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Abstract

The deployment of Large Language Models
(LLMs) in enterprise environments is critically
impeded by the Private Library Problem:
models pre-trained on open-source corpora suf-
fer catastrophic performance degradation when
facing internal, undocumented APIs. We ar-
gue that existing paradigms—whether retrieval-
augmented or search-based—fail because they
treat this deficit as aleatoric noise to be over-
come by sampling, rather than epistemic un-
certainty requiring active inquiry. To bridge
this gap, we introduce EVoC (Epistemic Value
of Computation), a framework that shifts the
paradigm of code generation from blind search
to active probing. EVoC enables agents to
autonomously calibrate their internal beliefs
against opaque environments via two novel
mechanisms: (1) a Net Value of Computa-
tion (NVoC) decision-theoretic criterion that
authorizes execution only when expected infor-
mation gain outweighs computational cost; and
(2) an Adaptive Verifier, a lightweight LoRA
module updated online to “sediment” execu-
tion feedback into parametric memory, thereby
capturing latent runtime constraints (e.g., hid-
den state machines) that escape in-context
learning. We introduce Private-SWE-Bench,
a stratified benchmark simulating obfuscated
environments, where EVoC achieves 98.2 %
Pass @1—outperforming state-of-the-art tool-
using agents (OpenHands) by 12.4 points and
search baselines (S*) by 24.4 points. Crucially,
on tasks with latent constraints, EVoC nearly
doubles the success rate of search methods
(96.7% vs. 51.3%), demonstrating that when
the map is missing, the ability to probe is more
decisive than the ability to plan.

1 Introduction

The deployment of Large Language Models
(LLMs) in enterprise software environments faces a
formidable barrier (Dong et al., 2025): the Private
Library Problem. While models excel on public
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Figure 1: Failure Modes in Private Libraries. Exist-
ing paradigms fail via hallucination (Static), blocked
retrieval (RAG), or blind search in the wrong hypothe-
sis space (Agents). EVoC solves this by shifting from
blind optimization to active probing, using execution to
reconstruct the missing API map

repositories, their performance degrades precipi-
tously on internal, undocumented SDKs—a gap
consistently highlighted by industry metrics. The
2024 Stack Overflow Developer Survey reports that
only 43% of developers trust the accuracy of Al-
generated code, with 45% finding Al tools “bad or
very bad” at handling complex, context-dependent
tasks (Stack Overflow, 2024). Research with en-
terprise developers shows that GitHub Copilot’s
suggestion acceptance rate averages around 30%,
with only 17% of generated code retained in fi-
nal commits after review—figures that drop further
on proprietary codebases lacking public training
data (Kalliamvakou et al., 2024). This challenge
stems from a fundamental epistemic misalignment:
private libraries introduce qualitatively novel APIs
and undocumented runtime constraints (e.g., hid-
den state machines in trading engines) that are ab-
sent from pre-training corpora (Sharma and David,
2025). Unlike standard out-of-distribution general-
ization, this creates high epistemic uncertainty—
a reducible lack of knowledge about environment



dynamics, distinct from the irreducible aleatoric
noise of stochastic execution (Abbasi Yadkori et al.,
2024; Der Kiureghian and Ditlevsen, 2009).

When human developers encounter such opaque
APIs, they adopt epistemic inquiry: instead
of guessing, they probe. A developer facing
gateway.process(tx) — StateError executes
print(gateway.debug_state()) to discover the
state is INIT, requiring handshake () first. This
execution is not to solve, but to calibrate. Cur-
rent agentic paradigms fail to operationalize this
shift. Static Models (Yang et al., 2025) halluci-
nate plausible but incorrect calls based on pub-
lic priors. Search Agents (e.g., LATS, S*, Re-
thinkMCTS) (Zhou et al., 2024; Yao et al., 2023;
Li et al., 2025a,b) treat failures as stochastic “bad
luck,” wasting compute to optimize a path on a
map that does not exist. RAG-based Agents (Lewis
et al., 2020; Guu et al., 2020) are rendered impo-
tent when documentation is stale, incomplete, or
air-gapped—a “Day 1” reality for many internal
platforms. While recent uncertainty-aware meth-
ods like UnCert-CoT (Zhu et al., 2025) attempt
to gauge confidence, they largely rely on verbal-
ized uncertainty rather than active environmental
probing.

To bridge this gap, we introduce EVoC (Epis-
temic Value of Computation), which reframes ex-
ecution from validation to calibration. EVoC op-
erationalizes this via: (1) a Net Value of Com-
putation (NVoC) criterion balancing instrumental
reward against epistemic gain to authorize execu-
tion only when benefit exceeds cost; and (2) an
Adaptive Verifier (online LoRA) that “sediments”
execution feedback into parametric memory.

Our contributions are threefold:

1. Epistemic Active Probing: A decision-
theoretic governance layer (NVoC) that tran-
sitions agents from blind search to targeted
inquiry.

2. Parametric Functional Memory: The usage
of online LoRA updates to capture environ-
ment dynamics (e.g., state machines) invisible
to ICL.

3. Private-SWE-Bench: A rigorous benchmark
with 150 stratified tasks (I.1-L.3) designed to
stress-test adaptation to obfuscated and latent
constraints.

2 Related Work

We position EVoC at the intersection of three re-
search threads: agentic code generation, test-time
adaptation, and epistemic decision-making.

In Agentic Code Generation, Reflexion (Shinn
et al., 2023) pioneered verbal reinforcement learn-
ing, storing natural language critiques in episodic
memory. MCTS-based planners structure code gen-
eration as tree search. LATS (Zhou et al., 2024)
combines LLM value functions with self-reflection;
S* (Li et al., 2025a) hybridizes parallel sampling
with sequential debugging; RethinkMCTS (Li et al.,
2025Db) refines erroneous thoughts via fine-grained
execution feedback. These methods optimize paths
through a fixed hypothesis space but do not actively
probe to reshape the hypothesis space itself. Open-
Hands (Wang et al., 2024) orchestrates file brows-
ing, terminal commands, and code editing within
a unified action space. While powerful for well-
documented codebases, tool sophistication cannot
compensate when the agent’s internal API model
is fundamentally misaligned with reality—better
tools merely allow faster failure.

In Test-Time Adaptation,Test-Time Training
(Sun et al., 2020; Liang et al., 2025) updates model
parameters on test instances via self-supervised
objectives. TTT-LoRA (Akyiirek et al., 2024) ini-
tializes task-specific adapters for abstract reasoning.
These methods adapt to provided tokens but do not
actively query the environment—a fundamental
limitation when documentation is absent or stale.

In Epistemic Decision-Making,Friston’s Free
Energy Principle (Friston, 2010) formalizes agents
as minimizing expected free energy—balancing ex-
trinsic reward with epistemic value (information
gain).GIF-MCTS (Dainese et al., 2024) and World-
Coder (Tang et al., 2024) synthesize executable
world models to simulate environment dynamics.

EVoC combines Active Inference’s epistemic
decision-making (NVoC) with Test-Time Adap-
tation’s parametric plasticity (LoRA), enabling
agents to actively probe undocumented environ-
ments rather than passively search or retrieve.

3 The EVoC Framework

EVoC (Epistemic Value of Computation) is a
framework for adapting code agents to private li-
braries through active probing. The framework
comprises two tightly coupled mechanisms:

1. NVoC Decision Criterion : Determines when



The EVoC Architecture — Frozen Generator + Adaptive Verifier
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Architecture separates generation (frozen, stable) from verification (adaptive, plastic), enabling real-time calibration without catastrophic forgetting.

Figure 2: The EVoC Architecture. We decouple reasoning into a Frozen Generator (System 1) providing stable
syntactic priors, and an Adaptive Verifier (System 2) that learns local semantics via online LoRA updates.

execution is worth its cost by balancing instru-
mental reward against epistemic information
gain.

2. Adaptive Learning Loop: Determines
how to encode execution feedback via a
lightweight LoRA-based verifier, uncertainty-
guided exploration, and anti-forgetting regu-
larization.

The “E” in EVoC reflects the core thesis: execu-
tion is valuable not merely for task completion, but
for epistemic gain—reducing uncertainty about the
environment. We begin by formalizing this insight.

3.1 Problem Formalization

The observation that human developers probe unfa-
miliar APIs before committing to implementations
suggests a principled formalization. We cast code
generation in opaque environments as a Bayesian
Epistemic Inquiry: the agent must decide not just
what to generate, but whether execution is worth its
cost. Thus, we formalize this as the Net Value of
Computation (NVoC). The adaptation is modeled
as a Bayesian Adaptive MDP M = (S, A, by):

* s; = (x, hy): task specification = and execu-
tion history hy;

* A = {acode; Aprobe }: exploit (submit solu-
tion) or explore (query environment);

e by(0): the agent’s belief over latent API
constraints 0, parameterized by the LoRA
adapter.

The key insight: b, is not static—it updates as the
agent actively probes to reduce uncertainty. This

distinguishes EVoC from frozen search methods
that optimize paths through a fixed belief space.

3.2 Decision: The NVoC Criterion

We authorize execution if and only if expected ben-
efit exceeds cost. The Net Value of Computation
decomposes into three terms:

NVOC(C) = Vinst +ﬁ : V;spist - Cexec (1)
~—~ —— ~—~—
solve now? learn now? cost
Interpretation. The three terms capture distinct

incentives—and reveal why the framework is
named Epistemic Value of Computation:

* Vinst = Dsuccess * R: probability-weighted re-
ward, where R = 1 for binary success/failure
tasks (Vipst € [0, 1]).

* Vepist = E[Dkp(V/||b)]: expected belief
update—the epistemic incentive (learn now?).
This term embodies the framework’s name-
sake: execution is authorized not just for suc-
cess, but for knowledge gain.

* 5 € ]0,00): exploration bonus that weights
epistemic value against instrumental value.
Higher 5 encourages probing; 5 = 0 reduces
to greedy exploitation. To maintain scale con-
sistency, Cexec 18 normalized relative to unit
reward.

Practical Approximation. Computing the full
KL-divergence is intractable online. We approxi-
mate epistemic value with predictive entropy:



Algorithm 1 NVoC Decision Rule

Input: Candidate ¢, Verifier P, Cost Ceyec,
Bonus 3
Output: Execute (true) or Prune (false)
1t Psuccess < Pyy(Success | ¢)
20 Hpred < — >, Pw(o| ¢)log Pw(o | ¢)
3: Vinst ¢ Psuccess > Instrumental value
4: Vepist < 1(0;0 | ¢)/log |O| > Epistemic
value
NVoC < ‘/inst + B : ‘/epist - Cexec
6: return NVoC > 0

bl

[f0; 0 | ]
log |O] 2
Io; 0 | c] = H[P(o|c)] — Egny[H[P(o]c; 0)]]

‘/epist ~

where I denotes the Mutual Information (Informa-
tion Gain) between the outcome and the adapter
parameters. In the case of a single-head veri-
fier, this collapses to normalized predictive entropy
Hpred/ IOg ’O’

Algorithm 1 details the decision procedure.

3.3 Learning: Adaptive Verifier

The Adaptive Verifier is a lightweight LoRA
adapter (Rank=8, <0.1% parameters) that learns
the residual between the base model’s predictions
and actual execution outcomes. This “patching”
approach leverages the insight that pre-trained syn-
tactic priors are largely correct; we only need to
learn environment-specific deviations.

Dual-Path Feedback Mechanism: To bridge the
gap between “rich probing” and “tractable learn-
ing,” we process execution feedback via two dis-
tinct paths: Rich Signal (for ICL Generator):
The raw output (e.g., method lists) is appended to
the prompt context. This enables the Frozen Gen-
erator () to hallucinate less by “reading” the en-
vironment state directly. Scalar Signal (for LoRA
Verifier): The execution trace is mapped to dis-
crete classes for the Adaptive Verifier to compute
calibration gradients.

Definition 1 (Adaptive Verifier). We model the
probability of an execution outcome o given code
c as a composite distribution:

Pyy(o|c; 0) o Softmax (Logits7rq§ (ole)

3
+ Logitsy(olc)) ©)

The outcome space @ = {Success, SyntaxError,
RuntimeError, WrongAnswer} is determined by a
two-phase classification: exception detection fol-
lowed by output validation (Algorithm 2 in Ap-
pendix).

EVoC generates targeted probes—code snippets
designed to maximize information gain. We cu-
rate 4 canonical templates (e.g., dir () for method
discovery, inspect.signature() for argument in-
spection; full library in Appendix). Given error
type e, the agent selects the most informative tem-
plate and applies NVoC gating (Algorithm 3 in
Appendix).

3.4 Exploration: Epistemic-UCB Policy

Standard UCB acts optimistically—“this might be
the best path.” Our Epistemic-UCB acts curiously—
“I don’t know what happens here.” The key in-
sight: actions where the verifier disagrees with
itself (high ensemble variance) are precisely those
that will provide the most informative feedback.

We augment standard UCB with an epistemic
bonus derived from ensemble disagreement:

In N (s) ‘
m+5'Heplst
“4)

where Hepist = H[P] — E[H] captures reducible
uncertainty (ensemble disagreement) rather than
aleatoric noise. This encourages exploration where
the verifier is most uncertain—precisely where
probing yields maximum information.

Score(s, a) = Q(s, a)+Chuch

3.5 Stability: Anchor-Regularized
Calibration (ARC)

Online adaptation risks catastrophic forgetting:
learning that gateway.handshake() is required
might accidentally unlearn basic Python idioms.
ARC addresses this with a simple intuition: update
beliefs about the probed code, but preserve beliefs
about everything else.

LARC (9> = —log PW(O* ‘Ctargeﬁ ‘9)

calibration
+ A DKL(PQOld("CanC) H PQ('|CanC))

regularization

&)

Intuition. The first term (calibration) updates the
verifier on the executed code ciarget; the second



term (regularization) penalizes changes to predic-
tions on “anchor” candidates c,n.—typically sib-
ling nodes in the search tree that were not executed.
This allows aggressive learning on new constraints
without destabilizing general code understanding.

4 Experiments

4.1 Experimental Setup

4.1.1 Benchmark: Private-SWE-Bench

Standard benchmarks (e.g., HumanEval) are ill-
suited for our study due to data contamination and
public API availability. We introduce Private-SWE-
Bench, a controlled testing environment derived
from 150 tasks in SWE-bench Verified. To sim-
ulate the "private library" condition, we apply a
rigorous Knowledge Stripping protocol, stratifying
tasks into three difficulty levels:

e L1: Syntax Shifts (n = 50): We system-
atically rename API symbols (e.g., connect
to connect-v6 ) using deterministic hashing.
This effectively nullifies pre-training memo-
rization, forcing agents to rely on execution
feedback for discovery.

¢ L.2: Semantic Shifts (n = 50): We alter func-
tion behaviors while preserving signatures,
such as changing return types (e.g., List —
Generator) or enforcing new keyword-only
constraints.

* L3: Latent Constraints (n = 50): The pri-
mary challenge. We inject runtime constraints
invisible to static analysis, such as temporal
couplings (e.g., “Method A must be called
50ms after Method B”’) or hidden state depen-
dencies. These tasks test the agent’s ability
to model dynamics that exist purely in the
execution environment.

Distribution Shift Validation. Table 1 quantifies
the efficacy of our obfuscation. The base model’s

Benchmark Pass@1 (%) Degradation
HumanEval (public APIs) 6524+ 14 — (baseline)
Private-SWE-Bench (L1) 314 +£1.8 2.1x
Private-SWE-Bench (L2) 287+ 14 2.3x
Private-SWE-Bench (L3) 10.0 £ 0.6 6.5
Overall 234+ 1.2 2.79 %

Table 1: Distribution shift validation. Base model per-
formance drops from 65.2% on public benchmarks to
23.4% overall on Private-SWE-Bench, representing a
2.79x performance degradation.

performance drops from 65.2% on HumanEval to
10.0% on L3 tasks, confirming that Private-SWE-
Bench successfully simulates an unseen environ-
ment where parametric priors fail.

4.1.2 Baselines

We evaluate EVoC against five representative base-
lines:

Static Model: Zero-shot prompting without
feedback (lower bound). Reflexion (Shinn et al.,
2023): Verbal reinforcement learning using natural
language critiques. TTT (Akyiirek et al., 2024):
Test-time adaptation via unsupervised LoRA up-
dates on test prompts. S* (Li et al., 2025a):
State-of-the-art aleatoric search combining parallel
sampling and sequential debugging. RethinkM-
CTS (Li et al., 2025b): Fine-grained MCTS with
thought-level reflection and replacement. Open-
Hands (Wang et al., 2024): A sophisticated tool-
using agent (SOTA on SWE-bench Verified) com-
prising file browsing and terminal actions.

4.1.3 Implementation Details

Model & Hardware. We use Qwen3-8B as the
base model, chosen for its state-of-the-art coding
capabilities among open weights. All experiments
are conducted on NVIDIA RTX Pro 6000 GPUs in
FP16 precision.

EVoC Configuration. Based on validation set
sweeps, we set LoRA rank r = 8, scaling fac-
tor & = 16, and epistemic bonus § = 0.3. The
NVoC decision rule operates with an execution cost
Cezec = 0.05 (normalized; equivalent to ~ 500
tokens). For the Adaptive Verifier, we employ a
lightweight ensemble (X = 3 heads) to estimate
epistemic uncertainty.

Evaluation Protocol. We report Pass@1, Execu-
tion Cost, and Wall Time, averaged over 5 random
seeds. Statistical significance is assessed via paired
t-tests with Bonferroni correction (o« = 0.05).

4.2 Main Results

Table 2 presents results on Private-SWE-Bench
(150 tasks, 5 seeds). EVoC achieves 98.2%
Pass@1, outperforming the closest competitor
OpenHands (85.8%) by 12.4 points (p < 0.001).
The Static Model’s collapse from 65.2% (Hu-
manEval) to 23.4% confirms our benchmark suc-
cessfully induces private-library distribution shift.

Stratified Analysis. Performance gaps reveal
where epistemic calibration matters most:



Pass@1 (%)

Efficiency

Method Overall L1 L2 L3 Exec.| Tok.(k)] Time(s)|
Non-Adaptive

Static Model 23.4 314 28.7 100 1.0 8.2 324.5
Verbal / Passive Calibration

Reflexion 27.1 387 313 113 12.3 452 228.2

TTT 80.0 827 847 726 44 32.5 199.8
Search-Based

S* 73.8 87.3 827 513 3.87 25.4 394

RethinkMCTS 78.7 84.8 82.6 68.7 5.6 26.8 359.6
Tool-Using Agents

OpenHands 85.8 753 9277 89.3 4.2 38.6 23.6
Active Epistemic Calibration (Ours)

EVoC 98.2 100 98.0 96.7 1.3 22.8 53.1

Table 2: Comprehensive results on Private-SWE-Bench (150 tasks, 5 seeds). Pass@1 (%) reported for overall
and stratified by difficulty level (L1: syntax shifts, L2: semantic shifts, L.3: latent constraints). Efficiency metrics:
execution count, token consumption (thousands), wall time (per task/s).

¢ L1 (Syntax): EVoC achieves 100%, versus
S* (87.3%) and OpenHands (75.3%). Simple
API discovery via dir () probes suffices.

¢ L2 (Semantic): EVoC maintains 98.0%:;
OpenHands (92.7%) is strongest baseline.
The Adaptive Verifier’s outcome-distribution
learning proves decisive for semantic shifts.

e L3 (Latent): EVoC’s advantage peaks:
96.7% vs. OpenHands (89.3%) and S*
(51.3%). The 45.4-point gap over S* validates
our thesis—active probing is essential when
the hypothesis space requires recalibration.

Paradigm Comparison. A clear hierarchy
emerges across paradigms. Non-adaptive methods
(Static: 23.4%) establish the lower bound——pre-
trained priors fail catastrophically on private APIs.
Verbal calibration (Reflexion: 27.1%) provides
only marginal gains over Static (23.4%): natural-
language critiques offer limited utility when the
agent’s hypothesis space is structurally misaligned
with reality. Passive adaptation (TTT: 80.0%) pro-
vides substantial gains by updating on test prompts,
but cannot actively query the environment. Search
methods (S*: 73.8%, RethinkMCTS: 78.7%) effi-
ciently explore their hypothesis spaces, yet fail to
reshape beliefs when those spaces are wrong. Tool-
using agents (OpenHands: 85.8%) excel at orches-
trating complex workflows; notably, OpenHands
achieves its best performance on L3 (89.3%) rather
than L1 (75.3%). We attribute this counter-intuitive
pattern to OpenHands’ interactive debugging loop,
which excels at iteratively refining complex state-
dependent code but lacks targeted introspection

primitives (e.g., dir ()) for efficient API discovery
on L1 tasks. EVoC’s uniformly high performance
across all levels (100%, 98.0%, 96.7%) demon-
strates that active epistemic calibration addresses
both failure modes.

EVoC requires only 1.3 executions per task (66%
fewer than S*, 69% fewer than OpenHands), 22.8k
tokens (41% below OpenHands), and 53.1s wall
time (6.8x faster than RethinkMCTS). The NVoC
criterion’s ability to prune low-information execu-
tions directly translates to resource savings.

The most revealing pattern is not EVoC’s ab-
solute accuracy, but how its advantage scales with
task difficulty: +12.7% on L1, +5.3% on L2, +7.4%
on L3 over best baselines. This monotonic widen-
ing reflects a fundamental distinction: L1/L.2 tasks
involve aleatoric uncertainty (stochastic search can
eventually enumerate the solution), whereas L3
tasks involve epistemic uncertainty (the hypothesis
space itself is misaligned). Search methods op-
timize paths through a fixed belief space; EVoC
actively reshapes that space through calibration.
When the map is wrong, no amount of path opti-
mization suffices—one must redraw the map. This
explains why OpenHands, despite good perfor-
mance on SWE-bench Verified, cannot close the
gap on latent constraints: tool sophistication accel-
erates search but cannot substitute for epistemic
learning.

4.3 Ablation Study

Table 3 isolates each component’s contribution.
The results reveal a striking pattern: all degrada-
tions concentrate on L3 tasks, where latent con-



straints demand both strategic probing and para-
metric learning.

Configuration Overall L3 A Ars  Exec.

EVoC (Full) 98.2 96.7 — — 1.3
— Epistemic Bonus (8 = 0) 89.4 782 —8.8 —185 24
— LoRA Verifier 91.6 713 —6.6 254 15
—ARC (A =0) 94.8 884 34 83 1.4
— Epistemic — LoRA 82.1 625 —16.1 —-342 1.1

Table 3: Component ablation on Private-SWE-Bench.
A denotes Overall Pass@1 change; A3 denotes L3-
specific degradation. Degradations concentrate on L3
(latent constraints); compound removal confirms orthog-
onality.

Setting 8 = 0 triggers premature exploitation:
accuracy drops 8.8 points while executions dou-
ble (1.3—2.4). The agent commits confidently to
wrong hypotheses, then backtracks expensively. L3
suffers most (—18.5 points) and without curiosity-
driven probing, hidden state machines remain
undiscovered.

The LoRA ablation exposes a fundamental asym-
metry: L1 tasks degrade only 2.4 points (ICL suf-
fices for syntax discovery), but L3 collapses by
25.4 points (96.7%—71.3%). This validates our
core thesis: latent constraints leave no textual trace
for prompts to capture; only weight updates can en-
code “handshake () must precede query().” ARC
regularization (—3.4 points overall, —8.3 on L3)
prevents such aggressive updates from destabiliz-
ing previously correct predictions.

Orthogonality of Components. The compound
ablation (—Epistemic—LoRA: —16.1 points) con-
firms near-additive degradation, establishing that
NVoC and LoRA address distinct failure modes:
the former governs when to probe; the latter,
how to remember. Neither substitutes for the
other—together, they enable the epistemic shift
from “searching paths” to “redrawing the map.”

4.4 Efficiency Analysis and Verifier
Calibration

4.4.1 Efficiency Analysis

Figure 3 presents iso-cost curves that sharpen the
efficiency narrative. The central finding: EVoC
achieves near-peak accuracy with dramatically
fewer executions.

The plot displays Pass@1 on the y-axis (0—
100%) versus execution budget (1-8) on the x-axis.
Four curves are shown: EVoC (solid blue) rises
steeply from 87.3% (budget=1) to 95.4% (bud-
get=2) and plateaus at 98.2% by budget=3. S*
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Figure 3: Iso-cost analysis: Pass@1 (%) versus exe-
cution budget. EVoC reaches 95.4% at budget=2; S*
plateaus at 79.5% even at budget=_8, never closing the
gap. Shaded regions: 95% CI across 5 seeds.

Metric Ensemble (K=3) Single Head Baseline
Prediction Accuracy 74.2% 68.6% 25.0%
ECE | 0.038 0.092 0.250
AUROC 0.851 0.789 0.500
Brier Score | 0.178 0.221 0.375

Table 4: Verifier calibration metrics. The 3-head ensem-
ble achieves ECE=0.038.

(dashed orange) climbs gradually from 48.6% to
its ceiling of 79.5% at budget=8. RethinkMCTS
(dotted green) and OpenHands (dash-dot purple)
show intermediate trajectories. A horizontal gray
line marks EVoC’s budget=2 performance (95.4%);
the persistent gap below this line illustrates S*’s
structural ceiling.

At budget=2, EVoC already achieves 95.4%
Pass @ 1—within 2.8 points of its peak—while S*
remains at 58.2%. Even at budget=8, S* plateaus
at 79.5%, leaving an unbridgeable 18.7-point gap.
This is not merely a sample-efficiency advantage:
it reflects a ceiling difference. Search methods opti-
mize paths through a fixed hypothesis space; when
that space excludes the solution (as in L3 tasks),
no amount of additional sampling suffices. EVoC’s
epistemic calibration reshapes the hypothesis space
itself, enabling solutions that pure search cannot
reach. In resource-constrained regimes (budget<3),
this distinction becomes decisive.

4.4.2 Verifier Calibration

NVoC’s expected-value calculation presumes well-
calibrated probability estimates. An overconfident
verifier prunes valuable probes prematurely; an
underconfident one wastes executions on uninfor-
mative queries. Table 4 validates that our 3-head
ensemble achieves the calibration necessary for



principled decision-making.

The ensemble’s Expected Calibration Error
(ECE) of 0.038 indicates near-ideal calibration:
when the verifier predicts 80% success probabil-
ity, approximately 78-82% of such candidates suc-
ceed. This 59% ECE reduction over single-head
(0.092—0.038) justifies the ensemble’s modest
overhead (~15% additional inference cost). The
reliability diagram (Appendix D) confirms this
pattern—ensemble predictions closely track the di-
agonal, while single-head exhibits systematic over-
confidence in the 0.6-0.8 confidence range.

Decomposing predictive uncertainty into epis-
temic and aleatoric components reveals why EVoC
excels on latent constraints. We compute this de-
composition using the standard ensemble-based es-
timator: total uncertainty H[P] minus expected en-
tropy E[H] yields epistemic uncertainty (model dis-
agreement), with the remainder being aleatoric (De-
peweg et al., 2018). On L1 (syntax-shift) tasks,
aleatoric uncertainty dominates (~70%)—given
multiple renamed APIs, which is correct is essen-
tially stochastic until one is discovered via dir ()
probing. On L3 (latent-constraint) tasks, the ratio
inverts: epistemic uncertainty accounts for ~70%
of total uncertainty, reflecting that the hidden hand-
shake protocol is learnable once discovered; the
challenge is discovery itself. NVoC’s epistemic
bonus (3 Vepist) thus allocates executions precisely
where learning yields highest return—explaining
why EVoC’s advantage over baselines is largest on
L3 tasks (Table 2).

5 Discussion

Our findings suggest a fundamental re-
categorization of the private library problem: it is
not a retrieval gap (missing text), but an epistemic
gap (missing dynamics). When documentation
is absent, agents cannot retrieve their way to
understanding; they must inquire their way there.

Calibration Precedes Search. The crucial fail-
ure of search-based baselines (S*) on L3 tasks il-
lustrates the peril of “optimizing a path on a wrong
map.” Search methods efficiently traverse a fixed
hypothesis space, but when that space is struc-
turally misaligned with reality (e.g., due to hidden
state machines), exhaustive search merely acceler-
ates failure. EVoC reframes execution from vali-
dation to calibration by using targeted probes to
reshape the belief space itself. This distinction is
vital: while aleatoric uncertainty can be overcome

by sampling, epistemic uncertainty demands active
model correction.

The Necessity of Parametric Plasticity. The ab-
lation study exposes the limits of context-based
adaptation: while explicit API changes (L1) can
be solved by reading probe outputs, latent con-
straints (L.3) resist textual description. We argue
that prompt history is observational but not struc-
tural: it records events without encoding the un-
derlying laws. By “sedimenting” feedback into
LoRA weights, EVoC operationalizes a form of
functional memory by internalizing runtime dynam-
ics (e.g., state automata) that are indistinguishable
from noise in a raw context window.

Towards Epistemic Economics. Finally, EVoC
introduces an economic dimension to agentic
control. In production environments, unbridled
“search” is often dangerous or cost-prohibitive. The
NVoC criterion effectively prices the epistemic util-
ity of each execution, operating as a computational
governor that authorizes uncertainty reduction only
when it justifies the cost. This paves the way for
curiosity-driven safe exploration, moving beyond
blind trial-and-error toward principled, value-aware
inquiry.

6 Conclusion

The Private Library Problem is not an issue of in-
sufficient retrieval, but a failure of epistemic align-
ment. By reframing code generation as Epistemic
Active Probing, EVoC demonstrates that when
the map is missing, the rational agent does not
search blindly—it probes to rebuild the map. Our
results on Private-SWE-Bench (96.7% vs. 51.3%
on L3 latent constraints) confirm that giving agents
the "permission to execute" for learning (NVoC)
and the "memory" to retain it (Adaptive Verifier)
bridges the gap between public pre-training and
private deployment. Future work will extend this
paradigm to multi-agent collaboration, where epis-
temic signals are shared to collaboratively map the
unknown.

Limitations

We identify limitations that circumscribe our
claims and define the frontier for future research.

The Cold Start Dilemma. EVoC begins each
session as a fabula rasa. While this prevents the
hallucination of public priors, it incurs high initial



exploration costs. Our negative results with syn-
thetic pre-training suggest that generic constraint
transfer is difficult; the path forward likely lies in
Meta-Learning—training agents to learn how to
probe, rather than memorizing what to expect.

Signal-to-Noise Ambiguity. Online adaptation
risks overfitting to environmental stochasticity. In
flaky testbeds, EVoC may misinterpret a random
timeout as a latent temporal constraint. While our
ensemble captures epistemic uncertainty, distin-
guishing aleatoric noise from complex determin-
ism requires Counterfactual Probing—actively re-
executing actions under controlled perturbations to
verify causal links.

The Context Bottleneck. Rich signals (e.g.,
dir() outputs) are information-dense but token-
expensive. Current truncation heuristics risk dis-
carding rare but critical methods. This points to-
ward Active Summarization: agents must learn to
compress execution traces into semantic signals
before context ingestion, trading fidelity for band-
width.

Ecological Validity. Private-SWE-Bench rigor-
ously simulates the epistemic conditions of private
libraries, but cannot replicate the full entropy of
legacy enterprise systems (e.g., distributed race
conditions). We view our results as a lower bound
on difficulty. Bridging the Simulation-to-Reality
gap ultimately requires industry collaboration to re-
lease anonymized execution traces from production
environments.
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A Theoretical Analysis

We provide theoretical justification for EVoC’s
rapid convergence (1.3 executions/task, see Table
2) and stability.

A.1 Convergence & Sample Complexity

Theorem 1 (Adaptation Rate). Under standard

smoothness assumptions (Lipschitz gradients with

constant L), the average gradient norm of the LORA
1

adapter 0 after T updates satisfies:
1 Z
Lot <o)
r= VT

Proof. We adapt the standard SGD convergence
analysis (Bottou et al., 2018) to our online setting.
Let £(0) = —log Py (0*|c; 0) + ADkr,(+) denote
the ARC loss. Under L-smoothness:

(6)

L 2
L(B141) < L) =l VLO)|*+ZLIVLE)?

(N
Setting learning rate n = 1/(L+/T) and telescop-
ing over T steps:

2(£(61) — L)
wi-Lofz) OO
®)
Dividing by T yields the stated O(1/v/T) rate.
The ARC regularization term ensures £ remains
bounded, preventing divergence. O

T
Do IVLE)IP <
t=1

Empirical Validation. Our main results demon-
strate that EVoC converges in T;,,, = 1.3 execu-
tions (Table 2). This extreme efficiency suggests
that the pre-trained manifold is well-conditioned,
requiring only distinct “nudges” rather than long-
horizon optimization.

Theorem 2 (NVoC Efficiency). Let A be the set
of candidate actions with unknown value functions.
The NVoC decision rule, which selects actions max-
imizing Vinst + B Vepist — Cexec, achieves cumulative
regret:

ZT:(V* ~V,) <0 ( T A -1ogT)

t=1
€)

Proof. We cast NVoC as a variant of Upper Confi-
dence Bound (UCB) selection (Auer et al., 2002).
The epistemic bonus 3Vpist functions as an opti-
mism term: high-entropy predictions indicate un-
certain outcomes, triggering exploratory execution.

Rr


https://survey.stackoverflow.co/2024/
https://survey.stackoverflow.co/2024/
https://survey.stackoverflow.co/2024/

For action a selected n,, times, the verifier’s con-
fidence interval shrinks as O(1/,/n,) due to en-
semble calibration. By Hoeffding’s inequality, the
probability that an action’s true value deviates from
its estimated value by more than € is bounded by
2 exp(—2n,€?).

Standard UCB analysis
Szepesvari, 2020) then yields:

Rr <30 <l°gT) +OWT)  (10)

acA Aa
where A, = V* — V, is the suboptimality gap.
For gap-independent bounds, this simplifies to
O(/T-|A)).

Crucially, the NVoC cost term Ceyec acts as a
“gate”: actions with NVoC < 0 are pruned entirely,
reducing the effective action space and tightening
the bound in practice. O

(Lattimore and

Empirical Validation. The submodularity of
information gain holds in our L3 tasks: marginal
entropy reduction decays rapidly (—38% at step 2,
—63% at step 3), justifying the aggressive pruning
of later probes.

A.2 Optimization Landscape: The
Discrete-Continuous Gap

Code generation is discrete (V*), but LoRA adap-
tation is continuous (0 € R9%). We bridge
this via Continuous Relaxation: minimizing
—log P(0*|c) shifts probability mass in the con-
tinuous latent space. For a RuntimeError, this
suppresses the logits of the fault-inducing tokens,
implicitly redistributing mass to alternative (“An-
chor”) regions. This effectively warps the energy
landscape to navigate the discrete search space.

A.3 Stability: ARC vs. EWC

We prefer Anchor-Regularized Calibration (ARC)
over Elastic Weight Consolidation (EWC) (Kirk-
patrick et al., 2018) for three reasons:

1. Locality: ARC allows aggressive local up-
dates (solving the specific API mismatch)
while anchoring unvisited siblings, whereas
EWC’s global Fisher matrix restricts parame-
ters broadly.

Efficiency: ARC requires O(1) storage
(frozen copy) vs. O(d) for Fisher matrices.

Online Tractability: ARC updates on single
traces; EWC requires batch passes to estimate
Fisher information.
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B Appendix: Algorithms

B.1 Outcome Judgment

Algorithm 2 defines the ground truth for our cal-
ibration. It uses a two-phase check: first filter-
ing for RuntimeError or Timeout, then engag-
ing strict Output Matching. This strictness is cru-
cial: we must not calibrate on "partial credit." If a
code runs but produces the wrong answer, it is a
WrongAnswer (Failure), not a Success. This binary
signal forces the verifier to learn the exact require-
ments. The algorithm of Outcome Classification:

Algorithm 2 Outcome Classification

Input: Execution trace T', Expected output Oexp,
Timeout 7

Output: Outcome o € O
// Phase 1: Exception Detection

1. if T contains SyntaxError

IndentationError then
return SyntaxError

end if

if 7" contains exception e € Eyntime then
return RuntimeError

end if

if time > 7 V T contains TimeoutError then
return RuntimeError

: end if

// Phase 2: Output Validation

¢ Oactual < ExtractStdout(7")

. if Match(Oactual, Ocxp) then

return Success

. else

return WrongAnswer

: end if

V

0 X RN R R

We detail the core decision logic governing
EVoC’s outcome judgment and probe selection.

B.2 Probe Selection Policy

Algorithm 3 governs the Generator’s fallback be-
havior. When a direct generation fails, we do not
simply retry. We map the error type to a specific
Probe Template designed to extract maximal epis-
temic value. For instance, an AttributeError
triggers dir() (to map the namespace), while
a TypeError triggers inspect.signature() (to
map valid inputs).



Algorithm 3 Probe Selection Policy

Input: Error e, Failed code ¢, Context objects C
Output: Probe code p or ()
1: target < ExtractErrorTarget(e, c)

2: switch e do

3: case AttributeError: D —
T (target.parent)

4:  case TypeError: p < Th(target.func)

5. case StateError: p < Ty(target.obj)

6:  default: p < T (primary_api)

7: end switch

8: if NVoC(p) > 0 then return p

9: else return ()

Full Probe Template Library. We curate a mini-
mal set of 4 generic Python introspection templates,
each targeting a specific class of semantic opacity:

e T1 (Method Discovery): print([m for m in
dir(obj) if not m.startswith(’_’)1)
Purpose: Exposes the API surface when
public documentation is outdated (handling
AttributeError).

T5 (Signature Inspection): print(inspect.
signature(func))

Purpose: Reveals argument changes (e.g.,
new required keywords) when calls fail with
TypeError.

T3 (Docstring Retrieval):
__doc__)

Purpose: Recovers embedded documentation
if available; often a low-cost high-reward first
step.

print(func.

Ty (State Inspection): print(vars(obj))
Purpose: Dumps the internal state dictionary
to diagnose hidden state machine precondi-
tions (handling ‘StateError® or silent logic fail-
ures).

C Appendix: Case Studies

We analyze EVoC’s behavior on three specific tasks,
selected to demonstrate mechanism effectiveness
and failure boundaries.

Case 1: Syntax Discovery (L.1)

Task ID: task_L1_001 (Payment Gateway) Goal:
Use internal_sdk to process payment.
Ground Truth: process() has been renamed to

handle().
T — 1 (Probe):

Agent attempts
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process(amount=100).

Feedb. AttributeError: module ’internal_sdk’ has no
attribute ’process’.

Logic NVoC Logic: Policy 77 (Method Discovery)
is triggered. Verifier predicts high epistemic
gain from namespace expansion.

1" = 2 (Probe): print([m for m in
dir(internal_sdk) ...]) — Returns
[’handle’, ’status’, ’init’].

7" = 3 (Solve): ICL maps process = handle.

Agent calls handle (amount=100).

Outc. Success.

Analysis: L1 tasks are solved via Rich Signal ex-
traction. The LoRA adapter is minimally active; the
solution is derived explicitly from the probe’s textual
output.

Case 2: Hidden State Machine (L3)

Task ID: task_L3_003 (Compute Engine)  Goal:
Execute query().
Ground Truth: query () traps unless state is active.

Transition: idle 2% conf 25 prepared... (6
steps).

7" =1 (Naive): Agent calls query().
OperationError.

Result:

7" = 2 (Exploration): NVoC drives exploration of
authenticate, setup, connect.

Learn. LoRA updates 6. Embedding for
authenticate  shifts toward "safe"
region.

7T =5 (Chaining): Generator samples
authenticate(); query(). Result:
OperationError.

7" = 6 (Refinement): Agent discovers prepare()

works after authenticate().

Oute. Success after 8 executions.'

Analysis: Validates Parametric Epistemic Search.
The Verifier learns the transition matrix through bi-
nary feedback, “redrawing the map” of valid se-
quences.

Case 3: The ‘“Combination Lock” (L3)

Task ID: task_L3_001 (Advanced Protocol) Goal:
Execute execute().
Status: Failure Boundary Case

* Problem: Error message is invariant:
OperationError: Operation failed.

e Dynamics: 9! permutations. Environment pro-

'This 6-state task represents the upper tail of our L3 dis-
tribution. The 1.3 average executions in Table 2 reflects that
most L3 tasks involve simpler (2-3 state) constraints requiring
fewer probes.



vides Sparse Reward: any deviation results in
the same error.

* EVoC Failure: NVoC cannot distinguish between
“0/9 correct” and “8/9 correct”. The gradient is
flat.

¢ Result: Budget exhausted (Pass@1 = 0).

Weakness: EVoC relies on informative gradients.
When the reward landscape is a “golf course” (flat ev-
erywhere except the hole), Epistemic Active Probing
degrades to random search.

D Appendix: Implementation Details
D.1 Hyperparameter Search

We optimized hyperparameters on a held-out val-
idation set of 30 tasks. Using a compact search
space, we identified the following optimal configu-
ration:

* LoRA Configuration: Rank r = 8, o = 16,
Dropout 0.05.
Target modules:
o_proj.

* Epistemic Bonus (5): Grid search €
{0.1,0.3,0.5,1.0}. Selected 5 = 0.3 to bal-
ance exploration (L3) with exploitation (L1).

* Cost Penalty (Cexec): Set to 500 tokens. Lower
values (< 200) caused excessive probing;
higher (> 1000) caused premature halting.

g_proj, k_proj, v_proj,

D.2 Reliability Analysis

Calibration Metrics
Ensemble ECE = 0.038
d ECE = 0.092

Single

00
00 02 04 06
Predicted Confidence

Figure 4: Reliability Diagram for Verifier Calibra-
tion.

Figure 4 illustrates the calibration performance
of the EVoC Verifier, comparing a Single-Head
baseline against our K = 3 Ensemble approach.
The Reliability Diagram maps predicted confidence
(x-axis) to observed accuracy (y-axis), where a
perfectly calibrated model follows the diagonal

(y = ).
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Overconfidence in Single-Head Models. As
shown by the orange dashed curve, the Single-
Head Verifier exhibits systematic overconfidence,
particularly in the critical high-confidence regime
(0.6 < p < 0.8). The curve falls significantly be-
low the diagonal, indicating that the model assigns
high probability to incorrect outcomes. This mis-
calibration (ECE = 0.092) is fatal for the NVoC
criterion, as it leads to an overestimation of epis-
temic gains and wasteful execution of doomed can-
didates.

Efficacy of Ensembling. The Ensemble Verifier
(blue solid curve) corrects this bias, tightly tracking
the diagonal with a significantly reduced Expected
Calibration Error (ECE) of 0.038. By averaging
the logits of K = 3 LoRA heads, the ensemble
effectively marginalizes over the "weight uncer-
tainty," pulling the predictions of ambiguous inputs
towards the center (uncertainty). This alignment
ensures that NVoC decisions are grounded in real-
istic success probabilities, validating our claim that
active probing requires accurate self-knowledge,
not just high accuracy.

Distributional Robustness. The overlaid his-
togram confirms that the majority of test instances
cluster in high-confidence bins. This non-uniform
distribution underscores the importance of mini-
mizing calibration error specifically in the p > 0.8
range, where the Ensemble maintains near-perfect
alignment compared to the drifting Single-Head
baseline.

D.3 Engineering Overhead

Online training is often assumed to be prohibitively
expensive. Table 5 refutes this, showing minimal
overhead on consumer hardware (RTX Pro 6000).

Table 5: Computational Overhead of Online Adaptation.
Note: “Backward Pass” (calibration) occurs only 1-2
times per task.

Metric Base Inf. EVoC Overhead
Notes

VRAM Usage 184GB 189GB +500 MB (Op-
timizer states)

Fwd Latency 420ms 425ms +1.2% (Negli-
gible)

Bwd Pass N/A 380 ms +1.9s total /
task

Storage N/A  42MB Negligible
(LoRA
weights)




Gradient Stability. While single-sample gradi-
ents are noisy (Uﬁrad ~ 2.4), ARC regularization
effectively dampens variance by 64%, preventing
the “catastrophic forgetting” common in batch-size-
1 online learning.
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