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Abstract

Financial language agents are often evaluated
on fixed historical price paths, leaving un-
specified how text-conditioned decisions in-
teract with competing policies and the mar-
ket in which they are assessed. We introduce
FINEVO, a text-to-market evaluation environ-
ment in which time-stamped financial text is
translated into executable orders, cleared in
a shared simulated market, and evaluated un-
der population feedback. FINEVO defines a
closed-loop evaluation signature that jointly
records a policy’s local outcome, market con-
centration, strategic reorganization, and regime-
conditioned standing. This makes the evalua-
tion target the policy in protocol, rather than
its return against a frozen tape. Across con-
trolled disturbances and historical-information
settings, FINEVO makes changes in market or-
ganization observable alongside local returns.
Ablations show that population-feedback mech-
anisms shape whether the evaluator remains
contestable. The contribution is an evalua-
tion protocol, not a new language model or
evidence that language policies outperform
forecasting baselines. FINEVO studies how
financial-language interfaces behave when their
actions help generate the trajectories on which
they are evaluated.

1 Introduction

Financial text has long been used to measure risk,
media sentiment, and the information content of
news (Kogan et al., 2009; Tetlock, 2007; Chang
et al., 2016). Financial language models now read
earnings calls, news, filings, and market commen-
tary to forecast prices or produce trading decisions
(Zhou et al., 2021; Ding et al., 2015; Hu et al.,
2018; Huang et al., 2023; Wu et al., 2023; Yu et al.,
2024; Ma et al., 2025). Standard evaluation usually
presents such a model with a historical record, asks
for a decision, and scores that decision against a
price path fixed outside the model. This is useful

for measuring a decision interface under replay, but
it does not define the shared market in which the
decision is evaluated once other policies can react.

That missing protocol matters for financial NLP.
A text-conditioned policy receives a scheduled in-
formation stream, maps it into an order, and enters
a market populated by policies with numerical, rule-
based, and reinforcement-learning interfaces. The
joint orders determine executions, prices, and the
local outcomes recorded at the next step. A mean-
ingful evaluation must consequently state both the
financial-language interface and the market feed-
back through which the interface is assessed. It
should not reduce the question to either text predic-
tion or one scalar return on a frozen tape.

We call this object text-to-market evaluation. Its
unit is a text-conditioned policy in protocol: a
declared text-access schedule, an executable de-
cision interface, a shared market transition, com-
peting policies, and an update rule that changes the
competitive population over time. This framing
draws on market microstructure, where heteroge-
neous order submission jointly shapes liquidity,
order flow, and price formation (Farmer and Joshi,
2002; Chiarella et al., 2009; Lillo et al., 2003). It
makes a specifically NLP-facing question testable:
how should a language-mediated financial action
be evaluated when the trajectory on which it is
judged is generated inside the protocol?

We introduce FINEVO, a closed-loop evaluation
market for this setting. Time-stamped financial in-
formation reaches heterogeneous policies through
their declared interfaces; orders meet in a com-
mon continuous double auction; local outcomes are
recorded; and an archetype-level selection signal
reallocates evaluation capital before the next epoch.
Figure 1 shows the loop. The update combines
performance-sensitive selection, innovation toward
a broad prior, and stochastic perturbation, mak-
ing concentration, reorganization, and historical-
regime standing observable outputs rather than hid-
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den simulator behavior.
The paper asks three tightly connected questions.

RQ1 (Joint disturbance response): How does a
declared joint perturbation to text, the fundamen-
tal anchor, and liquidity reorganize an endogenous
market? RQ2 (Historical-regime standing): How
do documented text-conditioned interfaces occupy
competitive positions across historical information
regimes when their actions contribute to the price
path on which they are evaluated? RQ3 (Contesta-
bility): Which feedback mechanisms prevent a
closed-loop evaluator from collapsing into persis-
tent dominance or unstructured churn?

The evidence follows this chain at the level of the
declared protocol. Controlled disturbances make
the response to the declared joint condition visi-
ble; historical information regimes expose changes
in competitive standing; and mechanism ablations
show how population feedback keeps the evaluator
contestable. Together, these conditions make it pos-
sible to interpret episode outcomes in the shared
market that records them.

The methodological contribution is the policy-
in-protocol evaluation contract and its multidimen-
sional report; the GPT-4o-mini policies are evalu-
ated instantiations of that contract rather than new
language-model methods. Our contributions are
threefold. First, we formalize text-to-market evalu-
ation for financial language agents, explicitly con-
necting a time-stamped text interface to executable
actions, a shared market, and population feedback.
Second, we introduce a closed-loop evaluation sig-
nature that reports local outcome together with mar-
ket structure, reorganization, and historical-regime
standing. Third, across controlled and historical in-
formation conditions plus feedback-mechanism ab-
lations, we show why competitive context belongs
in evaluating financial-language interfaces; we do
not claim that these experiments isolate language-
model quality or establish language-policy prof-
itability.

2 Related Work

Financial text, events, and trading. Financial
NLP connects textual events to market-relevant
information. Studies of corporate disclosures, me-
dia tone, and financial-news semantics link text
to risk, sentiment, and market outcomes (Kogan
et al., 2009; Tetlock, 2007; Chang et al., 2016).
Event-driven models convert identified news into
trading signals (Zhou et al., 2021; Ding et al., 2015;

Hu et al., 2018), while datasets such as Astock
pair stock-specific news with market factors for
NLP-aided trading evaluation (Zou et al., 2022).
Work on financial question answering and domain-
adapted models further develops reasoning over
reports, news, and numerical context (Chen et al.,
2021; Huang et al., 2023; Wu et al., 2023; Liu et al.,
2023; Xiong et al., 2025). These settings charac-
terize a textual input or a local decision. FINEVO

instead specifies the market protocol that evaluates
an executable text-conditioned action jointly with
competing actions.

Language agents for financial decision making.
LLM-based trading systems enrich conventional
pipelines with reasoning, reflection, memory, and
tool use (Yao et al., 2023; Wei et al., 2022; Yu et al.,
2024; Xiao et al., 2024; Yu et al., 2025b). Recent
benchmarks span financial competence, multi-asset
sequential decision making, and financial-agent
evaluation (Xie et al., 2024; Li et al., 2025; Guo
et al., 2025); related FinNLP shared tasks evalu-
ate agent-based decision making across assets and
methods (Yu et al., 2025a). Language-agent trad-
ing arenas also demonstrate the value of allowing
actions to enter a market rather than only replay-
ing history (Ma et al., 2025). Our distinction is
to make the evaluation object explicit: a language
policy is assessed with a declared text interface, a
competitive population, and a vector of local and
market-mediated outputs, rather than as a generic
predictor or a single leaderboard entry.

Agent-based market evaluation. Financial
reinforcement-learning platforms provide data
and market-environment infrastructure (Liu
et al., 2022; Sun et al., 2023), while simulators
such as ABIDES provide detailed multi-agent
exchange infrastructure (Byrd et al., 2020;
Amrouni et al., 2021); other systems support
reinforcement-learning agents and high-fidelity
trading environments (Mascioli et al., 2024; Frey
et al., 2023). Double-auction and order-book stud-
ies establish that aggregate prices, liquidity, and
order flow are jointly generated by exchange rules
and heterogeneous trading behavior (Gode and
Sunder, 1993; Chiarella and Iori, 2002; Chiarella
et al., 2009; Cont et al., 2010). Ecological and
evolutionary perspectives further motivate studying
how strategies coexist and adapt through relative
success (Hommes, 2006; Sandholm, 2010; Brock
and Hommes, 1998; Lux and Marchesi, 1999).
FINEVO combines these ingredients around a
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FinEvo: Closed-Loop Evaluation in News-Driven Markets
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Figure 1: FINEVO evaluates financial language policies inside a feedback market. Time-stamped financial
information reaches heterogeneous policies through their declared interfaces. Orders meet in a common continuous
double auction; an archetype-level selection signal reallocates evaluation capital before the next epoch, changing the
competition faced by each interface. Evaluation therefore records both local outcomes and market-level properties
such as concentration, reorganization, and historical-regime standing.

FinNLP evaluation formulation: a text-to-market
contract induces an endogenous evaluation
trajectory, and a closed-loop signature records both
policy-level outcomes and the shared market state
in which they arise.

3 FINEVO: Text-to-Market Evaluation

3.1 Text-Conditioned Decision Interface
We distinguish the three levels used throughout the
paper. An agent instance j is a stateful simulated
trader with its own cash, inventory, and internal
state. A policy πi maps the observations available
at a decision time to an executable instruction. A
policy archetype i is the named protocol configura-
tion of that policy, including its observation inter-
face, wake-up schedule, and execution constraints;
multiple instances may instantiate one archetype.
A policy family groups related archetypes. The unit
reported by FINEVO is the policy archetype in pro-
tocol, rather than a language model in isolation. Let
g(j) map instance j to its archetype and let L index
the text-conditioned archetypes. For an instance j

with i = g(j) ∈ L, let N (i)
≤t be the time-stamped

financial text made available through interface i by
its declared schedule up to time t. Given a shared
market state zt and policy state h̃j,t, the interface

produces an executable trading instruction

oj,t ∼ πi

(︂
ϕi(N (i)

≤t ), zt, h̃j,t

)︂
,

for g(j) = i, i ∈ L.
(1)

Here ϕi is the documented text-and-context con-
struction for interface i, and oj,t is a market instruc-
tion or a null/hold decision. Holdings are supplied
to FinCon; they may be empty for the other inter-
faces. The contract maps scheduled financial text
and state to an action that the exchange can clear.

Table 1 instantiates this contract for the four lan-
guage policies. The interfaces share the same ex-
change and information schedule but differ in their
documented decision construction and executable
output. Non-language policies retain their native
numerical or rule-based interfaces; detailed wake-
up and action specifications appear in Appendix A.

3.2 Shared Market Transition
Active language and non-language agent instances
submit their instructions to the same continuous
double auction (Kyle, 1985; Gode and Sunder,
1993; Chiarella and Iori, 2002; Cont et al., 2010).
An instance that is not scheduled to act at time
t emits oj,t = ∅; scheduled news and the docu-
mented wake-up rules determine the active set. We
write the resulting market transition as

(zt+1, pt+1, ℓ1:N,t) ∼ M(zt, o1:N,t; dt, ωt), (2)
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Table 1: Text-to-trade contract for the language policies. The evaluated unit is a policy archetype under its
declared interface; all executable outputs enter the same market transition.

Policy Textual input Decision construction Executable output

ReAct Scheduled financial news + market
context

Reason–act procedure Fixed-size BUY / SELL / HOLD
instruction

CoT Scheduled financial news + market
context

Reasoning trace + final action Fixed-size BUY / SELL / HOLD
instruction

Trading Scheduled financial news + market
context

Structured trading plan Action + quantity instruction

FinCon Scheduled financial news + market
context + holdings

Constrained trading plan Constraint-checked action +
quantity instruction

where pt+1 is the transaction-price state and ℓ1:N,t

records cleared fills and the resulting local cash,
inventory, and payoff records. The declared condi-
tion dt contains scheduled information and, in the
controlled suite, the joint text, fundamental, and
liquidity disturbance; ωt denotes simulation ran-
domness. Equation 2 therefore specifies the shared
trajectory through which each policy is evaluated,
rather than attributing market structure to one pol-
icy.

For a language interface πi, the resulting closed-
loop evaluation is a protocol-induced trajectory dis-
tribution:

ECL
i = E(πi;N ,Π−i,M,U) . (3)

It depends on the declared information stream N ,
competing-policy set Π−i, market transition M,
and population update U . It defines the conditions
under which a text-conditioned policy’s local and
market-mediated outcomes are observed.

3.3 Closed-Loop Evaluation Signature
For a declared information-and-market condition
η, FINEVO reports the following closed-loop eval-
uation signature:

SCL
i (η) =

(︁
Li(η), C(η), R(η), Gi(η)

)︁
. (4)

Li is the policy’s local outcome record (terminal
simple return in the reported instantiation). C is
shared market concentration, summarized by HHI
and Top-1 share; R is shared market reorganization,
summarized by dominant-archetype switches; and
Gi is the interface’s historical-regime standing. For
each reported regime, Gi records the first-, second-
, and third-place finish profile over the retained
ranking checkpoints. It is reported alongside, rather
than folded into, the local outcome record.

Concentration is measured by the Herfindahl–

Hirschman index

HHI(xq) =
K∑︂

k=1

(xqk)
2, (5)

where xq is the allocation of evaluation capital over
K policy archetypes at macro epoch q. C and R
are shared-market coordinates. The signature there-
fore evaluates a policy together with the market
structure under its declared protocol.

3.4 Population Feedback and Contestability
The market transition and population feedback are
distinct. Let xq ∈ ∆K−1 denote the archetype-
level allocation at macro epoch q. Abstractly, the
evaluator updates it through

xq+1 = U(xq, V q; θU ), (6)

where V q is the forward-looking, archetype-level
value signal used for population reallocation and θU
specifies the update controls. At each five-minute
epoch, its target is conditioned on recent realized
payoff and exogenous information available in the
evaluation state. The implementation updates capi-
tal shares as

rqk = xqk exp
(︁
βV q

k + γσkϵ
q
k

)︁
, ϵqk ∼ N (0, 1),

ˆ︁xqk =
rqk∑︁
j r

q
j

, xq+1
k = (1− µ)ˆ︁xqk + µmq

k.

(7)
β controls performance-sensitive selection, µ in-
novation, γ stochastic perturbation, and σk the
archetype-specific perturbation scale. The normal-
ized exponential term and convex innovation mix-
ture keep xq+1 on the simplex. The update reallo-
cates capital before the next epoch, while reported
local return remains a descriptive outcome in Li.

Selection lets successful archetypes gain influ-
ence; a full-support innovation distribution with
µ > 0 allocates mass to every archetype at the
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Table 2: Information conditions in the evaluation
contract. Inputs are scheduled outside the market; the
listed market record is generated by joint policy interac-
tion.

Condition External schedule Endogenous market
record

Controlled
disturbances

Signed news,
fundamental anchor,
and liquidity
condition

Orders, transaction
prices, PnL, and
allocation
reorganization

Historical-
news episode

Time-stamped
financial news and
disclosures

Orders, price path,
order flow, and
relative
policy-archetype
influence

next epoch; and perturbation lets the population
respond to the configured stochastic condition. The
selection–innovation–perturbation operator is the
evaluator’s contestability mechanism. Its empirical
role is tested by the ablation in Section 5.

4 Text-to-Market Evaluation Protocol

4.1 Policy Population and Execution Protocol
Default evaluations use N = 120 concurrent
agent instances drawn from K policy archetypes
and operating through the continuous double auc-
tion. The population spans technical and informed
policies, time-series forecasters, reinforcement-
learning traders, and the four text-conditioned inter-
faces in Table 1. All policies share exchange rules,
equal initial capital, and five-minute population-
update epochs; each configuration is summarized
over 128 independent Monte Carlo runs. The de-
tailed policy roster and operational schedules ap-
pear in Appendix A.

Because families retain their native observation
and execution interfaces, cross-family results com-
pare complete policy-in-protocol configurations. A
ranking therefore reflects the joint effect of the deci-
sion model, information available at decision time,
state construction, wake-up schedule, and order
mapping; it does not isolate model quality under
matched information and action interfaces.

4.2 Declared Information-and-Market
Conditions

Evaluation separates an externally declared infor-
mation schedule from the market trajectory gener-
ated in response. Table 2 makes this text-to-market
boundary explicit.

The controlled suite jointly varies positive and

negative text, fundamental, and liquidity conditions
to trace end-to-end information-to-market propa-
gation. The historical record combines a July 7,
2025 intraday episode with bull (October 2024–
July 2025) and bear (January–October 2022)
regime summaries.

4.3 Estimating the Evaluation Signature
Each run yields an agent-level trading record and a
market-level allocation trajectory. We summarize
SCL
i (η) for each declared condition η and report

means with 95% confidence intervals over the 128-
run suite. The historical podium figures report
the aggregate first-, second-, and third-place finish
profiles for the two regimes.

4.4 Specifying a Policy Comparison
The protocol also provides a way to specify sub-
sequent comparisons. To compare decision con-
structions, an evaluator can hold the text schedule,
observation fields, competing population, and ex-
ecution constraints fixed while replacing the focal
policy. To compare information access, the focal
policy can instead be held fixed while its available
text changes. These are different evaluation ques-
tions, even when both are summarized by return.
In either case, the market must evolve again after
the replacement: identical external inputs do not
imply identical transaction-price paths once orders
change. Reporting the changed component together
with the resulting signature makes the comparison
explicit. The present suite uses heterogeneous na-
tive interfaces to examine competition among com-
plete policy configurations.

4.5 Research Questions
We operationalize the three questions introduced in
Section 1 as an evidence map: RQ1 uses controlled
disturbances; RQ2 combines the July 7 intraday
episode with the bull/bear comparison; and RQ3
examines selection, innovation, and perturbation in
turn.

5 Results: Text-to-Market Evaluation

5.1 A Joint Disturbance Reorganizes the
Shared Market

Figure 2 addresses RQ1 by showing the shared-
market trajectory after a controlled information-
and-market disturbance. The positive and negative
joint conditions are not mirror images. The posi-
tive condition distributes influence across several
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Figure 2: Closed-loop response to controlled
information-and-market disturbances. Signed dis-
turbances jointly perturb the text, fundamental, and liq-
uidity channels. The upper and lower panels show the
positive and negative conditions, respectively. Popu-
lation allocations reorganize immediately and recover
through the selection–innovation update. The suite uses
128 independent runs.

contenders, whereas the negative condition yields
a more concentrated response. In both cases, the al-
location first reorganizes and then recovers through
the selection–innovation update rather than return-
ing mechanically to its pre-disturbance state.

The disturbance is intentionally joint: its text,
fundamental, and liquidity channels enter the
protocol together. The result therefore traces
information-to-market propagation through the full
competitive population, showing the structural con-
text in which a text-conditioned policy’s local out-
come is recorded. It does not identify the marginal
effect of text; that requires factorial channel abla-
tions or text-placebo controls.

The allocation path shows how a declared distur-
bance redistributes evaluation capital among poli-
cies that interact through a common order book. A
local gain therefore has a structural context: it can
arise alongside a diffuse competitive response or
during a concentration of competitive influence.
Figure 3 records the corresponding transaction-
price path. Together, the two views separate price
movement from the redistribution of competitive

Figure 3: Simulated transaction-price response un-
der the controlled disturbance protocols. The traces
summarize cross-run mean price paths; the upper and
lower panels show the negative and positive conditions,
respectively. Shaded bands are the 95% confidence in-
tervals rendered in the source result. Price formation is
endogenous to the simulated market.

roles that produced it.

5.2 Observed Standings Differ Across Two
Historical Schedules

RQ2 completes the historical signature at two
time scales. The July 7, 2025 episode supplies
the execution record from which local outcome,
concentration, and reorganization are observed;
Figure 4 shows its text-to-market allocation path.
Figures 5 and 6 then report regime-conditioned
standing for October 2024–July 2025 and January–
October 2022, respectively.

The two schedules yield different descriptive top-
three profiles; their aggregate rates are tabulated
in Table 3. In the bull schedule, CoT and ReAct
appear above Informer, while in the bear schedule
ReAct and FinCon lead and DQN appears above
Trading and CoT. The retained aggregate result
does not provide run-clustered intervals, so these
orderings are descriptive rather than claims of sta-
tistically significant differences. Writing n

(j)
i,c for
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Figure 4: July 7, 2025 historical-news-conditioned
allocation path. Each band is a policy’s share of evalu-
ation capital over the intraday episode.

Figure 5: Bull-period podium profile (October 2024–
July 2025). Stacked segments show the reported first-,
second-, and third-place finish frequencies; the legacy
vertical-axis label “Agent” denotes a policy archetype.

Figure 6: Bear-period podium profile (January–
October 2022). Stacked segments show the reported
first-, second-, and third-place finish frequencies; the
legacy vertical-axis label “Agent” denotes a policy
archetype.

policy i’s rank-j count over Mc retained check-
points in condition c, the displayed aggregate is
100

∑︁3
j=1 n

(j)
i,c /Mc.

The July 7 local result also does not show a
profitability advantage for the language policies.
Table 13 reports negative mean terminal return for
all four language policies, whereas Informer and
TimeMixer are positive. Podium frequency is a sep-
arate regime-level diagnostic; it does not establish
general language-agent superiority or real-world
performance.

5.3 Innovation Keeps the Evaluator
Contestable

Table 4 addresses RQ3 by comparing population-
update components. Removing innovation pro-
duces a concentrated, low-switch condition, while
removing perturbation yields an intermediate re-
sponse. Appendix Figures 17 and 18 show the
corresponding allocation paths and one-factor sen-
sitivity. These contrasts make the separate roles of
the update components visible: innovation supports
contestability, and perturbation maintains respon-
siveness to changing conditions.

The magnitudes in Table 4 distinguish concen-
tration from turnover in leadership. Without in-
novation, mean HHI rises from 0.189 to 0.477
and Top-1 share from 0.344 to 0.531, while the
mean switch count falls from four to one. Without
perturbation, the corresponding values are 0.245,
0.376, and three. Thus, in these configurations, a
more concentrated allocation can also have fewer
changes in its dominant set. A stable leader alone
would miss the difference in competitive structure.
The retained contrasts support reading concentra-
tion and reorganization together when assessing
how the population operator changes the evalua-
tion environment; they do not prescribe an optimal
concentration level for every application.

Reading the signature. The four coordinates are
reported separately. Local outcome records a pol-
icy’s trading result; concentration and reorganiza-
tion characterize the shared evaluation market; and
regime-conditioned standing records performance
under a declared information regime. This sepa-
ration preserves the market-mediated provenance
of every local score. Supplementary policy-level
outcomes and configuration checks appear in Ap-
pendix E and Appendix D.

37



Table 3: Aggregate Top-3 finish rates (%) accompanying Figures 5 and 6. Values transcribe the one-decimal
totals retained in the rendered result. Each total aggregates first-, second-, and third-place finishes; per-place
run-clustered intervals are not available in the retained artifact.

Policy Bull Bear Policy Bull Bear

CoT 38.9 17.3 CIT 13.6 15.9
ReAct 27.9 31.7 TimeMixer 13.2 17.1
Informer 23.9 15.0 AIT 13.2 12.2
FinCon 21.0 27.9 SIT 12.6 20.0
SAIT 20.6 16.1 ITT 10.7 11.4
BT 19.7 14.8 DQN 9.7 20.6
Trading 18.6 17.4 MT 8.8 9.1
A2C 17.5 12.2 OIT 7.2 13.8
PPO 17.3 14.4 RSI 5.6 13.3

Table 4: Population-update ablations over 128 runs (mean ± 95% CI). Switches count changes in the dominant-
archetype set.

Setting HHI Top-1 Switches

Full FINEVO 0.189 ± 0.012 0.344 ± 0.015 4 ± 0.663
No innovation 0.477 ± 0.014 0.531 ± 0.033 1 ± 0.483
No perturbation 0.245 ± 0.011 0.376 ± 0.017 3 ± 0.591

6 Discussion: Evaluation in Protocol

FINEVO makes the evaluation condition part of
the reported object. The information schedule
fixes when text and other declared signals be-
come available, while order flow, allocation, and
price formation arise inside the shared transition.
The resulting question is therefore which financial-
language interface is competitive under a named
information–market condition, rather than whose
action is scored against an unchanging tape.

The three result streams supply complementary
evidence for that question. Controlled disturbances
expose how a joint condition reorganizes the mar-
ket; historical regimes reveal changes in compet-
itive standing at a different time scale; and the
update ablation shows that the evaluator’s popula-
tion rule shapes the market in which every interface
is assessed. These views make the provenance of
an evaluation outcome inspectable: the outcome is
attached to its information condition, market tran-
sition, and competitive population.

Interpreting disagreement between outcomes.
The July 7 returns and the regime podium profiles
illustrate why the signature preserves separate co-
ordinates. A terminal return describes the change
in portfolio value across one episode; a podium fre-
quency describes relative placement across ranking
checkpoints under a historical schedule. A policy
can therefore appear frequently near the top of a rel-
ative ranking without the reported evidence estab-

lishing positive terminal return in another episode.
These summaries also cover different horizons and
conditions, so they should be read at their stated
scope. For evaluation design, the useful question
is which kind of consistency is required: profitable
local execution, frequent competitive placement,
or persistence under changing market conditions.
Each calls for its corresponding evidence.

Using the market record to diagnose a pol-
icy. The protocol identifies a sequence of records
through which an evaluator can investigate an out-
come: the text available at a decision time, the
instruction derived from it, the exchange execution,
the subsequent portfolio state, and the population
allocation. This sequence separates an interpre-
tation problem from an execution problem. For
example, a favorable interpretation of news does
not by itself determine the execution price or the
inventory exposure created by an order. Competi-
tors also affect those quantities through the shared
book. A detailed diagnosis would therefore inspect
the action and fill records alongside the price and
allocation paths. The aggregate evidence presented
here motivates that diagnostic use; attribution of a
particular gain or loss requires the corresponding
event records. This gives future evaluations a con-
crete connection between language decisions and
the market outcomes they seek to explain.
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7 Conclusion

Financial-language evaluation should ask not only
what action a policy derives from text, but also
what market is allowed to evaluate that action.
FINEVO makes this object explicit by evaluating
text-conditioned policies within a shared, feedback-
driven market protocol rather than against an exter-
nally fixed trajectory.

The controlled, historical-regime, and ablation
evidence shows why this distinction matters: local
outcomes coexist with different patterns of con-
centration, competitive reorganization, and regime-
conditioned standing, while population feedback
shapes whether the evaluation remains contestable.
These quantities describe complementary aspects
of one evaluation trajectory.

FINEVO therefore offers a protocol-level lens
for comparative financial NLP. It can extend to
new text sources, policy interfaces, and market set-
tings while keeping the central question intact: how
should an executable financial-language policy be
assessed when its actions help shape the trajec-
tory on which it is scored? The evidence supports
the utility of making that protocol explicit; it does
not establish that the evaluated language policies
outperform numerical baselines or that simulated
outcomes predict deployable real-market returns.

8 Scope and Limitations

FINEVO compares executable policy archetypes
inside a declared closed-loop market protocol. Its
quantitative outcomes are conditional on the speci-
fied information schedule, continuous double auc-
tion, transaction cost, competing population, and
population-update rule. The sensitivity and stress
tests in Appendix D provide within-simulator sen-
sitivity evidence; they do not establish invariance
across alternative clearing mechanisms or cali-
brated real-market microstructure.

Historical timestamps condition the information
stream, but prices, order flow, and allocations are
generated endogenously rather than replayed from
historical markets. The bull and bear labels there-
fore identify two historical input schedules for the
simulated evaluation, not estimates of real-world or
out-of-sample trading performance. The reported
standings cover one July 7 intraday episode and
two prespecified periods, so broader regime gen-
eralization requires replication across additional
episodes.

The controlled intervention jointly changes text,

the fundamental anchor, and liquidity. It identifies
the response of the full protocol to that joint condi-
tion, not the marginal effect of text. Factorial chan-
nel ablations and shuffled-text or rule-based-parser
controls are needed to isolate text-specific effects.
Finally, because policy families retain native obser-
vations and execution interfaces, cross-family rank-
ings describe complete policy-in-protocol config-
urations rather than model quality under matched
information and action interfaces.

9 Ethical Considerations

FINEVO is a research evaluator; any use must pre-
serve privacy, market integrity, and human over-
sight. Its outputs are protocol-conditioned research
evidence, not automated investment advice; any de-
ployment must satisfy applicable data, operational,
and market-conduct requirements.
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Appendix

A Operational Details of the Evaluation
Market

A.1 Population Allocation and
Simplex-Preserving Updates

The population variable xq is the population-
allocation vector, operationalized as the fraction of
evaluation capital assigned to each policy archetype
at epoch q, rather than an estimate of the number
of real market participants. Let

zqk = xqk exp
(︁
βV q

k + γσkϵ
q
k

)︁
, ˆ︁xqk =

zqk∑︁
j z

q
j

.

The update in Eq. 7 is xq+1 = (1 − µ)ˆ︁xq + µmq.
Since both ˆ︁xq and mq are probability vectors, the
update preserves non-negativity and unit mass for
0 ≤ µ ≤ 1. With µ > 0 and a full-support mq,
every archetype receives a positive allocation at the
next epoch. This is the operational property needed
by FINEVO: it reallocates finite evaluation capital
without creating or destroying mass.

Each epoch aggregates market outcomes over
five minutes of simulated trading. Selection is
driven by the forward-looking, archetype-level
value signal V q. Its target is conditioned on re-
cent realized payoff and exogenous information
available in the evaluation state; it is then used to
form the next archetype-level capital allocation. In-
novation mixes the configured distribution mq, and
stochastic perturbation enters through ϵq.

Table 5: Protocol configuration: documented defaults
for the evaluation suite.

Item Setting

Concurrent population N = 120 agent instances
Session / update cadence 09:00–17:00 simulated

session; five-minute epochs
Initial endowment Equal capital across agent

instances
Transaction cost 0.5% per trade, including

slippage
Monte Carlo protocol 128 independent seeds per

configuration
Selection / innovation β = 2.0; µ = 0.05; Dirichlet

prior with α = 10
Base perturbation scale 0.1

A.2 Market Engine and Execution
Orders meet in a continuous double auction with
price–time priority. A marketable order consumes
available depth at the best price and successive
levels; a non-marketable residual remains queued

as a limit order. If an order executes at levels
ℓ = 1, . . . , L with quantities vℓ and prices pℓ, its
volume-weighted execution price is

pt =

∑︁L
ℓ=1 vℓpℓ∑︁L
ℓ=1 vℓ

.

Cash and inventory are marked to the prevailing
mid-price after execution. The recorded 0.5% per-
trade friction includes the specified slippage setting.
Consequently, a policy’s local PnL and the popula-
tion allocation updated at the next epoch are both
downstream of the same shared order book.

A.3 Agent Interfaces and Decision Policies
Table 6 records the operational comparison used in
the evaluation suite. Families share the exchange
and capital clock, but retain their native observa-
tions and decision interfaces.

The implementation uses GPT-4o-mini as the
backbone for four text-conditioned policies. At a
decision point, ReAct, CoT, and Trading receive
processed market indicators xt and recent sched-
uled news nt; FinCon also receives holdings ht. A
scheduled news event triggers an immediate indi-
cator request and decision, while no-news intervals
use randomized 5–15-minute wake-ups. ReAct
maps a reason–act procedure to a fixed-quantity
market buy/sell/hold order; CoT maps its reasoning
trace to the same directional market-order interface;
Trading emits an action–quantity plan; and Fin-
Con emits a position-constrained action–quantity
plan. Quantities are discretized in multiples of 10
units. Holding exchange mechanics fixed, the suite
evaluates these text-conditioned policies against
forecasting, reinforcement-learning, and rule-based
policies.

A.4 Information Conditions and Alignment
The two information conditions share the same
market engine but differ in the externally sched-
uled inputs. Table 2 in the main paper makes that
division explicit. The input clock fixes when in-
formation becomes available; order flow, prices,
and capital allocations are generated by the agents’
interaction.

A.5 Policy Legend for Supplemental Figures
The relational diagnostics use compact policy la-
bels to keep the individual policy traces readable.
Table 7 provides the exact mapping. It also makes
clear that a family label is not a single policy: the
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Table 6: Operational policy interfaces. The table describes the reported interfaces used in the shared market, rather
than treating all agents as variants of one prediction model.

Family Observation interface Decision and execution interface

Technical Recent prices and technical indicators Momentum, RSI, or breakout buy/sell/hold
rules; market orders

Informed Fundamental-value anchor, inventory, and
order-book state

Mispricing rules; conservative, aggressive,
scaled, or spread-aware limit/market execution

Forecasting Numerical indicator history and learned
features

Informer, TimeMixer, or iTransformer
directional signal; market order or hold

Reinforcement learning State, reward, and action history Double DQN, PPO, or A2C policy over
buy/sell/hold actions

Language Processed indicators and scheduled text;
FinCon also receives position state

GPT-4o-mini ReAct, CoT, Trading, or FinCon
action interface

Table 7: Individual-policy legend used in the supple-
mentary diagnostics.

Family Policy Label

Technical MomentumTrader MT
Technical RSITrader RSI
Technical BreakoutTrader BT
Informed ConservativeInformedTrader CIT
Informed AggressiveInformedTrader AIT
Informed SpreadAwareInformedTrader SAIT
Informed ScaledInformedTrader SIT
Informed OpportunisticInformedTrader OIT
Forecasting iTransformerTrader ITT
Forecasting InformerTrader IT
Forecasting TimeMixerTrader TM
Reinforcement learning DoubleDQNTrader DQN
Reinforcement learning PPOTrader PPO
Reinforcement learning A2CTrader A2C
Language LLMReActTrader ReAct
Language LLMCoTTrader CoT
Language LLMTradingTrader Trading
Language LLMFinConTrader FinCon

evaluation compares several execution styles within
the informed, forecasting, reinforcement-learning,
and language-conditioned families.

A.6 Metrics and Statistical Aggregation
Terminal simple return is the reported local trad-
ing outcome. The primary market-structure met-
rics are population-allocation concentration (Eq. 5),
Top-1 share, and the count of dominant-archetype
switches. A switch occurs when the identity of
the dominant-archetype set changes between con-
secutive epochs. Together these measures distin-
guish high-return behavior from persistent domi-
nance, crowding, or rapid reorganization. For the
regime comparison, the podium profile stacks first-,
second-, and third-place finishes by policy. We use
the resulting display as a within-regime standing
diagnostic; it is distinct from local terminal return
and allocation concentration. The action-entropy
diagnostic used in the sensitivity plot is a separate
summary of the distribution of discrete actions; it
is not used as a synonym for population-allocation
concentration.

How to read the supplemental diagnostics. The
appendix separates three complementary layers of
evidence. Terminal simple return summarizes what
a policy earns in the reported episode. Allocation
metrics such as HHI, Top-1 share, and dominant-
archetype switches summarize how the evalua-
tion market redistributes influence. Relational
diagnostics—pairwise correlations, thresholded co-
occurrence, and mutual-information views—show
which individual policies are prominent together
at a given stage. The three layers deliberately an-
swer different questions: a local winner need not
remain the dominant population member, and a
concentrated population need not exhibit the same
pairwise organization under two information con-
ditions.

B Supplementary Controlled-Shock
Evidence

B.1 Representative Pairwise Correlation
Paths

The allocation paths in the main paper summarize
which policy archetypes hold influence. Figure 7
adds a time-resolved view of selected individual-
policy pairs under the two shock signs. It reveals
the relationship layer of the market: policies can
rise and fall together, separate, or re-align while
the aggregate allocation statistics evolve. The
curves are pairwise correlations, so they describe
co-movement rather than a causal action by one
policy on another.

This distinction matters for an evaluator of fi-
nancial language agents. A leaderboard reports
an endpoint; a competitive market also has a path
and an organization. The pairwise traces expose
whether the same apparent winner emerges through
a stable coalition of policies or through a rapidly
changing set of relationships. In conjunction with
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HHI and dominant-archetype switches, they make
allocation dynamics visible at a resolution that a
terminal return table cannot provide.

B.2 Full Shock-Sign Correlation Snapshots
Figure 8 retains the complete correlation-matrix
diagnostic behind the controlled-shock result. The
upper and lower rows correspond to the positive-
and negative-shock conditions. These matrices are
descriptive summaries of policy co-movement; they
complement the allocation trajectories and do not
identify causal influence between policies.

B.3 Thresholded Co-occurrence Diagnostics
Figure 9 reports co-occurrence summaries for the
positive and negative controlled-shock conditions.
A cell records the frequency with which a pair of
policies is simultaneously above the figure’s domi-
nance threshold (12%) at the displayed stage. This
diagnostic complements HHI and Top-1 by show-
ing whether influence is concentrated in one policy
archetype or distributed across pairs.

The comparison is deliberately sign-specific.
The shock direction changes the information condi-
tion, while the market engine and evaluation clock
remain fixed. The resulting matrices therefore pro-
vide a compact description of how the competitive
field reorganizes under two controlled conditions.
They should be read as a structural summary of the
simulated population, alongside—not as a substi-
tute for—the local trading metrics reported in the
main paper.

Diagnostic reading protocol. Read the displays
in sequence: HHI and Top-1 summarize concentra-
tion, switches summarize reorganization, and cor-
relations, co-occurrence, and mutual information
describe the population’s associative structure. To-
gether they contextualize the shared market under a
declared joint disturbance; none is a policy-specific
causal attribution.

Table 8: How the controlled-shock diagnostics comple-
ment one another.

Diagnostic Evaluation question

HHI / Top-1 How concentrated is the
allocation of evaluation
capital?

Dominant-archetype switches How often does the
leading allocation
change?

Pairwise correlation Which individual policy
traces move together
over time?

Co-occurrence Which policies are
simultaneously
prominent at a specified
threshold?

Mutual information Which policy signals
show statistical
dependence over the
episode?
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Figure 7: Representative individual-policy pair correlations under controlled shocks. The left and right panels
report the upward- and downward-shock diagnostics, respectively.

Figure 8: Full pairwise-correlation snapshots under controlled exogenous shocks. The upper and lower rows
show the positive- and negative-shock conditions, respectively. Colors encode signed correlations among individual
policies; Table 7 maps the compact policy labels.
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Figure 9: Co-occurrence diagnostics across controlled shock signs. The upper row shows positive-shock
snapshots; the lower row shows the corresponding negative-shock snapshots. Entries quantify thresholded joint
dominance among individual policies at the initial, midpoint, and final stages.

Figure 10: Mutual-information diagnostics under controlled information shocks. The left and right panels show
the positive- and negative-shock conditions at successive checkpoints. Node size and edge thickness retain the
prominence and statistical-dependence encodings of the source visualization. These networks are associative and do
not establish causal influence between policies.
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C Supplementary Historical-News
Diagnostics

C.1 Episode Trajectories and Correlation
Snapshots

The main paper presents population allocation
and local cumulative-return paths from the July
7 episode as direct checks on the distinction be-
tween local outcomes and regime standing. This
supplement retains the normalized volatility tra-
jectory and three pairwise-correlation snapshots
at a readable single-column scale. Together they
provide a descriptive audit of the evolving market
state, not a causal account of one policy’s effect on
another.

C.2 Co-occurrence over the Historical-News
Episode

The historical-news-conditioned evaluation com-
plements the controlled shocks with a time-
stamped information stream. The episode preserves
the same closed-loop market: text is scheduled out-
side the exchange, whereas orders, prices, PnL, and
allocations arise from the policies’ interaction. This
separation lets the appendix ask a market-structure
question that is distinct from an endpoint compari-
son: how does the joint prominence of individual
policies evolve as the information clock advances?

Figure 15 gives the corresponding thresholded
co-occurrence snapshots for the July 7 episode.
The visual is useful because allocation concentra-
tion alone cannot distinguish a single dominant
archetype from several policies repeatedly occupy-
ing the dominant set together. Reading it with the
policy legend in Table 7 makes the individual-level
organization behind the aggregate historical-news
result directly inspectable.

C.3 Mutual-Information View of the Same
Episode

Co-occurrence captures simultaneous prominence
at a chosen threshold. Figure 16 adds a second
associative view, visualizing the source mutual-
information diagnostic at successive stages of the
same episode. The two views are intentionally com-
plementary: one describes which policies share a
dominant state, and the other summarizes statisti-
cal dependence in their evolving signals. Neither
view is a causal network, but together they reveal
that a market evaluator exposes relationships that
per-policy scores omit.

Figure 11: Volatility components over the July 7
episode. The three displayed components evolve under
the shared information and trading clock.

Figure 12: Initial pairwise-correlation snapshot for
the July 7 episode. Colors encode signed correlations
among individual policy traces.

Figure 13: Middle pairwise-correlation snapshot for
the July 7 episode. Table 7 maps the compact policy
labels.
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Figure 14: Final pairwise-correlation snapshot for
the July 7 episode. The three snapshots are descriptive
rather than causal.

The figure is therefore best read as a diagnostic
of evaluation structure. A financial language policy
is not only assessed against a fixed dataset; it joins
a population whose relative influence and informa-
tion relationships change as trading unfolds. That
is precisely the closed-loop property FINEVO is
designed to make measurable.

D Supplementary Mechanism and
Robustness Results

D.1 Visible Update-Component Trajectories
The ablation table in the main paper summarizes
selected population-update conditions. Figure 17
shows the full allocation trajectory together with
the three individual component removals. Together,
the figure and Table 4 connect visible market paths
with the 128-run aggregate outcomes.

The comparison is useful because each update
component plays a different market-design role. Se-
lection translates recent value into reallocation; in-
novation maintains a route for low-share archetypes
to re-enter; and perturbation makes the allocation
process responsive to the configured stochastic
component. Removing a component changes the
trajectory itself, not merely a scalar score at the end
of the session. The main-paper ablation therefore
has a concrete dynamical counterpart in the paths
shown here.

D.2 One-Factor Sensitivity
Figure 18 varies one update parameter at a time. It
supplies a local sensitivity map for the selection,
innovation, and perturbation controls rather than
a new agent-comparison experiment. The panels

show which aspects of the evaluator respond when
one control is moved while the rest of the protocol
is held fixed. This makes the design knobs au-
ditable: selection changes the strength with which
recent outcomes reshape the population, innovation
changes the renewal rate, and perturbation changes
the scale of the stochastic allocation term.

D.3 Across-Seed Trajectories
The across-seed diagnostic fixes the market config-
uration and varies the seed across 128 runs. It
records a simulated trade-price path and action
entropy, allowing the uncertainty bands to be in-
spected directly rather than inferred from a single
trajectory. The paired display is especially help-
ful for interpreting the main figures: price is an
exchange-level outcome, whereas action entropy
summarizes dispersion in the discrete decisions that
generate order flow. Their joint evolution makes
the simulation variability legible without conflating
either quantity with population concentration.

D.4 Configuration Stress Tests
The following checks vary one aspect of the evalua-
tion configuration while preserving the core closed-
loop protocol. Together they probe whether the
market signatures used in the paper remain inter-
pretable when agent parameters, market size, noise
structure, or asset identity changes.

Table 9 perturbs the documented agent param-
eters by ±20%. Table 10 changes the concurrent
population from 60 to 120 agents, testing whether
the reported distributional summaries depend on
a single market scale. The values provide a com-
pact stability check for the evaluation environment
rather than a separate agent-ranking claim.

The heavy-tailed setting in Table 11 increases
tail exposure and introduces common-factor cor-
relation, which tests the evaluator under a more
demanding noise process. Finally, Table 12 records
the same distributional summaries for four asset
configurations. The four panels of evidence dis-
tinguish protocol-level behavior from a result that
would depend on one narrowly chosen market set-
ting.

E Supplementary Policy-Level Evidence

E.1 Text-to-Trade Contract
Financial language evaluation begins with an exe-
cutable decision interface: time-stamped text must
become an order that enters the same market as the
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Figure 15: Historical-news co-occurrence snapshots for the July 7 episode. Entries show thresholded joint
prominence among individual policies at the source figure’s initial, intermediate, and final checkpoints.

Figure 16: Mutual-information diagnostic for the July 7 historical-news episode. Node size and edge thickness
retain the quantities encoded in the visualization at successive checkpoints. The display is associative rather than
causal.

Figure 17: Population-update ablation trajectories. From left to right: full FINEVO, no selection, no innovation,
and no perturbation. The main-paper ablation table reports the retained aggregate comparisons across 128 runs.

non-language policies. The text-conditioned policy
has access to the scheduled message stream and
market context at its decision time; its action is then
cleared by the shared exchange, producing local
outcomes and an updated competitive allocation.

The evaluation therefore measures a policy in the
market it helps create, not only in a fixed record of
labels or returns.

The four language-conditioned policies share
clearing and equal-initial-capital conditions, but
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Figure 18: One-factor sensitivity checks. The three panels report HHI against selection strength β, action entropy
against innovation rate µ, and the perturbation component against perturbation strength γ. Error bars represent 95%
confidence intervals across 128 runs.

Figure 19: Across-seed diagnostic for the July 7, 2025 episode. The left panel gives the simulated trade-price
trajectories and the right panel the corresponding action entropy. Curves are means and shaded bands are 95%
confidence intervals over 128 runs.

Table 9: ±20% agent-parameter stress test (128 runs; mean ± 95% CI).

Regime Setting Excess kurtosis Skewness Vol-of-Vol

Bull Baseline 3.163 ± 0.138 −1.532 ± 0.129 0.008 ± 0.0004
Bull Parameters perturbed 3.141 ± 0.152 −1.596 ± 0.138 0.008 ± 0.0004
Bear Baseline 4.259 ± 0.172 −1.793 ± 0.149 0.013 ± 0.0007
Bear Parameters perturbed 4.196 ± 0.181 −1.692 ± 0.157 0.012 ± 0.0008

Table 10: Market-size diagnostic (128 runs per configuration; mean ± 95% CI).

Regime N Excess kurtosis Skewness Vol-of-Vol

Bull 120 3.143 ± 0.141 −1.539 ± 0.132 0.009 ± 0.0004
Bull 100 3.163 ± 0.138 −1.532 ± 0.129 0.008 ± 0.0004
Bull 80 3.178 ± 0.165 −1.541 ± 0.158 0.008 ± 0.0005
Bull 60 3.159 ± 0.178 −1.516 ± 0.162 0.007 ± 0.0005

Bear 120 4.326 ± 0.169 −1.805 ± 0.152 0.012 ± 0.0006
Bear 100 4.259 ± 0.172 −1.793 ± 0.149 0.013 ± 0.0007
Bear 80 4.115 ± 0.175 −1.765 ± 0.161 0.013 ± 0.0007
Bear 60 4.251 ± 0.197 −1.772 ± 0.183 0.011 ± 0.0007

Table 11: Correlated heavy-tailed shock stress test (128 runs; mean ± 95% CI). The alternate configuration uses a
common-factor correlation of ρ = 0.5 and standardized Student-t innovations with ν = 5.

Regime Setting Excess kurtosis Skewness Vol-of-Vol

Bull Baseline 3.163 ± 0.138 −1.532 ± 0.129 0.008 ± 0.0004
Bull Correlated heavy-tailed 5.278 ± 0.151 −1.632 ± 0.133 0.011 ± 0.0007
Bear Baseline 4.259 ± 0.172 −1.793 ± 0.149 0.013 ± 0.0007
Bear Correlated heavy-tailed 6.399 ± 0.214 −1.932 ± 0.175 0.015 ± 0.0009

differ in how they turn their documented inputs into an executable action. ReAct, CoT, and Trading
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Table 12: Cross-asset diagnostic (128 runs per asset; mean ± 95% CI).

Asset Excess kurtosis Skewness Vol-of-Vol

AAPL 4.354 ± 0.410 −1.656 ± 0.180 0.011 ± 0.0015
TSLA 5.578 ± 0.530 −2.344 ± 0.240 0.015 ± 0.0023
MSFT 3.176 ± 0.350 −0.967 ± 0.150 0.008 ± 0.0016
XOM 3.741 ± 0.380 −0.573 ± 0.120 0.008 ± 0.0011

Time-stamped financial text
+ shared market context

Text-conditioned decision policy
ReAct, CoT, trading plan, or FinCon-style

Executable buy / sell / hold action
+ quantity where specified

Shared continuous-double-auction execution
orders, fills, price, inventory, and PnL

Population update
relative value → next allocation of evaluation capital

Figure 20: Text-to-trade contract in FINEVO. Text-
conditioned policies enter the same execution and
population-update loop as every other policy family.

receive processed indicators xt and recent sched-
uled news nt; FinCon additionally receives hold-
ings ht. The event schedule fixes when textual
information enters this interface. ReAct and CoT
select a directional market order, Trading emits an
action–quantity plan, and FinCon applies a position
constraint before issuing its action–quantity plan.
The comparison therefore targets a text-to-trade in-
terface rather than a different exchange for each
language policy.

E.2 Per-Policy Outcome Profile
Table 13 reports terminal simple return for the
July 7 historical-news-conditioned episode. For
policy k in run r, the metric is Retk,r =
PVk,r,T /PVk,r,0 − 1. Values are means with 95%
confidence intervals across the 128 retained run-
level returns; for example, 6.738 denotes a 673.8%
terminal gain. This auditable episode metric com-
plements, rather than replaces, the allocation and
podium summaries.

Across this episode, all four language policies
have negative mean terminal return, whereas In-
former and TimeMixer are positive. The result
supports the paper’s separation of local outcomes
from market structure; it does not support a claim
that language-conditioned policies are the most
profitable family.

F Submission and Reproducibility
Checklist

The reproducibility unit for a closed-loop evaluator
is the protocol, not just the final score table. A
release should preserve the configuration that de-
termines what each policy observes, how it acts,
how orders clear, and how outcomes feed back into
population allocation. The following manifest spec-
ifies the artifacts needed to reproduce the evidence
presented in this submission.

Text sources and model outputs should be re-
leased in accordance with their licences and pri-
vacy conditions. With these artifacts, future work
can test whether a new financial language agent
changes the same closed-loop properties: local
outcomes, allocation concentration, reorganization,
and information- conditioned standing.

F.1 Replay Integrity Checks
A complete release record supports a concrete au-
dit of the evidence chain. A reviewer should be
able to begin from the scheduled information in-
puts, recreate policy actions and market executions
for a declared seed, and then recompute the allo-
cation summaries and confidence intervals. This
is more specific than verifying a final leaderboard:
the same protocol must reproduce the sequence
through which a policy’s local behavior becomes a
market-level evaluation result.

These checks turn the appendix from a list of
implementation details into a reviewable contract
between a financial-language policy, the market
protocol, and the reported result. They also make
it straightforward to add a new model: hold the
market and declared information condition fixed,
record its text-to-trade interface, and compare its lo-
cal and population-level outcomes under the same
evaluation trace.
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Table 13: Terminal simple return by policy for the July 7, 2025 historical-news-conditioned episode. Values are
mean ± 95% CI across 128 run-level terminal returns; DQN labels DoubleDQN. Sharpe, drawdown, and turnover
summaries from the reviewed version are omitted because their run-level uncertainty and sampling or annualization
conventions are not retained in the available aggregate result.

Family Policy Terminal return Family Policy Terminal return

Technical MT −0.832 ± 0.064 Language ReAct −0.685 ± 0.025

Technical RSI −0.849 ± 0.023 Language CoT −0.560 ± 0.046

Technical BT 0.034 ± 0.010 Language Trading −0.746 ± 0.048

Informed CIT −0.544 ± 0.032 Language FinCon −0.685 ± 0.045

Informed AIT −0.807 ± 0.026 Forecasting ITT −0.896 ± 0.066

Informed SIT −0.673 ± 0.057 Forecasting Informer 4.333 ± 0.022

Informed SAIT −0.866 ± 0.010 Forecasting TimeMixer 6.738 ± 0.031

Informed OIT −0.915 ± 0.032 RL PPO −0.431 ± 0.033

RL A2C −0.733 ± 0.004 RL DQN −0.885 ± 0.034

Table 14: Documented text-to-trade interfaces for the four language-conditioned policies.

Policy Inputs and decision construction Executable output

ReAct xt + nt; reason–act procedure selects BUY / SELL /
HOLD

Fixed-quantity market order

CoT xt + nt; reasoning trace produces a final action Fixed-quantity market order
Trading xt + nt; trading plan produces {action, quantity} Market order specified by plan
FinCon xt + nt + ht; constrained plan respects position limit Market order only when constraint is met

Table 15: Reproducibility manifest for a FINEVO evalu-
ation release.

Artifact Role in reproducing the
evaluation

Market configuration Session clock, endowments,
transaction costs, order-book
rules, and population-update
parameters

Policy specifications Policy observations, decision
interfaces, execution
constraints, and versioned
language-agent prompts and
inference settings

Information alignment Time-stamped
message/disclosure schedule
and the procedure that makes
inputs available to policies

Randomness record Seed list, sampling
configuration, and aggregation
code for confidence intervals
and podium-profile summaries

Evaluation outputs Orders, transactions,
allocations, trajectories, and the
data used to create every figure
and table

Table 16: Integrity checks for a closed-loop evaluation
replay.

Check Evidence to compare

Information timing Recorded schedules show when
each policy’s documented inputs
become available for a condition.

Decision replay Policy inputs, inference settings,
and constraints reproduce the
recorded action trace.

Market replay Orders and book rules reproduce
fills, prices, cash, and inventory
transitions.

Allocation replay Recorded values reproduce the next
population allocation under the
documented update.

Aggregate replay The seed set reproduces reported
intervals, concentration, switches,
and podium-profile summaries.
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