are navigation aids
attached to exact signatures, not evidence that can replace
source.

The signature graph is extracted with Tree-sitter and
language-specific resolution. Graph-dependent operation is
restricted to release-gated languages; reflection, runtime in-
jection, generated code, macro expansion, monkeypatching,
and dynamic dispatch can hide edges. Freshness checks
reject stale indexed source. Embeddings and summaries
are computed locally and reused. Their Metal/CUDA/CPU
backend, build time, store size, and generation identifier
are recorded so 𝐵/𝑄reuse is not presented as free. The
global --no-summaries switch disables Qwen hint gener-
ation without disabling semantic ranking, graph evidence,
or source expansion, making the no-hint ablation executable
rather than a post-hoc output filter.

3.1 MSCC-guided navigation
The method factor is the MSCC instruction: a short, tool-
independent system-prompt addition, identical on both tool
surfaces, that introduces no new operation or hidden state.
Before answering or editing, it requires the model to:
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Table 1: Formal primitives and current Greppy commands.
Primitive Concrete operation

Exact baseline ordinary grep arguments, byte-exact
passthrough

Semantic entry 𝑆𝑘 semantic-search
Name entry search-symbols
Typed neighbors
𝑁𝑟

who-calls, callees, find-usages,
brief

Transitive/path impact, path
Exact source 𝑋 --code, expand
Hint ablation --no-summaries (disables generated

hints only; ranking, graph, and expansion
stay active)

1. locate the definitions implementing the named or de-
scribed behavior and read their exact source;

2. follow every caller, callee, usage, type, import, configura-
tion, test, or other dependency that could affect the task,
reading the exact source of each relevant node until no
relevant relation remains unresolved;

3. use search results, summaries, symbols, and graph rela-
tions only to locate source, switching navigation method
when a result is incomplete or ambiguous; and

4. exclude code that cannot affect the task, then answer or
edit in one pass once the relevant graph is complete.
The instruction names no tool and asks for no cost es-

timate. Without Greppy, the model must approximate the
same task graph through lexical search and source reads;
with Greppy, the navigation-surface prompt exposes seman-
tic entry, signature relations, and source materialization.
Any additional traversal, reading, or reasoning caused by the
method remains in the measured transcript and therefore en-
ters 𝑆 and 𝐾 in Theorem 5. The exact MSCC instruction
and both tool-surface prompts are reproduced verbatim in
Appendix A with their manifest SHA-256 pins.

4 Empirical evidence
Every empirical statement in this paper carries one of four
evidence statuses: completed and analyzed (all four coding-
model panels — MiniMax-M3, GLM-5.2, Qwen3.6-27B,
and Kimi-K3 — each run to completion under the frozen
plan and the registered prompt set), release-gated artifact ev-
idence (the paired edit-and-test benchmark shipped with the
evaluated release), registered (the mechanism-term estima-
tion for the conditional no-trade-off inequality), and super-
seded (the pilot panel with the earlier prompt set, no longer
reported). This section reports all four panels with the frozen
automatic task checker.

The four panels share one registered analysis and differ
only in themodel, so a consistent effect across them separates
the tool surface from any single model’s idiosyncrasies.

4.1 Factorial experiment
The primary design is shown in Table 3. The lexical-search-
and-read surface permits ordinary grep, file reads, and stan-
dard shell navigation. The GREPPY surface adds the com-
mands in Table 1 while retaining the exact baseline actions.
The standard instruction asks the model to investigate and

Table 2: Run accounting for the four completed coding-
model panels. All four share the same frozen plan, prompt
set, checker, and price snapshot; they differ only in the model
and its registered price. All hashes refer to the per-shard run
manifests shipped with the artifact.
Task set 115 tasks (96 real + 19 controls), 6 pinned repositories
Prompt set v2 components (mscc_skill_v2), manifest-pinned
Planned cells 6,900 per panel (115 tasks × 4 conditions × 5 budgets × 3 reps)
Valid cells MiniMax-M3 6,811 · GLM-5.2 6,077

Qwen3.6-27B 4,861 · Kimi-K3 5,274
Excluded cells provider- or transport-invalid sessions only
Checker frozen automatic task checker, hash-pinned
Weighting equal repository weighting per plan
Budgets 1, 2, 4, 8 calls; natural stop (16-call cap)
Prices frozen 2026-07-14 standard-tier billed rates

Table 3: The 2×2 design separates the navigation tools from
the instructions used to operate them.
Tool surface Standard MSCC-guided

Lexical search and
reads

Lexical Lexical + instruction

GREPPY, grep,
and file reads

Greppy Greppy + instruction

answer; the MSCC-guided instruction is the fixed system-
prompt addition defined above. Task, repository snapshot,
model, decoding settings, verifier, and budgets are paired
within each four-cell block.

The navigation suite contains 96 structural or semantic
questions across pinned versions of Serde, Flask, Gson, Zod,
Tokio, and Django, plus 19 literal or synthetic controls. For
each question, a task-specific checker compares the answer
with required files, symbols, and relations. This isolates
repository discovery from patch generation and test-suite
noise; empirical claims are consequently limited to reposi-
tory QA and localization, not edit success. Four coding mod-
els are prespecified in separate panels: MiniMax-M3 through
theMiniMaxAPI, z-ai/glm-5.2 and qwen/qwen3.6-27b
through OpenRouter, and Kimi-K3 through the Kimi API.
Every cell has three independent repetitions at each of the
1-, 2-, 4-, 8-call, and natural-stop budgets. One call is one
dispatched tool invocation; every member of a parallel re-
quest and every tool error consumes one call, whereas the
final answer does not. The model sees its remaining budget
and must answer when it is exhausted. Natural stop has a 16-
call safety maximum. Infrastructure failures invalidate and
rerun the entire cell under the prespecified retry rule rather
than granting extra analytic calls. The Pi harness, medium
reasoning setting, temperature zero and top-𝑝 one where ex-
posed, provider endpoint, returned immutable model identi-
fier, and complete provider response metadata are recorded.
A provider that cannot honor a frozen controllable setting is
excluded before outcomes are unblinded rather than silently
using a mutable default. Repositories, task banks, prompts,
tool schemas, parser and resolver rules, embedding and
hint checkpoints, ranking parameters, 𝑘 , source and expan-
sion limits, tool binaries, model IDs, and price snapshots
are hashed into each run manifest. Conditions are block-
randomized within repository–task–model blocks. A repos-
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Navigation: success rate over real API cost per 1,000 tasks — four models
pi + greppy pi + greppy + MSCC pi pi + MSCC

MiniMax M3 n = 6811 (primary panel)
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Figure 1: Success rate over mean billed provider cost per 1,000 attempted tasks (linear axis; the three cheaper models share
a $0–24 range, Kimi K3’s list-price costs use $0–76) for the four experimental cells, across all four completed coding-model
panels. Each point is one call budget (labelled 1, 2, 4, 8, 𝑁 for natural stop) connected in budget order; whiskers are 95%
Wilson intervals of the per-condition success rate. In every panel the Greppy surface (blue) lies above and to the left of the
lexical baseline (green): more correct at lower cost. The two MSCC-instruction cells (Lexical + MSCC, Greppy + MSCC;
dashed and dimmed) sit essentially on top of their no-instruction counterparts — the tool surface, not the instruction, moves
the frontier.

itory index is built once per frozen artifact, its cold build
is measured separately, and its immutable warm artifact is
shared across conditions and models; no condition can in-
herit a cache produced by another condition’s task transcript.

Before any confirmatory call, a public manifest freezes the
exact task list, repository commits, repository and task-class
allocation, authoring and exclusion rules, expected struc-
tured output, required and forbidden files, symbols, relations,
and evidence spans, and the rules used to compute 𝑁, 𝑀, 𝑑,
and 𝑑. Oracles are not generated from Greppy. Static rela-
tions are obtained from an available compiler or language-
server resolver and independently checked by two annota-
tors; disagreements are adjudicated before tool outputs are
examined. For Python, the oracle schema is fixed to lexically
resolvable imports, definitions, and direct calls under the
pinned environment; dynamic dispatch and monkeypatch be-
havior are either explicitly annotated from tests or excluded
by the frozen task rule, never reclassified after seeing a tool
result. Synthetic controls have a hashed generator and a fi-
nite grid over candidate count, true degree, source length,
and name ambiguity; every grid cell and seed is listed in the
manifest rather than selected from pilot outcomes.

The coding-agent panels use external coding models.
Greppy’s in-house fine-tuned Qwen model instead generates
local function-purpose hints inside the navigation tool. It is
therefore a tool component affecting 𝑈𝜏 , ranking payload,

validation work, and query cost rather than a coding-agent
panel. Its checkpoint and prompt hashes are recorded for ev-
ery Greppy arm. Confirmatory Greppy runs begin only after
one checkpoint is selected on disjoint development reposito-
ries. The training manifest must exclude the six evaluation
repositories, evaluation questions, and derived answers; their
hashes and the selection rule are published. Evaluation tasks
are never used to choose or replace the checkpoint. A no-hint
ablation separates hint quality from graph and embedding ef-
fects.

4.2 Mechanism ablations and structured
baseline

The factorial study identifies tool-surface and instruction ef-
fects, but not which Greppy mechanism causes them. A
natural-stop ablation therefore holds the MSCC instruction
fixed and compares: (1) grep and file reads; (2) Tree-sitter
symbol search with lexical or name entry; (3) semantic en-
try with exact-source reads but no graph or hints; (4) graph
expansion from lexical or name entry with no semantic re-
trieval or hints; (5) semantic entry plus graph expansion
without hints; and (6) full Greppy. Universal Ctags sym-
bol lookup is an additional structured baseline independent
of Greppy’s semantic and graph layers. Every condition ex-
poses exact source reads and lexical fallback. Tool schemas,
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mandatory initialization, index build time, index size, and
amortized index cost are measured for each surface. These
runs test mechanism attribution; they do not claim superi-
ority over unevaluated LSP- or compiler-based systems. A
secondary matched subset uses rust-analyzer for Serde and
Tokio, Eclipse JDT LS for Gson, and typescript-language-
server with its pinned tsserver for Zod. The public manifest
freezes each executable and server version, initialization op-
tions, build configuration, supported task list, requested ref-
erence or call-hierarchy operation, response normalization,
and cold/warm index accounting. A task is excluded from
this subset before outcomes are unblinded if the frozen server
does not expose the required operation or cannot resolve the
pinned build; it remains in the primary lexical comparison.
If the subset cannot be completed, all empirical claims re-
main restricted to the lexical surface and Ctags rather than
structured navigation in general.

4.3 Direct measurement of MSCC
approximation

Cost and final correctness alone do not showwhether a trajec-
tory approached the MSCC. We therefore add a finite oracle-
minimal-context suite. Each generated repository contains
at most twelve source units with post-training random iden-
tifiers and values. The frozen task predicate specifies which
source facts are required, the canonical serialization fixes
their order, and a context is sufficient exactly when the de-
terministic task verifier can derive all required facts from the
included source units. All 2𝑛 subsets are enumerated before
agent runs, so

𝐻∗
𝜏 = arg min

𝐻⊆𝑅𝜏

{tok(𝐻) : 𝑊𝜏 (𝐻) = 1} (19)

is computed exactly for every task in this suite rather than
estimated from a successful end-to-end trajectory.

For an agent transcript 𝐷, the same verifier enumerates all
subsets of the exact source records actually returned during
discovery. If none is sufficient, the run is a discovery fail-
ure. Otherwise let 𝐻† (𝐷) be the smallest sufficient returned
subset. The four directly observed outcomes are

𝐺ctx (𝐷) = tok(𝐻† (𝐷)) − tok(𝐻∗
𝜏),

𝐺 in (𝐷) = 𝐼nav
𝐷 − tok(𝐻† (𝐷)),

𝐺out (𝐷) = 𝑂nav
𝐷 , 𝐹disc (𝐷) = 1{𝐻† (𝐷) undefined}.

(20)

𝐺ctx measures excess sufficient code, 𝐺 in measures input
spent finding it, 𝐺out measures decoded discovery and rea-
soning output, and 𝐹disc records failure to retrieve any suf-
ficient context. The primary MSCC-proximity comparison
is Greppy plus the MSCC instruction against the ordinary
lexical agent. On larger real repositories, deletion ablation
can identify a trajectory-relative 𝐻† but not the global 𝐻∗;
those results are reported separately and never labelled exact
MSCC distance.

4.4 Measurements that test the premises
Every scheduled attempt receives an automatic checker out-
come 𝑋 ∈ {0, 1}; timeouts, empty answers, budget exhaus-

tion without a valid answer, and non-infrastructure tool fail-
ures receive 𝑋 = 0. Quality is not the unweighted quotient
over all attempts: the primary estimand below averages rep-
etitions, then tasks, then gives each repository equal weight.
Cost retains the components in (6), tool calls, source opens,
returned characters, and wall time. Index construction is re-
ported separately and amortized over deployment scenarios
𝑄reuse ∈ {1, 10, 100}. Discovery and final-answer costs are
reported separately and jointly.

The transcript audit splits provider-decoded output at the
last tool-calling turn into discovery output and final-answer
output. Returned tool input is split into source-bearing and
other results; uncached input, cache reads, and cache writes
remain separate provider counters. Thus prior decoded out-
put retained in the KV cache is never counted again as new
input. This audit does not identify 𝐻† or 𝐻∗ from end-to-end
success alone, so the two latent terms in (5) are not reported
as if they were observed. 𝑂 uses provider-reported output to-
kens and includes any separately reported reasoning tokens.
Unreported internal computation is not estimated; its ab-
sence from a provider’s telemetry is disclosed. Provider-side
history rewrites or compaction, when reported, are recorded
as protocol events; when unreported, only billed usage and
the visible transcript can be compared.

Each theorem parameter is also measured:
• semantic tasks: chosen 𝑘 , top-𝑘 entry recall 𝜌𝑘 , validated
entry success 𝜈𝑘 , and entry read cost; 𝑁 is reported only for
controlled families in which lexical target-blindness is en-
forced by construction, not assigned post hoc to real tasks;

• structural tasks: textual occurrence count 𝑀 , true rela-
tion degree 𝑑, task indicator 𝑔𝜏 , equal-repository coverage
𝛾D , validated neighbor success 𝜈𝐺 , false relations, graph-
query cost, 𝑐ins, and disambiguating reads;

• evidence reliability: failures 𝑒𝑆 , 𝑒𝐺 , 𝑒𝑋, 𝑒𝑈 , 𝑒𝐴 for seman-
tic ranking, graph approximation, source freshness, sum-
mary safety, and LLM validation, together with their ob-
served joint rate rather than an independence product;

• hybrid trajectories: shortcut-selection rate 𝜂, observ-
able joint consistency 𝑟̂obs, false-accept rate 𝑓 , resid-
ual costs ℎ, 𝑤, 𝑢, branch-specific matched-baseline costs
𝑔ℎ, 𝑔 𝑓 , 𝑔𝑚, non-selected effects 𝑑𝑍̄ , 𝑒𝑍̄ , and correctness
values 𝑞ℎ, 𝑞 𝑓 , 𝑞𝑚, 𝑞0ℎ, 𝑞0 𝑓 , 𝑞0𝑚; and

• all tasks: reasoning output required to select, validate, and
stop.
The layer events are computed from the complete tool tran-

script against pinned task oracles. If semantic retrieval is
used, 𝑆𝜏 requires its output to contain the target entry marker.
If graph expansion is used, 𝐺cmp

𝜏 requires coverage of every
relation marker in the task oracle; this is an oracle-labelled
evaluation event, not something the runtime agent can es-
tablish from returned neighbors. 𝑋snd

𝜏 requires fresh exact
source and local support for every returned relation used by
the agent; it does not certify missing-edge absence. 𝑈𝜏 re-
quires either no generated hint or manual confirmation that
every audited claim in the returned hints agrees with pinned
exact source. 𝐴orc

𝜏 is the post-hoc label that the pre-answer
stop or fallback decision was appropriate given the hidden or-
acle events. It is scoredwithout inspecting the final answer or
𝑌 and is not described as a runtime observation. A separate
adherence field records whether the agent performed the ob-
servable source and supported-semantics checks. A layer not
invoked by the shortcut is the sure event. Direct source reads
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are local soundness validation, whereas a post-shortcut grep,
rg, find, or exact-text search is fallback. The observable con-
junction is reported as 𝑟̂obs only after stratified trace review
supplies 𝑈𝜏 and checks the automated navigation labels; no
independence product and no final-answer label enters it. Fi-
nal correctness is reported separately within every branch.

Matched-baseline quantities are estimated by first assign-
ing ℎ, 𝑓 , 𝑚 from the structured trajectory and then pairing
it under Γ with the baseline draw having the same reposi-
tory, task, model, budget, and prespecified replicate slot. Un-
less a provider supplies a reliable seed or common-random-
number mechanism, this is a matched independent draw, not
the unobserved trajectory of the same stochastic run. Thus
𝑔ℎ and 𝑞0ℎ describe baseline behavior on tasks whose aug-
mented draws produced a recognized hit; they are not uncon-
ditional baseline averages. Runs with 𝑍 = 0 estimate 𝑑𝑍̄ and
𝑒𝑍̄ rather than being assumed to cancel.

Answers use a frozen JSON schema with separate file,
symbol, relation, evidence-span, and concise-justification
fields. The automatic checker scores task success only when
all required fields are supported and no asserted relation
contradicts the oracle; the positive unit for checker preci-
sion and recall is the complete attempted task, while fact-
level diagnostics are secondary. A probability sample strat-
ified by model, condition, task class, and checker outcome
records each attempt’s inclusion probability 𝜋𝑖 and is judged
independently by two blinded annotators using the frozen
rubric. Disagreements go to a third adjudicator, producing
𝑌𝑖 ∈ {0, 1}. The audit starts at 240 attempts; before con-
firmatory outcomes are examined, its final size is the small-
est prespecified increment that reaches the joint power tar-
get under the frozen arm-specific sensitivity and specificity
grid, including differential checker error, or a census if no
smaller sample does. The paper reports agreement, attempt-
level confusion matrices by arm, and fact-level diagnostics;
the uncorrected checker result remains visible.

This instrumentation estimates the observable terms in
(10), (13), (14), (17), and (18). The component measure-
ments distinguish semantic or structural savings from lower
quality, additional reasoning, or an unamortized index.

4.5 Statistical analysis and central result plot
The primary estimand is defined separately for each cod-
ing model on the 96 real tasks at natural stop: Greppy
plus theMSCC instructionminus the ordinary lexical-search-
and-read agent with its standard instruction. This is the
combined-policy comparison proved in Theorem 5. The
same-instruction contrast and the two factorial main effects
are secondary mechanism comparisons. Let T𝑟 be the frozen
tasks in repository 𝑟 , let 𝐽 be the final uniform number of
repetitions, let 𝑌𝑐𝑟 𝜏 𝑗 denote correctness under the frozen ad-
judication rubric, and let 𝐶𝑐𝑟 𝜏 𝑗 be provider dollars. For con-
dition 𝑐,

𝑄𝑐 =
1
6

6∑
𝑟=1

1
|T𝑟 |

∑
𝜏∈T𝑟

1
𝐽

𝐽∑
𝑗=1
𝑌𝑐𝑟 𝜏 𝑗 ,

𝐶𝑐 =
1
6

6∑
𝑟=1

1
|T𝑟 |

∑
𝜏∈T𝑟

1
𝐽

𝐽∑
𝑗=1
𝐶𝑐𝑟 𝜏 𝑗 . (21)

The bivariate primary contrast is (Δ𝐶API,Δ𝑄) = (𝐶𝑝−𝑑 −
𝐶𝑔−𝑎, 𝑄𝑝−𝑑 − 𝑄𝑔−𝑎). It describes this finite, equally
repository-weighted set, not a superpopulation or an un-
weighted quotient over scheduled attempts.

Because 𝑌𝑖 is manually observed only in the audit sample
𝑠𝑐, quality uses the two-phase Horvitz–Thompson difference
estimator. Let 𝑋𝑖 be the automatic checker outcome for ev-
ery scheduled attempt and 𝑤𝑖 = (6|T𝑟 (𝑖) |𝐽)−1. With frozen
inclusion probability 𝜋𝑖 ,

𝑄
2p
𝑐 =

∑
𝑖∈U𝑐

𝑤𝑖𝑋𝑖 +
∑
𝑖∈𝑠𝑐

𝑤𝑖

𝜋𝑖
(𝑌𝑖 − 𝑋𝑖). (22)

The first sum is the complete phase-one frame; the second
is the design-unbiased correction for checker error. Arm-
specific error is therefore not pooled away.

The primary paired two-phase bootstrap holds the six
repositories fixed, resamples tasks and then repetitions
within repository while retaining all compared arms, and
applies the resulting phase-one multiplicity to both terms
of (22). Within every frozen audit stratum it also draws
mean-one multinomial replicate weights for the adjudicated
records and recomputes the Horvitz–Thompson residual.
Thus both trajectory variation and phase-two sampling vari-
ation enter each Δ𝑄 replicate. Synthetic controls are resam-
pled separately by generated family and grid cell. Compo-
nent 𝑝-values are obtained by null-recentering these same
joint replicates. Correctness non-inferiority and cost superi-
ority use an intersection–union test: the one-sided 95% up-
per bound for Δ𝐶 must be below zero and the one-sided 95%
lower bound for Δ𝑄 must be at least −𝛿, with 𝛿 = 0.02. Two
percentage points corresponds to approximately two extra er-
rors per 100 scheduled attempts, the largest frozen deploy-
ment safety loss; a larger loss is not traded for cost. The max-
imum component 𝑝-value is the model-level intersection–
union 𝑝-value, and Holm correction controls the family-wise
error rate across the prespecified eligible models. The 1-, 2-,
4-, and 8-call comparisons, factorial effects, task-class con-
trasts, andmechanism ablations are secondary or exploratory
and labelled as such.

A frozen simulation uses the fixed repository sizes,
paired binary discordance grid, the prespecified differential-
checker-error grid, and a blinded cost-dispersion statistic:
pooled within-block median absolute deviation of log cost
after condition labels are replaced by random codes. No
arm mean, arm-specific quality rate, or between-arm differ-
ence is available at this decision. The design must show at
least 0.80 probability of satisfying both primary bounds un-
der a 20% API-cost reduction and no true quality loss; 20%
is the minimum operationally material saving fixed to jus-
tify an added index and interface lifecycle. If three repeti-
tions do not meet the criterion, repetitions four through six
are added uniformly while the first three remain in the final
analysis. Failure at six is reported as insufficient precision,
not converted into a positive claim. Models failing a frozen
provider-control gate before unblinding are removed before
the Holm family is fixed. A model that becomes unavailable
afterward remains in that family with no confirmatory rejec-
tion and is not replaced. Per-repository effects are always
shown. Leave-one-repository-out summaries and a mixed-
effects superpopulation model are sensitivity analyses only.

The central plot shows mean billed API cost per 1,000 at-
tempts against correctness, with frozen provider prices on
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a linear cost axis. Frozen prices are the provider-billed
standard-tier rates at the recorded snapshot date; output-
token counts are the provider-billed totals and therefore in-
clude reasoning tokens. The harness rejects any cell whose
billed context would cross into a higher pricing tier, and all
cross-arm ratios within a model are invariant to the absolute
price level.

Absolute cost levels are not comparable across models,
and deliberately so: billed unit prices do not track parameter
count, and caching support differs per serving endpoint. In
the measured panels, the 27B Qwen3.6 costs nearly as much
per task as the far larger GLM-5.2, for two measured reasons:
its billed output rate ($2.40 per million tokens) is 83% of
GLM-5.2’s despite the size difference – output pricing fol-
lows hosting economics, not model scale – and its serving
endpoint provides almost no prompt caching (about 3% of its
context tokens are served from cache, against 82% for GLM-
5.2), so its nominally cheap input rate applies to roughly 5.7×
more billed input volume. This is exactly why every con-
firmatory contrast in this paper is within-model: unit-price
structure and caching behaviour cancel between the two arms
of the same model, and cross-model cost levels carry no in-
formation about surface quality. Separate panels report dis-
covery and final-answer API components. Companion fron-
tiers report warm-index latency and local resource use, and
amortized total-cost sensitivities for 𝑄reuse ∈ {1, 10, 100};
benchmark repetition is not treated as deployment reuse. Ev-
ery point is labelled by budget 1, 2, 4, 8, or 𝑁 for natural stop.
Lines only connect independently executed budgets. In a
common paired bootstrap replicate, point 𝑥 is dominated if
another arm or budget for the same model has no greater cost
and no lower correctness, with at least one strict inequality.

The formal conditions motivate, but do not imply, the fol-
lowing empirical hypotheses:
• H1: Greppy reduces cost on structural tasks with large
𝑀 − 𝑑 when graph coverage and LLM validation satisfy
(17) without violating (18); zero-degree tasks (𝑑 = 0) are
reported as their own stratum;

• H2: Greppy reduces entry reads on behaviorally described
tasks when validated entry success 𝜈𝑘 is high, while no ad-
vantage is expected on literal-name controls; 𝑁 from (10)
is not imputed to those real tasks; and

• H3: the combination of Greppy and the MSCC-guided in-
struction improves the cost–correctness trade-off when the
instruction increases validated shortcut use and timely fall-
back enough to repay its additional decoded output.

4.6 Measured panels
Each of the four panels contains 6,900 independent sessions:
115 tasks (96 real-repository tasks plus 19 literal and syn-
thetic controls), four conditions, five call budgets, and three
repetitions, scored with the frozen automatic checker. Ta-
ble 4 reports the natural-stop means for all four models; the
per-budget frontier is Fig. 1.

The pre-registered primary contrast – the paired natural-
stop comparison of Greppy plus the MSCC instruction
against the ordinary lexical agent, with a −2-point correct-
ness noninferiority margin – is computed once on each com-
pleted panel under the frozen analysis plan and is therefore
not reported here. The measured superiority is quantified
by task-paired contrasts with cluster-bootstrap 95% intervals

Table 4: Natural-stop operating points for the four completed
panels (95% Wilson intervals). In every model the Greppy
surface answersmore tasks correctly than the lexical baseline
at lower or comparable cost; adding the MSCC instruction
changes correctness only within the interval width — low-
ering it slightly on GLM-5.2 and Kimi-K3 — while always
adding cost.

Condition Correct API cost/task

MiniMax-M3
Lexical 70% [65, 74] $0.00313
Lexical +MSCC 77% [73, 82] $0.00415
Greppy 89% [86, 92] $0.00229
Greppy +MSCC 91% [88, 94] $0.00303

GLM-5.2
Lexical 78% [73, 83] $0.00880
Lexical +MSCC 85% [81, 89] $0.01369
Greppy 95% [91, 97] $0.00882
Greppy +MSCC 94% [90, 96] $0.01111

Qwen3.6-27B
Lexical 70% [65, 75] $0.01313
Lexical +MSCC 78% [73, 83] $0.02058
Greppy 76% [69, 82] $0.00964
Greppy +MSCC 81% [74, 87] $0.01572

Kimi-K3
Lexical 83% [77, 88] $0.05301
Lexical +MSCC 88% [83, 92] $0.07464
Greppy 95% [92, 98] $0.04760
Greppy +MSCC 93% [88, 96] $0.06874

(Table 5): on the MiniMax-M3 panel, at every fixed call bud-
get the Greppy surface answers between +33.8 and +44.0
percentage points more tasks correctly than the lexical agent
on the same tasks, with every interval bounded away from
zero by more than twenty points; at natural stop it is 25.0%
cheaper (cost ratio 0.750, interval [0.590, 0.906]) at no lower
quality. At natural stop the Greppy surface alone reaches
correctness parity with the lexical agent (+10.2 points, inter-
val [−1.7, +23.3]); adding the MSCC instruction (the pre-
registered combined policy) yields +16.1 points (interval
[+5.3, +28.1]). In the unit that matters operationally – billed
dollars per correct answer – the Greppy surface is roughly
half as expensive at every operating point: $1.49–$2.39 per
1,000 correct answers against $2.84–$4.17 for the lexical
agent. Every Greppy operating point in the MiniMax-M3
panel of Fig. 1 lies above and to the left of every lexical op-
erating point of equal or higher cost.

The budget frontier contains practically relevant measured
comparisons that natural-stop means hide. On MiniMax-
M3, Greppy at a single tool call already answers 79.0% of
tasks correctly for $1.20 per 1,000 tasks — above the lexi-
cal agent’s best natural-stop operating point (70% for $3.13)
at less than half its cost. The same dominance holds in ev-
ery panel: to reach the lexical baseline’s best correctness,
Greppy costs 62% less on MiniMax-M3, 39% less on GLM-
5.2, 80% less on Qwen3.6-27B, and 37% less on Kimi-K3,
while answering more tasks correctly at every matched bud-
get (a +6 to +50-point gain). Adding the MSCC instruction
moves none of these numbers materially: Greppy + MSCC
tracks Greppy alone to within the interval width in all four
panels, and on Kimi-K3 the instruction only adds cost. The
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Table 5: Task-paired contrasts, Greppy versus lexical surface
(no method instruction on either side), MiniMax-M3 panel
(shown as the per-budget exemplar; the other three panels
show the same dominance across budgets — Greppy more
correct at every fixed budget — in Fig. 1, with natural-stop
means in Table 4). Δ success is the within-pair correctness
difference in percentage points; the cost ratio divides Greppy
by lexical billed provider cost on the same pairs. Brackets are
cluster-bootstrap 95% intervals over tasks.
Budget Pairs Δ success (pp) Cost ratio

1 75 +44.0 [+29.2, +57.7] 1.106 [1.030, 1.182]
2 54 +42.6 [+26.5, +58.9] 1.009 [0.904, 1.118]
4 68 +39.7 [+27.7, +52.4] 1.047 [0.966, 1.131]
8 71 +33.8 [+21.7, +46.2] 0.986 [0.868, 1.117]
Natural 59 +10.2 [−1.7, +23.3] 0.750 [0.590, 0.906]

frontier is a property of the tool surface, not of the instruction.
These are descriptive cross-budget operating-point compar-
isons; the confirmatory decision continues to use the paired
natural-stop contrast above. The oracle-minimal-context
suite in Eq. (19) is analyzed separately because end-to-end
cost and correctness do not identify context distance.

4.7 Validity and scope
The action-set bound relies on baseline simulation and amea-
sured upper bound on mandatory interface overhead. Exact
weak dominance applies only when that overhead is zero.
Byte-identical grep output alone does not establish equal
cost, and the bound would not apply to a product that re-
places grep with an incompatible approximation. Greppy’s
passthrough and no-index behavior are therefore implemen-
tation requirements, while schema and dispatch overhead re-
main measured quantities.

The semantic lower bound describes lexically target-blind
task families, not all code search. Literal identifiers canmake
the lexical baseline optimal. Semantic advantage depends
on measured recall, and embeddings can rank plausible but
wrong code. The guaranteed graph lower bound is a worst-
case ambiguity construction; its success-constrained coun-
terpart additionally assumes independent, uniformly random
bindings. Real benefit depends on𝑀−𝑑, returned size 𝑑, and
the accuracy of the Tree-sitter-derived edges. Neither proof
covers runtime relations absent from static source, and local
source inspection does not prove graph completeness.

The factorial experiment isolates Greppy’s incremental ef-
fect over a lexical-search-and-read coding-agent surface; the
ablation adds Ctags and a language-server subset where sup-
ported. It does not establish superiority over compiler or
LSP indexes outside that matched subset or over the other
structured retrieval systems reviewed above; those compar-
isons require action surfaces and index-cost accounting of
their own.

Finally, the optimal-policy frontier is not a guarantee
about a particular LLM. A model can waste the larger ac-
tion set, rely on memorized repository knowledge, or accept
an incorrect shortcut. Recent pinned repositories, literal con-
trols, per-model reporting, and the policy factorial reduce but
do not remove those threats. Results are limited to the tested
models, task distribution, verifier, and cost snapshot.

4.8 Empirical decision
The mathematical result is a no-trade-off statement – for-
mally, dominance: never worse on correctness, cheaper
on cost – not a benchmark slogan. Greppy’s action set
weakly dominates the lexical set when unused extensions
have no mandatory cost. On task distributions with semantic
or structural ambiguity, the combined Greppy–MSCC pol-
icy is strictly cheaper whenever Eq. (17) holds, and it is
correctness-noninferior whenever Eq. (18) stays within the
chosen margin. Tree-sitter, embedding, generated-hint, and
coding-LLM errors enter those two inequalities throughmea-
sured branch probabilities and costs.

All four panels place the Greppy surface deep in the de-
sired quadrant at every budget, not only at natural stop: the
structured surface reaches the lexical agent’s best natural-
stop correctness already at its smallest call budget for a frac-
tion of the billed cost, and answers more tasks correctly at
every matched budget. Per-repository effects point in the
same direction, and the advantage is largest exactly where
the measured ambiguity moderator predicts it. The MSCC
instruction, added to either surface, is a null control in all four
panels— the effect is the tool, not the prompt. Registered hy-
pothesis H3 — that adding the MSCC instruction to Greppy
improves the cost–correctness trade-off — is therefore not
supported: the instruction adds decoded output at no cor-
rectness gain, and lowers correctness within the interval on
GLM-5.2 and Kimi-K3. Outside this regime the released ar-
tifact carries a release-gated paired edit-and-test benchmark
on pinned repositories: at exact-McNemar correctness parity
the structured arm is billed-cost-noninferior (measured ratio
0.78 against a registered bound of 1.0), so the navigation ad-
vantage is not purchased with an edit-regime penalty. The
MSCC-distance suite, checker audit, and mechanism mea-
surements extend this evidence under the same frozen de-
sign.
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Deployment recommendation
The measured evidence supports a direct recommendation:
deploy the Greppy surface as the default navigation layer for
repository agents. On every measured operating point it an-
swers more tasks correctly per dollar – roughly half the billed
cost per correct answer – and at no measured operating point
is it worse on either cost or correctness; the paired interval at
every fixed budget excludes zero by more than twenty points.
On edit tasks outside the navigation regime the release-gated
benchmark shows cost- and correctness-noninferiority, so
enabling the surface does not tax the workloads it was not
built for. The safeguards a cautious integrator would add –
exact-source validation before conclusions, lexical fallback
on empty or ambiguous structured results, build-and-test ver-
ification of edits – are not additional work: they are how the
evaluated artifact already operates, and they are themeasured
configuration, not an untested variant.
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A The MSCC instruction and the Greppy surface prompt, verbatim
The four experimental cells are the bare agent, the agent plus the MSCC instruction, the agent plus Greppy, and the agent plus
Greppy plus the MSCC instruction. The two texts below are the method and tool-surface components those cells add; they are
byte-identical to the files whose SHA-256 hashes every run manifest pins. The shared discovery preamble, the lexical-surface
component, and the neutral method line are pinned the same way and add no further instruction content.

A.1 MSCC instruction
Manifest key dominance_skill, SHA-256 43c936aa5395190f071ba9908598f9261e3b739b7b1dd9b2c5e06131f8a8ac4e.
Before answering or editing, construct the task's source-grounded code context.

1. Locate the definitions that implement the named or described behavior and read their exact source.

2. From these definitions, follow every caller, callee, usage, type, import, configuration, test, or other dependency that could
affect the task. Read the exact source of every relevant node and continue until no relevant relation remains unresolved.

3. Use search results, summaries, symbols, and graph relations only to locate source. If one navigation method is incomplete or
ambiguous, use another; an empty result does not prove that no relation exists.

Exclude code that cannot affect the task. Once the relevant graph is complete, stop exploring and answer or edit in one pass.

A.2 Greppy surface prompt
Manifest key greppy_tools, SHA-256 d103e8f389129d8c5ab4880f20d5e920b8f18f680e1efbdc285a32b2b1fbfc9b.
This project has `greppy`, a local code-navigation tool over a symbol graph and
an on-device semantic index. Ordinary grep invocations are delegated byte-for-
byte to the real system grep, but Greppy must not be installed or invoked as a
global grep alias.

CODE-NAVIGATION COMMANDS. SYMBOL is a function / method / class / type name.
They return resolved results as `qualified_name file:line`, not text matches:

greppy who-calls SYMBOL the callers of SYMBOL (incoming calls)
greppy callees SYMBOL the functions SYMBOL calls (outgoing calls)
greppy find-usages SYMBOL every reference to SYMBOL (calls, uses, imports)
greppy brief SYMBOL SYMBOL's definition plus its callers and callees, in one call
greppy impact SYMBOL the transitive set of code a change to SYMBOL reaches
greppy search-symbols NAME definitions whose name matches NAME (a name or fragment)
greppy path --from A --to B a call chain from symbol A to symbol B, if one exists

SEMANTIC SEARCH — use when you do NOT know the symbol's name:
greppy semantic-search "PLAIN-ENGLISH DESCRIPTION"

Describe the behaviour or code you are looking for in plain English
(e.g. "restrict a value to a range", "retry a failed HTTP request").
Returns the closest-matching definitions by meaning (signature + file:line).
While first-use embeddings are still building, returns a retryable status
with the active backend, progress, and ETA instead of partial/empty hits.

EXPAND — get the full source in one call instead of opening files by hand:
greppy expand ID

who-calls / callees / impact / semantic-search may end their output with a
line `Expand: greppy expand <id>`. Run it to print the prepared evidence
pack — the full source of the top matches, bundled — in a single call,
instead of reading each file:line yourself.

FLAGS (append to any command above):
--code include each result's source lines (so no separate read is needed)
--all return every result (turn off the default truncation)
--json machine-readable output with exact counts
--root DIR run against a repo other than the current directory
--kind KIND (search-symbols) restrict to function|method|class|struct|enum|trait
--direction incoming|outgoing, --depth N (impact) which way and how far to walk
--from A --to B (path) the two endpoint symbols

Prefer these over grepping a symbol name and reading every hit: who-calls /
callees / impact answer relationship questions directly, and semantic-search
finds code you cannot name.

Treat returned source paths, exact spans, signatures, and graph relations as
evidence. The indented English sentence below a function signature is a local
Qwen navigation hint. Read the source and verify changes with builds and tests.
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