
Outcome Is Not Enough: Trace-Based Lifecycle Evaluation for
Trustworthy Agentic Economic Systems
Peiying Zhu
Blossom AI

San Francisco, USA

Sidi Chang
Blossom AI Labs
Tokyo, Japan

ABSTRACT
Agentic economic systems are often evaluated with scalar business
outcomes: revenue, conversion value, spend efficiency, or latency.
These signals are objective and scalable, but they can be incom-
plete when the agent acts under hidden state and changes the sys-
tem it is evaluated within. We study this failure in a two-hotel
pricing benchmark. A learning pricing agent can achieve plausi-
ble revenue per available room while failing to preserve the rate
discipline of a rule-based revenue-management benchmark. We
propose discipline stability, a trace-based lifecycle evaluation pro-
tocol: define the benchmark behavior, restrict observations to the
deployable regime, induce trace diagnostics from failure, separate
mechanisms with ablations, and test transfer, monitoring, and de-
ployment after direct benchmark access is reduced. Across reward-
only PPO variants, information-symmetric behavior-cloning base-
lines, hidden-state diagnostics, corrected-history student transfer,
frozen deployment tests, and a compact hidden-budget bidding
task, scalar outcomes alonemiss trustworthiness failures that trace
diagnostics expose. The contribution is an evaluation and monitor-
ing framework for agentic economic systemswith hidden state and
evolving feedback loops, not a new optimizer or a universal claim
about multi-agent reinforcement learning.

1 INTRODUCTION
Production agentic AI systems are increasingly asked to act, not
only predict: they route requests, allocate budgets, choose prices,
call tools, and adapt over multi-step interactions. In such settings,
an outcome metric can be easy to log but hard to trust. A deployed
agent may optimize a local KPI while violating the behavioral dis-
cipline that made the benchmark system reliable.

Recent agent benchmarks study tool use, web and desktop con-
trol, software tasks, interactive decision making, ML experimenta-
tion, and multi-turn evaluation [1, 2, 5, 6, 10, 11, 13]. We study
a complementary production-evaluation question: when an eco-
nomic agent acts in a feedback system, can the evaluator detect
whether the agent preserves the behavioral structure of the bench-
mark, not only whether it achieves the headline score?

This paper studies that evaluation problem in strategic eco-
nomic agents. The testbed is hotel pricing, but the central issue
is broader: when an agent acts under partial observability, the
same scalar outcome can be produced by several latent states and
several valid behavioral traces. This is a form of proxy failure
related to reward gaming [9] and reward misspecification [8]. It
is also aligned with recent critiques of agent evaluation practice:
accuracy-only benchmarks can hide cost, shortcutting, weak
holdouts, and reproducibility failures [3]. Our setting replaces
single-task success with business outcomes plus trace evidence.
The practical evaluation question is:

Can we certify not only that an agent achieves the
target outcome, but that it preserves the benchmark
behavior that produced that outcome?

We call this property discipline stability. A policy is discipline-
stable relative to a benchmark if it preserves both the scalar out-
come and the trace structure of the benchmark under the informa-
tion regime in which the policy is deployed. This framing is useful
for agentic AI evaluation because it turns post-deployment mon-
itoring into a concrete trace question: which behavioral statistics
should remain stable after training, transfer, model updates, or re-
moval of privileged benchmark signals?

Our main benchmark is a two-hotel pricing simulator. Hotel A
is the learner. Hotel B is a fixed revenue-management (RM) com-
petitor using a deterministic rule based on time, market condition,
and its own hidden remaining inventory. Guests choose Hotel A,
Hotel B, or the outside option. Hotel A can observe its own state
and, in competitor-aware regimes, lagged market prices; it does
not observe Hotel B’s inventory or pricing rule. Thus the environ-
ment is a single-agent partially observable control problem from
Hotel A’s perspective [7], although Hotel A’s prices change which
hotel receives demand.

The pricing benchmark and trace-prior setup are reused here as
a compact testbed for lifecycle evaluation. The main object is not a
hotel pricing optimizer, but an audit protocol for checking whether
a deployed economic agent preserves benchmark discipline under
hidden state.

The paper makes four KDD-relevant contributions. First, we de-
fine a trace-based evaluation protocol for agentic economic sys-
tems whose scalar KPIs are not enough for trustworthiness. Sec-
ond, we show a reproducible failure: reward-only PPO variants can
miss the benchmark trace even when the scalar objective is natu-
ral. Third, we diagnose the trigger: hidden competitor inventory
makes one visible state compatible with several valid benchmark
prices, so deterministic copying collapses uncertainty. Fourth, we
test persistence: a corrected-history student can inherit much of
the teacher’s discipline, and frozen learned-agent matchups do not
immediately collapse after the fixed benchmark is removed.

We keep the claim boundary explicit. We do not claim real ho-
tel validity without calibration, do not claim that all modernMARL
methods fail, and do not claim online co-learning safety.The contri-
bution is a lifecycle evaluation and monitoring paradigm for agen-
tic systems whose intended behavior is richer than a scalar KPI.

2 PRICING BENCHMARK AND HIDDEN
STATE

Each pricing episode has horizon 𝐻 = 30, default capacities 𝑄𝐴 =
𝑄𝐵 = 100, and price grid A = {100, 120, 140, 160, 180, 200, 220}. At
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Table 1: Information regimes. NC has no direct competitor-
price context. CA-lag observes laggedmarket prices. Neither
deployable regime observes current competitor inventory
𝑞𝐵,𝑡 or the RM rule.

Regime Observed by learner Hidden from learner

NC own state, own history 𝑞𝐵,𝑡 , RM rule
CA-lag NC + lagged market prices current 𝑞𝐵,𝑡 , RM rule
Oracle CA-lag + 𝑞𝐵,𝑡 RM rule

Figure 1: Hidden-state aliasing. The same visible state can
imply multiple valid benchmark actions. Deterministic
copying collapses the mixture; trace diagnostics preserve it.

step 𝑡 , Hotel A chooses 𝑝𝐴,𝑡 and Hotel B chooses

𝑝𝐵,𝑡 = FixedRM(𝑡, 𝑞𝐵,𝑡 ,𝑚𝑡 ),
where 𝑞𝐵,𝑡 is Hotel B’s remaining inventory and𝑚𝑡 is the market
condition. The fixed RM rule is a hand-tuned OSG-style price rule
plus a booking-pace floor. It is deterministic, but the learner cannot
observe its private inputs.

Hotel A’s scalar reward is per-step revenue normalized by start-
ing capacity:

𝑟out𝐴,𝑡 =
𝑝𝐴,𝑡𝑦𝐴,𝑡
𝑄𝐴

,

where 𝑦𝐴,𝑡 is the number of rooms sold by Hotel A at step 𝑡 .
Summing this quantity gives the simulator’s RevPAR measure.
This scalar reward naturally encourages selling rooms, but it does
not distinguish disciplined yield management from low-price
occupancy grabbing.

The POMDP trigger is hidden 𝑞𝐵,𝑡 . The same Hotel A-visible
observation can correspond to several competitor inventories and
therefore several valid benchmark prices:

𝜋𝑀 (𝑎 | 𝑜𝑡 ) ≈ Pr(𝑎𝐵,𝑡 = 𝑎 | 𝑜𝑡 ).
The right target is a posterior predictive distribution, not a single
action label.

3 DISCIPLINE STABILITY
Let 𝜋★ be a benchmark policy or trace reference, 𝜌 an information
regime, C a set of state slices, and Z trace variables such as price,
sales, occupancy, ADR, remaining inventory, and pacing behavior.
A policy 𝜋 passes a discipline-stability check at tolerances (𝜖out, 𝜖𝑧)

if

Δout (𝜋, 𝜋★; 𝜌) ≤ 𝜖out, (1)
𝐷 (𝑃𝑧𝜋 (· | 𝑐, 𝜌), 𝑃𝑧𝜋★ (· | 𝑐, 𝜌)) ≤ 𝜖𝑧 , ∀𝑧 ∈ Z, 𝑐 ∈ C. (2)

Here Δout is the absolute expected outcome gap. For price and bid
distributions we report 𝐷1 (𝑃,𝑄) =

∑
𝑥 |𝑃 (𝑥) − 𝑄 (𝑥) | and Jensen-

Shannon divergence.
The protocol has five steps:
(1) define the benchmark discipline beyond the KPI;
(2) specify the deployable observation regime and hidden vari-

ables;
(3) induce trace diagnostics from the observed failure;
(4) run ablations that separate weak optimization, hidden state,

deterministic collapse, and distributional repair;
(5) test whether the discipline persists after benchmark access

is reduced or removed.
This is designed as a lifecycle evaluation tool. Pre-deployment

tests can reveal whether the scalar KPI is achieved for the wrong
reason. Post-market monitoring can track whether trace distribu-
tions drift after model updates, context changes, or upstream pol-
icy changes. Governance reviews can use the same traces to ask
what the agent did, not only what score it achieved. In production
terms, the evaluator should preserve the raw event log needed to
recompute each trace statistic after a model or policy update: ob-
served state slices, action buckets, realized outcomes, benchmark
or reference actions when available, and per-seed or per-period
aggregation metadata.

4 NEGATIVE CONTROLS AND
TRACE-ACCESS BASELINES

Wefirst askwhether stronger reward-only RL is enough. PPO-style
baselines, including recurrent and centralized-training/decentralized-
execution variants, are relevant because recurrent model-free
policies can be strong under partial observability [7], and PPO
variants are strong baselines in multi-agent settings [12]. All
three optimize only 𝑟out𝐴,𝑡 . In CTDE PPO, the critic receives hidden
competitor information during training, while the deployed actor
remains decentralized.

Reward-only baselines are negative controls, not information-
symmetric competitors. We therefore also run trace-access base-
lines: behavior cloning (BC)-only stochastic copy, BC warm-start
plus PPO, and PPO with a sampled-action BC auxiliary. Table 3
shows the important nuance. In the default symmetric market, BC-
only stochastic copy is nearly tied with the Trace-Prior teacher.
This means the trace prior itself carries much of the discipline. The
algorithmic claim should therefore stay modest: Trace-Prior RL
is most useful when the agent must preserve a benchmark trace
while optimizing a local objective that is not exactly “copy the
benchmark.”

Under capacity asymmetry, the RL component becomes more
visible. With 𝑄𝐴 = 120 and 𝑄𝐵 = 100, exact copying is conserva-
tive for the larger hotel. Trace-Prior RL improves paired RevPAR
by +0.764with 95%CI [+0.125, +1.403] and improves occupancy by
+0.0051 with 95% CI [+0.0014, +0.0088]. The gain appears through
filling more rooms at similar rates, not through charging higher
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Table 2: Reward-only PPO variants fail the benchmark trace, while trace-alignedmethods recover it. R-PPO denotes recurrent
PPO.

Method RevPAR A RevPAR B Occ A Occ B ADR A ADR B 𝐷
𝑝
1 𝐷

𝑝
JS

PPO 93.554 106.925 0.7342 0.7964 127.68 134.21 0.4635 0.0559
R-PPO 95.026 101.202 0.7787 0.7677 122.30 131.76 0.5400 0.0657
CTDE PPO 94.482 110.182 0.7377 0.8000 128.26 137.71 0.6582 0.0959
Trace-Prior teacher 108.063 107.931 0.7705 0.7677 140.26 140.59 0.0165 0.0000
Corrected-history student 107.588 108.683 0.7670 0.7726 140.29 140.68 0.0198 0.0001

Table 3: Information-symmetric trace baselines. Trace ac-
cess alone is powerful; full-distribution trace regularization
is the repair used by the teacher.

Method RevPAR A 𝐷
𝑝
1 𝐷

𝑝
JS

Reward-only PPO 93.554 0.4635 0.0559
BC-only stochastic copy 107.931 0.0147 0.0000
BC warm-start + PPO 102.214 0.2054 0.0265
PPO + BC aux, 𝛼 = 0.1 108.093 0.0816 0.0059
PPO + BC aux, 𝛼 = 1.0 107.749 0.0477 0.0015
Trace-Prior teacher 108.063 0.0165 0.0000

rates.This is useful evidence for bounded adaptation, but not proof
of broad algorithmic novelty.

5 MECHANISM: HIDDEN STATE AND
DISTRIBUTIONAL REPAIR

We test the hidden-state mechanism directly. A market-price pre-
dictor using only deployable CA-lag features obtains NLL 0.5359
and exact price accuracy 76.91%. Adding oracle 𝑞𝐵,𝑡/𝑄𝐵 improves
NLL to 0.1557 and accuracy to 95.47%. This is not a deployable
model; it is a diagnostic showing that hidden competitor inventory
explains much of the label uncertainty.

The same mechanism explains why deterministic copying can
fail. An argmax predictor can have higher step accuracy while
distorting the aggregate trace: it collapses the posterior predictive
mixture onto the modal price bucket. In the pricing benchmark,
argmax prediction reaches 78.14% exact step accuracy but has
worse aggregate alignment than stochastic sampling; sampling
lowers step accuracy to 69.50% but improves 𝐷

𝑝
1 from 0.0323

to 0.0183. For lifecycle evaluation, this is the key lesson: action
accuracy and trace alignment can move in opposite directions.

The Trace-Prior teacher trains a supervised prior 𝜋𝑀 from ob-
served market traces and then optimizes

𝐽 (𝜃 ) = E𝜉∼𝜋𝜃

[
𝐻−1∑
𝑡=0

(
𝑟out𝐴,𝑡 − 𝛽 𝐷KL (𝜋𝜃 (· | 𝑜𝑡 ) ∥ 𝜋𝑀 (· | 𝑜𝑡 ))

)]
. (3)

The coefficient 𝛽 interpolates between unconstrained outcome op-
timization and trace discipline. We use 𝛽 = 30 for the selected
teacher. This is related to recent offline-to-online RL [4], but the
prior here estimates a benchmark trace under hidden state rather
than the agent’s own offline behavior.

Table 4: Selected student validation. The teacher metric lies
inside the student’s 95% CI for the main business metrics.

Metric Student mean [95% CI] Teacher Inside CI?

RevPAR 107.960 [107.026, 108.894] 108.060 yes
Occupancy 0.7728 [0.7604, 0.7852] 0.7703 yes
ADR 139.71 [138.46, 140.95] 140.29 yes

6 PERSISTENCE AND DEPLOYMENT
DIAGNOSTICS

A post-market evaluation protocol must ask whether discipline
persists after privileged benchmark access is reduced.We therefore
train a corrected-history student using a dataset-aggregation-style
correction idea. The student uses Hotel A-visible state and its own
recent corrected price history:

𝑜𝑆,𝑡 = (𝜏𝑡/𝐻,𝑞𝐴,𝑡/𝑄𝐴,𝑚𝑡 , ℎ𝐴,𝑡 , 𝑎𝐴,𝑡−1, 𝑎𝐴,𝑡−2, 𝑎𝐴,𝑡−3).
Missing early lags are padded with a fixed start-of-episode token
outside the price grid. The teacher labels states induced by the stu-
dent’s own rollouts. At deployment, the teacher is removed.

We then freeze learned policies and remove the Fixed RM
benchmark. This is not online co-learning; it is a deployment di-
agnostic. NC-vs-NC and CA-vs-CA matchups remain symmetric.
In seat-balanced mixed deployment, CA has a small directional
advantage: RevPAR 107.891 versus 107.471, occupancy 0.7738
versus 0.7711, and ADR 139.44 versus 139.37. The supported claim
is modest but important for trustworthiness monitoring: learned
policies do not immediately collapse back to the low-price shortcut
after the benchmark is removed.

7 SECOND DOMAIN: HIDDEN-BUDGET
BIDDING

To test whether the paradigm is hotel-specific, we add a compact
hidden-budget bidding task. A bidding policy chooses bid levels for
sequential ad opportunities. The full-state expert observes remain-
ing campaign budget and paces spend. Partial policies see time,
public quality, competition, and lagged bid, but not hidden bud-
get. The scalar outcome is conversion value per step; the discipline
trace is bid distribution plus pacing behavior.

Across four variants with 10 seeds each, the full-state expert ob-
tains value/step 0.482 and pacing gap 0.043. Outcome-only aggres-
sive bidding is worse on both outcome and discipline: value/step
0.374, pacing gap 0.212, 𝐷1 = 0.9859, and 𝐷JS = 0.1905. Partial
argmax imitation almost recovers scalar value (0.475) but remains



KDD EvalAgentAI ’26, August 10, 2026, Jeju, Korea Peiying Zhu and Sidi Chang

trace-wrong (𝐷1 = 0.3549, 𝐷JS = 0.0394). Partial trace-prior sam-
pling gives slightly lower value (0.467) but best preserves disci-
pline: pacing gap 0.059, 𝐷1 = 0.0130, and 𝐷JS ≈ 0.

This second domain supports the mechanism story: scalar out-
come can remain close while discipline fails; deterministic argmax
can improve outcome while collapsing hidden-state uncertainty;
stochastic trace-prior sampling preserves the expert trace.

8 GOVERNANCE, MONITORING, AND
LIMITATIONS

For agentic AI evaluation, the practical output is not only a training
method. It is a monitoring stack:

• scalar KPI: revenue, conversion value, latency, or resource
use;

• business decomposition: occupancy and ADR, or spend and
pacing;

• trace distribution: price or bid buckets, 𝐷1, 𝐷JS;
• state slices: early/late horizon, high/low inventory, tight/loose

budget;
• persistence tests: student transfer, frozen deployment, and

mixed information-regime matchups.

These logs are useful for production governance because they
describe how the agent achieved its score. They can support drift
detection after model updates, detect shortcut optimization, and
make audit reviews more concrete. In pricing or bidding systems,
the question is not merely whether the KPI improved; it is whether
the behavioral trace remains compatible with the benchmark dis-
cipline.

The limitations are substantial. The simulator is synthetic and
not calibrated to real hotel data. Hotel B is a fixed benchmark, not
a learning competitor. The bidding task is compact. Trace priors
are only as good as the benchmark trace; if the trace is noisy, bi-
ased, collusive, or commercially undesirable, the method can pre-
serve the wrong discipline. MAPPO [12], MADDPG-style online
co-learning, real-data calibration, and model-update drift tests are
natural next steps.

9 CONCLUSION
Outcome is not enough for trustworthy agentic economic systems.
A policy can hit a scalar KPI while failing to preserve the behav-
ior that makes the policy deployable. Discipline stability turns this
into an evaluation problem that can be measured: define the bench-
mark discipline, restrict the observation regime, induce trace diag-
nostics, separate mechanisms with ablations, and test whether the
behavior persists after direct benchmark access is reduced. The re-
sult is a concrete lifecycle evaluation protocol for agentic systems
whose failures live in the trace, not only in the final score.

A REPRODUCIBILITY NOTES
The workshop submission is intended to be reproducible from
the accompanying repository. All experiments use simulator-
generated data, fixed seed lists, and per-seed evaluation sum-
maries before aggregation. No private hotel or advertising data
are used.

Code layout and environment. The benchmark, training scripts,
and analysis utilities live in the hotel-pricing project directory.
The project is pure Python and declares its numerical and deep-
learning dependencies in the project configuration. From that
directory, create an environment with Python 3.12 or newer and
install the package in editable mode with the development extras.

Minimal command sequence. From the repository root:
(1) cd projects/hotel-pricing-marl
(2) python -m venv .venv and activate it.
(3) python -m pip install -e ".[dev]"
(4) Run the release commands in Table 5. Raw run outputs can

be kept separate; for the reproducible release, organize the
generated JSON, Markdown, and model files under the out-
put folders shown in the table.

Run settings. The main PPO rows use CA-lag3 observations and
three policy modes: feed-forward PPO, recurrent PPO, and CTDE
PPO. Each uses seeds 0–9, 2,000 training episodes, and 1,000 evalua-
tion episodes per seed. The selected Trace-Prior teacher uses seeds
0–9, 𝛽 = 30, 2,000 training episodes, 10,000 evaluation episodes
per seed, entropy coefficient 0, and prior temperature 0.95. The se-
lected student uses hard teacher labels, history lag 3, two student-
rollout correction rounds, no final RL polish, seeds 0–4, and 10,000
evaluation episodes per seed. The bidding check uses four vari-
ants: default, tight-budget, high-competition, and volatile-quality.
It uses seeds 0–9, 2,500 training episodes, 1,200 evaluation episodes,
and sampling temperature 0.95.

Aggregation. After raw runs finish, collect seed-level JSON sum-
maries into results/tables/. Then run the table builder listed
in Table 5 to combine those summaries into the table values re-
ported in the paper. This aggregation step does not rerun train-
ing or evaluation. All reported confidence intervals are computed
across seed-level means using the same aggregation helpers as the
report scripts.
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