arXiv:2607.25825v1 [cs.MA] 28 Jul 2026

CHILL-Harness: Counterfactual Harness Learning for Efficient
Reasoning in Long-Horizon Agents

Jiarun Fu!  Lizhong Ding'*

Penggqi Li'

Sida Chen!

Qiuning Wei'  Ye Yuan!

Chunhui Zhang'

Guoren Wang'

Honglei Xin'

ISchool of Computer Science and Technology, Beijing Institute of Technology, Beijing, China

Contact: jrfu@bit.edu.cn

Abstract

Agent harnesses have become the operational infrastructure
of modern large language model agents, coordinating con-
text, tools, verification, and execution control to translate
latent model capability into reliable long-horizon behavior.
However, reliable long-horizon behavior requires harness con-
trol to adapt to task demands, execution environments, and
evolving execution states, whereas current harnesses predom-
inantly rely on hand-crafted or globally fixed policies; this
mismatch manifests as unnecessary computational overhead
and, in adverse cases, reduced task success. To address this
limitation, we formulate the task of enabling adaptive orches-
tration in harness systems as a causal learning problem and
propose Counterfactual Harness Intervention Learning for
Long-Horizon Agents (CHILL-Harness). CHILL-Harness
intervenes at the orchestration layer to enable advantage-
guided workflow adaptation, thereby improving reasoning
and execution efficiency while preserving task performance.
Specifically, we develop causal intervention effect learn-
ing as the effect-estimation component of CHILL-Harness
to estimate intervention-relative workflow advantage from
confidence-weighted execution evidence and identify advanta-
geous workflow adaptations. We further introduce advantage-
realizing causal orchestration as its realization component
to adaptively allocate counterfactual reasoning and realize
only workflow adjustments supported by sufficient expected
advantage. Finally, we incorporate a success-preserving ob-
jective and advantage-margin authorization constraints into
CHILL-Harness to promote reliable adaptation. Extensive
experiments on heterogeneous long-horizon tasks spanning
information seeking, software engineering, and terminal in-
teraction show that CHILL-Harness consistently preserves
or improves task success while substantially reducing token
consumption and execution time.
Code: https://github.com/csdstar/chill-dev

Introduction

Large language model agents are increasingly deployed on
long-horizon tasks Zhou et al. (2024); Xie et al. (2024) that
require sustained context management Wang et al. (2025b),
external tool interaction Yao et al. (2025), intermediate verifi-
cation Pan et al. (2025), failure recovery Wang and Liu (2025),

and execution control Guo et al. (2026). Agent harnesses have
therefore become critical runtime infrastructure for translat-
ing latent model capability into reliable behavior Meng et al.
(2026); Kapoor et al. (2026). However, effective harness con-
trol should adapt to task demands Hu, Wang, and McAuley
(2025), execution environments Ba, Li, and Li (2026), and
evolving execution states Zhang et al. (2026), whereas exist-
ing harnesses remain largely governed by hand-crafted rules,
fixed thresholds, or globally configured workflows Li et al.
(2026); Marchand et al. (2026). Over long execution horizons,
this mismatch can compound redundant reasoning, delayed
correction, and unnecessary workflow disruption, increasing
execution cost and potentially degrading task success He et al.
(2026); Sun et al. (2026).

Existing harness-level approaches to adaptive harness or-
chestration can be broadly grouped into two categories: (1)
task-oriented engineered harnesses such as Terminus-KIRA
integrate hand-engineered reasoning and tool-use procedures
across long-horizon tasks KRAFTON AI and Ludo Robotics
(2026), OpenHands and CodeSweep—SWE-agent provide
iterative repository inspection, editing, and verification work-
flows for software repair Wang et al. (2025a); Yang et al.
(2024); Kimi Team (2025), and LemonHarness develops a
high-performing execution stack for complex terminal tasks
Ren et al. (2026); despite their strong task-level performance,
these systems rely primarily on domain-specific or globally
configured control logic and provide limited adaptation to the
value of an intervention at the current execution state; and
(2) orchestration and harness optimization methods improve
system-level coordination—AWorld dynamically organizes
multi-agent collaboration Yu, Lu, and Chenyi Zhuang (2025),
OWL Workforce coordinates a planner, coordinator, and spe-
cialized workers through hierarchical orchestration Hu et al.
(2025b), and Meta-Harness performs outer-loop search over
harness implementations using execution traces and evalu-
ation feedback Lee et al. (2026); however, these methods
primarily optimize collaboration structures or aggregate har-
ness configurations rather than determine whether a concrete
orchestration intervention causally improves the ongoing
workflow. Consequently, existing methods still lack a unified
framework that assesses whether a concrete orchestration
adjustment improves the current workflow and translates
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this assessment into adaptive, success-preserving harness
decisions for efficient reasoning.

In this work, we leverage a causal perspective to address
this limitation. Causal reasoning is well suited to decisions
whose observed outcomes conflate the effect of an action
with the context in which it is taken Kuroki and Pearl (2014),
since causal interventions can isolate the contribution of the
action under a fixed context Rubin (1980); Pearl (2009). It
has therefore been increasingly used to distinguish genuine
contributions from spurious associations in large-language-
model reasoning and autonomous driving Chi et al. (2024);
Pourkeshavarz, Zhang, and Rasouli (2024); Tang et al. (2026).
Harness orchestration exhibits the same structure: the current
workflow provides a factual reference, while admissible al-
ternatives define counterfactual interventions under the same
execution context. We therefore formulate the task of enabling
adaptive orchestration in harness systems as a causal learn-
ing problem. Specifically, we introduce the causal harness
orchestration problem:

How can a harness leverage causal interventions
to realize efficient and admissible workflow orches-
tration while preserving task success?

To address this problem, we propose Counterfactual
Harness Intervention Learning for Long-Horizon Agents
(CHILL-Harness), a causal framework for adaptive har-
ness orchestration and efficient long-horizon reasoning.
CHILL-Harness intervenes at the orchestration layer to en-
able advantage-guided workflow adaptation. Specifically,
we develop Causal Intervention Effect Learning (CIEL)
as its effect-estimation component, which unifies hetero-
geneous orchestration behaviors and estimates their context-
conditioned intervention-relative advantages from confidence-
weighted execution evidence. We further introduce Advantage-
Realizing Causal Orchestration (ARCO) as its realization
component, which routes counterfactual deliberation before
candidate generation and authorizes workflow adaptations
only when they exhibit sufficient causal-operational advan-
tage. Finally, we incorporate a success-preserving objective
and advantage-margin authorization constraints to promote
reliable orchestration under effect-estimation uncertainty. Ex-
tensive experiments on long-horizon tasks spanning informa-
tion seeking, software engineering, and terminal interaction
show that CHILL-Harness preserves or improves task success
while substantially reducing token consumption and execution
time. Our contributions are summarized as follows:

* We propose CHILL-Harness, which formulates adaptive
orchestration in harness systems as a causal learning
problem over factual and admissible alternative work-
flows, enabling efficient reasoning through intervention.

* We introduce Causal Intervention Effect Learning, which
unifies heterogeneous orchestration behaviors and learns
their context-conditioned intervention-relative advan-
tages from confidence-weighted execution evidence,
enabling selective harness-level intervention.

* We develop Advantage-Realizing Causal Orchestra-
tion, which realizes workflow adaptations supported
by sufficient estimated advantage, thereby achieving effi-
cient and reliable harness orchestration under success-
preserving constraints.

Preliminaries and Related Work

This section introduces the agent-harness setting and causal
formulation, followed by a review of adaptive harness orches-
tration and causal intervention methods.

Preliminaries: Causal Adaptation in Harnesses

An agent harness is the runtime infrastructure that governs
how a base language-model agent maintains context, invokes
tools, verifies progress, and interacts with its task environment
(Meng et al., 2026; Guo et al., 2026). At execution step #, the
current context is represented as

Xt = (St,Can,gz) s
where s;, ¢{™, and g, denote the execution state, environment
context, and current task objective, respectively. Given y;,
the base agent proposes a factual workflow w?, consisting of
the reasoning, tool-use, and execution operations.

Let A, denote the admissible workflow set under the
current task, environment, safety, and resource constraints,
with ) € A,, and define AL = A, \ {0?}. The workflow
selected for execution therefore satisfies W, € {w?} U A
Executing W; = w produces downstream task performance
U; under the common continuation and evaluation protocol.
Adaptive harness orchestration determines whether to retain
«? or execute an admissible alternative under ;.

This decision naturally induces a potential-outcome formu-
lation (Rubin, 1974; Pearl, 2009). For each w € A;, let
U;(w) denote the performance under do(W; = w) with
x: fixed. Under intervention consistency, U, = U;(W;),
and the workflow effect relative to the factual workflow

isT)(w) =E [U(w) = U (?) | x2] T (0?) = 0.

Related Work: Adaptive Harness Orchestration and
Causal Intervention

Existing work on adaptive harness orchestration includes en-
gineered execution systems, automated harness optimization,
and component-level adaptation. OpenHands, SWE-agent,
and OWL improve execution through specialized interfaces
or coordination (Wang et al., 2025a; Yang et al., 2024; Hu
et al., 2025b); Automated Design of Agentic Systems, Multi-
Agent Architecture Search, and Meta-Harness optimize agent
structures, resources, or complete harnesses (Hu, Lu, and
Clune, 2025; Zhang et al., 2025; Lee et al., 2026), while Agent
Workflow Memory, HiAgent, and OSCAR adapt workflow
reuse, context management, and recovery (Wang et al., 2025b;
Hu et al., 2025a; Wang and Liu, 2025). Causal methods
have also been explored for language-model reasoning and
agent decision making. Causal Sufficiency and Necessity
refines reasoning chains through counterfactual analysis (Yu



et al., 2025), Counterfactual Planning revises task-level ac-
tions using structural causal models (Fu et al., 2026), and
Robust Agents Learn Causal World Models exploits causal
environment structure for robust control (Richens and Everitt,
2024).

These methods target reasoning steps, agent actions, or
environment models, but do not assess heterogeneous harness-
level decisions or efficiently realize only workflow-improving
adaptations. CHILL-Harness fills this gap by estimating
context-conditioned workflow effects and translating them
into success-preserving workflow adaptations.

CHILL-Harness: Counterfactual Harness
Intervention Learning

CHILL-Harness decomposes causal harness orchestration
into two coupled problems.

Definition 1 (Harness Intervention Effect Problem). The
Harness Intervention Effect Problem evaluates whether an
admissible workflow alternative improves execution relative
to the factual workflow under the same execution context.

Definition 2 (Harness Intervention Realization Problem).
The Harness Intervention Realization Problem determines
whether the estimated benefit of an admissible alternative is
sufficient to justify replacing the factual workflow.

Following the preliminaries, y;, w?, Ay, and I'; (w) denote
the execution context, factual workflow, admissible work-
flow set, and expected gain of w over w?, respectively. As
illustrated in Figure 1, CHILL-Harness addresses the two
problems through Causal Intervention Effect Learning
(CIEL) and Advantage-Realizing Causal Orchestration
(ARCQO), under explicit success-preserving workflow autho-
rization constraints.

CIEL: Causal Intervention Effect Learning

CIEL learns workflow-grounded intervention preferences for
the Harness Intervention Effect Problem and converts them
into factorized deliberation, revision, and completion signals.

Unified Causal Intervention Induction. CIEL abstracts
recurring harness adaptations, including additional reason-
ing, workflow correction, execution recovery, and answer
construction, into a unified intervention space (Wang et al.,
2025b; Yang et al., 2024; Wang and Liu, 2025). Let

R = {InspPEcT, VERIFY, VisuaL}, Q = {Depup, NOOPRECOVERY}

denote the revision and stabilization modes. The intervention
space and its workflow realization are

I,Wf = {KEeEeP, DELIBERATE, ANSWERSYNTHESIS }
U {Revise(r) | r € R} U {StaBiLizE(q) | ¢ € Q},

60 =6 (sxnof) AL Gi(Keer) = (f).

Here, I,Wf specifies adaptation intent and G, (¢) maps it to
admissible workflows. Kegp preserves the factual workflow;

DELIBERATE requests additional reasoning; REVISE acquires,
verifies, or visually inspects evidence; STABILIZE suppresses
repetition or recovers ineffective execution; and ANSWER-
SynNTHESIs redirects execution toward nonterminal answer
construction. Each intervention inherits its causal contribution
from its realized workflow (details in Appendix A.2).

CIEL estimates the context-conditioned workflow effect as
ﬁp(w; Xt» w?) ~ I'y (w), with the factual workflow serving as
the zero-effect reference. The estimates induce intervention-
family preferences that are amortized into online prediction:

V,im(L) = max f¢ (w;)(t,w?), (1a)
weG (1)
¢ = arg max V" (), (1b)
[EIIWf
T, = arg max pg, (L | X,,w?). (1¢)
LEJ}Wf

Equations (la)—(1c) separate workflow-effect aggregation,
offline intervention induction, and amortized online predic-
tion. Because G, (Keep) = {w?}, conservative tie-breaking
selects Keep whenever no alternative family has a positive
estimated effect. The workflow-effect estimator learns from
checkpointed paired records, while the intervention predictor
amortizes the induced offline preference:

Leg =Ep

—~ _ 2
Wi (F¢ (w;)(,,w(t)) - Ffalr(w)) ] ,

pair
Lint = —log pg, (ff |an9) :

Here, D,,ir contains factual-candidate executions restored
from the same context, Ff "(w) is their empirical utility
difference, and w; 4, is its reliability weight.

For analysis, define V"(¢) = maxeg, (1) [1(w), Lj =
arg max, ¢ zu Vint(¢), and let C, U,erw Gi(0). The
workflow-effect error and amortization gap are

& = sug f(p (w;)(t,w?) - Ft((u)’ , Pr= i/\fim(tj) _ i/\tmt(’[t)
weCy
2)
Then ' .
V() - VM (@) < 2 + pr. 3)

Thus, effect-estimation and amortization errors jointly control
intervention selection regret; Appendix A.3 proves the result,
and Appendix A.4 details paired-effect construction.

Factorized Intervention Decision Learning. CIEL factor-
izes online control into three decisions governing additional
deliberation, workflow revision, and task completion.
Counterfactual Deliberation Effect (CDE). CDE ad-
dresses harness over-deliberation, where costly planning is
repeatedly invoked even when the factual workflow is already
sufficient. It predicts the required deliberation route:

z; € Z = {Skrp, LigHT, FULL}.

“

0 —
Pe, (Zt I)(z,w,,tt),
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Figure 1: Overview of CHILL-Harness. Given context y; and factual workflow w?, CIEL estimates workflow effects and
predicts intervention, deliberation, revision, and completion signals. ARCO realizes them through route-before-generation,
admissibility filtering, causal-operational valuation, and conservative authorization. Offline checkpointed paired executions
supervise workflow-effect estimation, while trajectory outcomes provide weak supervision for the factorized decision heads.

Skip bypasses candidate generation, LIGHT enables restricted
diagnostics, and FuLL enables broader evaluation. Thus, the in-
tervention family specifies what adaptation is useful, whereas
CDE determines how much computation realizes it.

Counterfactual Revision Effect (CRE). CRE addresses
both workflow inertia and harmful replacement: the factual
workflow may require correction, while an unsupported alter-
native may further degrade execution. Given an alternative
workflow w, CRE predicts whether it provides sufficient
support for replacing the factual workflow:

chg
Vi

€ {Keep, CHANGE}.
®)
KEEP retains a) , whereas CHANGE supports replacement by
the evaluated alternatwe.
Completion Attribution Effect (CAE). CAE predicts
completion support to prevent both continued execution after

task success and termination triggered solely by futility:

chg 0 —~
Po. \Y: |Xt’a)t,w,Lt 5

b, € {0,1}. (6)

Here, o, and h; denote the latest observation and recent
execution summary; b, = 1 supports completion, which still
requires explicit task evidence.

pPeé. (bt |Xt’0t’ht)a

Logged execution traces provide weak targets z}, y?hg’ ,and

b; for CDE, CRE, and CAE, respectively. Here, z; denotes

the preferred deliberation route, yChg’ denotes the preferred

revision decision, and b; denotes whether retrospective task
evidence supports completion. Efficiency-related decisions re-
ceive positive supervision only when task success is preserved.
The corresponding losses are

Lcpe = —logpg, (z? | Xz,w?,T;),

hg, * —~
Lcre = —logpe, (y? ¢ |Xt,w?,w;r,tz),
Lcag = —logpe, (b] | xi, 06, he) .

Thus, Lcpg supervises the amount of additional reasoning,
LcrE supervises factual-versus-candidate workflow selection,
and Lcag supervises evidence-attributed completion. The
complete CIEL objective is

LcigL = Ler + Line + Lepg + Lere + Leag. (7)
Equation (7) jointly supervises workflow effects, intervention
preferences, deliberation, revision, and completion. Detailed
weak-target construction is provided in Appendix A.4.

Remark. CIEL separates what adaptation is beneficial from
how it should be realized: workflow-effect learning induces
intervention preferences, while CDE, CRE, and CAE factorize
deliberation, revision, and completion decisions.



ARCO: Advantage-Realizing Causal Orchestration

ARCO addresses the Harness Intervention Realization Prob-
lem through route selection, candidate valuation, conser-
vative revision, and evidence-grounded completion. Let
Iy i(w) :=Ty(w;x:, u)(,)). Then

ARCO (Xt, U)?, O¢, hl’a’f¢,t(')) — (a)‘t*, d;erm) )

Using the CDE predictor defined in Equation (4), ARCO
first selects the provisional deliberation route:

—~ 0 —
gy = argmax pg, (Z | /\,/tv‘”t’Ll‘) :
z€Z

Under Skip < LigHT < FuLL, z; is the highest feasible route
not exceeding 7,. Skip retains w?; otherwise, the selected
route exposes Q; C {w'} U G, (%), Q = @ N A,, where
Q, contains the admissible route-exposed workflows. Route
feasibility is detailed in Appendix B.1.

Each admissible candidate is valued by combining opera-
tional utility and estimated workflow effect:

Uarco (a) | Xt,Ztsrqﬁ,t) =Up (0 | X1, 2¢) +rTg ¢ (w).
~ ®)
Here, Uy, aggregates progress, cost, risk, information gain,
robustness, and safety, while r > 0 weights estimated inter-
vention evidence; Appendix B.2 gives the full construction.
ARCO selects the highest-valued workflow among the
admissible route-exposed candidates:

. —~ —~
w; = arg max Uarco (w | Xz,z;,l“(/,,,) ,
weQ;

with advantage over the factual workflow
A" = Uarco (w;r | Xt» 21 F¢,z) — Uarco (w(z) | X152t F¢,z) .

Instantiating the CRE predictor in Equation (5) with the
selected candidate w;", ARCO obtains

chg
v, © = arg max
ye{Keep,CHANGE}

Po. (y IXz,wﬁ’,w,*,Tz).

The candidate is executed only when both CRE and its
estimated advantage support revision:

wr=1{" ©)

+ chg _ cf
w/, y, - =CHANGE A A7 > 07,
w,, otherwise.

In Equation (9), 67, > 0 is an intervention-dependent autho-
rization margin. ARCO executes w; only when both the CRE
decision and its estimated advantage support replacement;
otherwise, it retains w? (see Appendix B.3 for details).
Finally, ARCO instantiates the CAE predictor in Equa-
tion (6) and combines its output with explicit task evidence:

b, = arg max po, (b X 01 o),

e, =1[V; (xrs 00, he) = 1],

Here, V; is the task verifier and I[-] is the binary indicator.

Remark. ARCO realizes learned effects conservatively: rout-
ing limits candidate-generation cost, causal-operational val-
uation ranks admissible alternatives, and advantage-margin
authorization retains the factual workflow when evidence is
insufficient.

Success-Preserving Objective and Authorization Con-
straints

Let 7 be a complete execution trajectory, mcarrL,e the policy
induced by CIEL and ARCO, ® = {¢, 6,,6,,, 6., 0.}, and 7y
the matched reference harness. CHILL-Harness minimizes
trajectory cost subject to bounded success degradation:

m@in ET~7TCH1LL,@) [%ﬁ(T)]
s.t.  PassRate (7cmiLL,e) > PassRate (7ref) — €pass,

where J.¢(7) aggregates trajectory-level resource cost and
€pass = 0 is the allowed pass-rate degradation.

At each step, only admissible route-exposed workflows
may be executed, and termination requires both learned and
verified completion evidence:

term _ 7. _comp
dt = bte[ .

w;E§t=Qtﬂﬂt,

Because environment execution is not directly differen-
tiable, the constrained objective is realized through outcome-
conditioned weak supervision rather than trajectory-level
backpropagation. Let Y, Yot € {0, 1} denote the current and
reference trajectory outcomes, and let Ag;j, Apreak > O be their
penalty weights. We define

Ltraj (1) = Fert () + Agait (1 = Y2) + Apreakl [YVeer = 1 A Y, = 0] .

(10)
Equation (10) penalizes resource cost, task failure, and
success-breaking adaptation, and constructs weak targets
for CDE, CRE, and CAE.

Remark. The success-preserving objective and authorization
constraints jointly protect task performance: efficiency-related
decisions receive positive supervision only when success is
preserved, while unsupported workflow revision and prema-
ture termination are disallowed.

Algorithm 1 summarizes the inference flow; Appendices
C.1-C.4 provide the complete objectives and authorizations.

Experiments

We evaluate whether CHILL-Harness resolves the causal
harness orchestration problem by learning beneficial workflow
interventions, realizing them efficiently and admissibly, and
preserving task success. We examine these requirements
through three empirical questions:

* RQ1: Effectiveness. Does solving the Harness Interven-
tion Effect Problem in Definition 1 identify adaptations
that preserve or improve task success?

* RQ2: Efficiency. Does solving the Harness Intervention
Realization Problem in Definition 2 reduce reasoning and
execution cost without premature failure or termination?



Benchmark  Method Success Tokens

Token Gain
vs. Min.-Token

Tokens/Solved Rel. Runtime TlT“e Gam.
vs. Min.-Runtime

Terminus-KIRA 70.2%  134M - 2.03M 1.00x -
GAIA AWorld 69.7% 161M - 2.45M 1.25x -
OWL Workforce 69.1% 174M - 2.68M 1.30x -
CHILL-Harness 71.3%  96M 28.4%] 1.43M 0.534x 46.6%]
Terminus-KIRA 65.0% 157TM - 2.42M 1.00x -
SWE-bench OpenHands 65.4% 165M - 2.52M 1.10x -
Verified CodeSweep—SWE-agent 53.4%  153M - 2.8 0.92x -
CHILL-Harness 65.6% 133M 13.1%) 2.25M 0.682x 25.9%]
Terminus-KIRA 49.4%  291M - 7.11M 1.00x -
Terminal- Meta-Harness 52.6%  340M - 5.00M 1.25% -
Bench 2.0 LemonHarness 57.4%  380M - 5.05M 1.40x -
CHILL-Harness 56.1% 224M 23.1%] 4.87M 0.974x 2.6%

Table 1: Effectiveness and efficiency across three long-horizon benchmarks. Token Gain and Time Gain use the eligible
non-CHILL baseline with the lowest token consumption and runtime, respectively. Relative runtime is normalized to
Terminus-KIRA within each benchmark. Token totals are rounded to the nearest million, whereas Tokens/Solved is
reported to two decimal places. CHILL-Harness token totals include all additional model calls for counterfactual

deliberation and candidate valuation.

Algorithm 1 CHILL-Harness Overview (Full Procedure in
Appendix C.4)

Input: y;, 0, o,, h,; Output: W}, d°™
(&,21) < CIEL(x;, w))
Set z, to the highest feasible route not exceeding 7;
if z; = Skip then
Q — {‘U(;J}
else
Generate Q,; from G, (z;) U {0}
end if
Q, « Q, N A,; select the highest-valued candidate w;
10: Authorize w} using CRE and candidate advantage
: Authorize d'*™ using CAE and completion evidence
12: if d™ =1 then
13:  Invoke the task-terminal action
14: else
15:  Execute wf
16: end if
17: Log execution evidence

R A Al > e

—
—_

¢ RQ3: Generalization. Do the effectiveness and effi-
ciency benefits hold across heterogeneous execution
environments?

We conduct baseline comparisons to verify that CHILL-
Harness preserves effectiveness while improving efficiency
across benchmarks, and perform an ALways-FuLL ablation
to establish the contribution of counterfactual orchestration.

Experimental Setup

Benchmarks. We evaluate CHILL-Harness on GAIA for
information seeking and tool-assisted reasoning (Mialon et al.,
2024), SWE-bench Verified for repository-level software

repair (Jimenez et al., 2024; OpenAl, 2025), and Terminal-
Bench 2.0 for long-horizon terminal interaction (Merrill,
Shaw, and Nicholas Carlini, 2026). These benchmarks cover
deliberation, revision, stabilization, verification, and comple-
tion under distinct execution environments.

Baselines. Each CHILL-Harness evaluation is paired with
a reference run using the same model, tools, environment,
task, and resource limits. For external comparison, we report
Terminus-KIRA on all benchmarks (KRAFTON Al and Ludo
Robotics, 2026); AWorld and OWL Workforce on GAIA (Yu,
Lu, and Chenyi Zhuang, 2025; Hu et al., 2025b); OpenHands
and CodeSweep—SWE-agent on SWE-bench Verified (Wang
et al., 2025a; Yang et al., 2024; Kimi Team, 2025); and
Meta-Harness and LemonHarness on Terminal-Bench 2.0
(Lee et al., 2026; Ren et al., 2026).

Model Configuration. GAIA uses deepseek-v4-flash,
whereas SWE-bench Verified and Terminal-Bench 2.0 use
deepseek-v4-pro DeepSeek-Al (2026). CIEL is trained offline
on disjoint paired traces and frozen for evaluation; check-
pointed replay is disabled at test time. All model calls use
temperature 1.0 and at most 150 interaction turns.

Evaluation Metrics. Let m denote a method, N the number
of tasks, and y§m> € {0, 1} whether m solves task i. Effective-

ness is measured by Success(m) = & XY, yfm) x 100%.
Reasoning cost is measured by Tokens(m) =

SN Skex, (Toki{lk + Tok;.”“k‘) , Tokens/Solved(m) =

Tokens (m)

~ > Where 9, includes all model-based har-

i=17i

ness components. Let Tl.(m) be the end-to-end run-
time of method m on task i, including inference,
orchestration, tools, interaction, and verification:
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Figure 2: Joint effectiveness—efficiency comparison on GAIA,
SWE-bench Verified, and Terminal-Bench 2.0. The horizontal
axis reports task success and the vertical axis reports solved
tasks per one million tokens; higher values on both axes are
preferred. Stars denote CHILL-Harness, circles denote public
baseline harnesses, and colors group methods evaluated on
the same benchmark.

N p(m)
RelativeRuntime (m; br) = % For X € {Tokens, T},
=17
resource gain is Gainy(m;byx) = (1 - ))((((1;1:())) X 100%.

Here, by and by denote the runtime and resource reference
baselines, respectively.

Main Results

Table 1 reports effectiveness and resource measurements
against baselines, while Figure 2 summarizes their joint
success—token efficiency. Controlled matched-reference com-
parisons assess success preservation, whereas comparisons
with public systems assess external competitiveness.

RQ1: Effectiveness. Under matched model, tool, environ-
ment, task, and resource settings, CHILL-Harness preserves
or improves task success on all three benchmarks. It achieves
the highest success rate among the compared systems on GAIA
(71.3%) and SWE-bench Verified (65.6%). On Terminal-
Bench 2.0, its 56.1% success exceeds Terminus-KIRA and
Meta-Harness and remains close to LemonHarness (57.4%).
Thus, the efficiency gains do not arise from broadly sacrificing
task effectiveness.

RQ2: Efficiency. CHILL-Harness achieves the highest num-
ber of solved tasks per one million tokens in each benchmark
group. Against the lowest-token public baselines, it reduces
token consumption by 28.4%, 13.1%, and 23.1% on GAIA,
SWE-bench Verified, and Terminal-Bench 2.0, respectively.
Against the fastest eligible baselines, it reduces runtime by
46.6%, 25.9%, and 2.6%.

RQ3: Generalization. CHILL-Harness improves both suc-
cess and token efficiency over all displayed baselines on
GAIA and SWE-bench Verified. On Terminal-Bench 2.0, it
achieves the highest token efficiency, while LemonHarness
retains a small success advantage, placing both systems on
the effectiveness—efficiency frontier. This pattern holds across
information seeking, software repair, and terminal interaction.

Remark. Controlled comparisons support success preser-
vation, while public-system comparisons show that CHILL-
Harness consistently improves token efficiency and remains
competitive in task effectiveness across heterogeneous long-
horizon environments.

Ablation Experiment

We evaluate the contribution of CDE and its route-before-
generation realization in ARCO. The ALways-FuLL variant
disables adaptive deliberation by setting z; = FuLL whenever
feasible, while retaining CIEL intervention prediction, CRE,
and CAE, as well as ARCO candidate generation, admissi-
bility filtering, valuation, and authorization. The comparison
therefore isolates the effect of selecting deliberation depth
before candidate generation.

Table 2 shows that forced full deliberation causes over-
intervention on GAIA, increases cost while reducing suc-
cess on SWE-bench Verified, and incurs substantial planner
overhead with little benefit on Terminal-Bench 2.0. These
results validate the contribution of CDE and its route-before-
generation realization in ARCO.

Remark. CDE acts before candidate generation: CRE can re-
ject unsupported workflow revisions only after the correspond-
ing candidate-generation cost has been incurred, whereas
route-before-generation suppresses low-value deliberation
and avoids the associated planner overhead.

Conclusion

We introduced CHILL-Harness, a causal framework that
learns whether and how the harness should intervene in
the choice between factual and alternative workflows. The
empirical results support affirmative answers to our three
research questions: CIEL identifies interventions that pre-
serve or improve task effectiveness, ARCO realizes them
with lower reasoning and execution cost, and these benefits
generalize across heterogeneous long-horizon environments.
Experiments on information seeking, software repair, and
terminal interaction, together with the ALways-FuLL ablation,
support both the overall effectiveness of CHILL-Harness and
the necessity of selective counterfactual deliberation. We
hope this work encourages the community to move beyond
fixed harness engineering toward learned, causal, and success-
preserving orchestration, providing a foundation for more
efficient and reliable long-horizon agents.



Full Calls /

Benchmark  Variant Success Tokens Tokens/Solved .. Always-Full Overhead
Revision Rate
GAIA CHILL-Harness 71.3% 96.00M 1.43M - s 331\2 e
Always-Full 27.7% 114.33M 4.40M 2,615/76.1% ’
37.73 h
SWE-bench CHILL-Harness 65.6% 133.00M 2.25M - -
Verified Always-Full 533% 160.40M  3.34M 3,708 / 3.5% 27.40M tokens
70.95 h
Terminal- CHILL-Harness 56.1% 224.19M 4.87M - -
Bench 2.0\ jways-Full 563% 259.77M  5.65M 4,234/3.9% 35.58M tokens

91.98 h

Table 2: Ablation Experiment Results. Full Calls / Revision Rate reports the number of full CDE events
and the fraction of those events that authorize workflow revision. Always-Full Overhead reports the
additional planner token consumption and cumulative planner latency incurred by Always-Full relative
to CHILL-Harness on the same benchmark.
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Appendix A: Problem Formalization and CIEL
Foundations

This appendix provides the formal definitions, theoretical
grounding, and training implementation of Causal Interven-
tion Effect Learning (CIEL). Appendix A.1 formalizes the two
harness intervention problems. Appendix A.2 specifies the
structural connection between semantic interventions and exe-
cutable workflows. Appendix A.3 derives an error-dependent
bound for amortized intervention selection. Appendix A.4 es-
tablishes paired-replay identification and details the separated
supervision of workflow effects and factorized decisions.

A.1 Formalization of the Harness Intervention Problems
At execution step , let

Xt = (St, ™, gt)

denote the fixed execution context, where s, is the execution
state, c§™ is the environment context, and g, is the current
task objective.

Let w? denote the factual workflow proposed without
additional harness adaptation, and let A, denote the workflows
admissible under the current task, environment, safety, and

resource requirements, with
0
Wy [S ﬂt'

The executed workflow is represented by W;, and its task- and
resource-aware execution performance is represented by U;.
For any w € A,

dO(Wt = (,U)

denotes executing workflow w while holding y; fixed. All
potential outcomes are evaluated under the same continuation
policy 7™, evaluation horizon, resource-accounting rule, and
task evaluator. U, (w) captures downstream task performance,
whereas local cost, risk, and execution-quality signals are
represented separately by ﬁop.

Definition A.1: Harness Intervention Effect Problem. For
an admissible workflow

0
w e A\ {w;},
its intervention effect relative to the factual workflow is

(@) = E[U; | do(W; = w), xi] =E [U; | do(W; = 7). xt] -
(AD)
A positive value indicates expected improvement relative
to the factual workflow, whereas a negative value indicates
expected degradation. The factual workflow is the zero-effect
reference:
I (%) = 0.

The estimand therefore assigns causal value to concrete exe-
cutable workflows rather than directly to abstract intervention
labels.
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Definition A.2: Harness Intervention Realization Problem.
Let

fq),,(w) = f¢ (w;)(,,wg)

denote the estimated workflow effect, and let ﬁ, cCA be the
route-exposed admissible workflow set with w? € ;. The
highest-valued exposed candidate is

w; = arg max Uarco (w | Xt» 215 1:4),;) . (A2
weQ;
The authorized workflow then satisfies
wf e {wd wf}. (A3)

Candidate selection and execution authorization are dis-
tinct: selection identifies the strongest currently ex-
posed candidate, whereas replacement additionally re-
quires admissibility, learned revision support, and
a sufficient estimated advantage. The resulting or-
chestration chain is workflow-effect estimation
route-exposed valuation — execution authorization.

—

A.2 Workflow-Grounded Intervention Induction

Let
It IS ]'l wf

denote the semantic harness intervention selected at step ¢.
The intervention families have the following meanings.

» KeEep preserves the factual workflow w?.
* DeLIBERATE allocates additional reasoning without pre-

scribing a particular workflow revision.

» Revise(INSPECT) acquires execution evidence missing
from the current context.

* RevISE(VERIFY) validates an intermediate state, tool
result, or candidate answer.

* Revise(VisuaL) invokes visual processing when image
or multimodal evidence is required.

» StaBILIZE(DEDUP) suppresses repeated or semantically
redundant operations.

¢ StaBILIZE(NOOPRECOVERY) redirects an execution that
has produced an empty, ineffective, or stalled action.

* ANSWERSYNTHESIS redirects broad exploration toward
evidence organization and answer construction without
itself terminating execution.

These intervention families describe adaptation intents
rather than unique workflows. The realization map

gt(L) =G (HXnCU?) C A,

instantiates intervention ¢ according to the current context,
factual workflow, available tools, and task constraints. Un-
available intervention families are removed from the set
considered at step 7, so G;(t) # 0 for every family entering a
maximization.



Implementation correspondence. The intervention predic-
tor produces a discrete intervention-family label. A workflow-
construction component then converts the label into one or
more structured workflow candidates. For Keep, the con-
structed set contains only w?. For DELIBERATE, the harness
allocates an additional reasoning step without forcing a tool
or workflow change. For the three REvisE modes, candidate
templates constrain the next workflow toward evidence in-
spection, result verification, or visual analysis. For the two
StABILIZE modes, recent execution traces are checked for
duplicate actions, repeated tool arguments, empty results, or
stalled progress. ANSWERSYNTHESIS generates a nonterminal
workflow that organizes available evidence into a candidate
answer. Each generated workflow is parsed into the same in-
ternal representation used by the base harness before ARCO
filtering and valuation.

Assumption A.1: Workflow Mediation. For fixed y;, each
w € G;(1) is an executable realization of intervention ¢, in-
tervention I, affects U, only through the realized workflow
W;, and intervention consistency holds. This is a structural
modeling restriction rather than an identification result: se-
mantic labels index workflow families but are not assigned
context-independent causal values.
Under this assumption,

E[U; [ do(l; =, Wy = w), x¢] = E[U; | do(W; = w), x¢] -

(A4)
Hence, the effect associated with intervention ¢ is evaluated
through its concrete realization w, relative to w?. The same
intervention family may therefore induce different effects
across contexts and workflow realizations.

A.3 Error-Bounded Amortized Intervention Selection

For fixed (x;,w?), define the true and estimated values of
intervention family ¢ as

Vint() = max Ty(w), (A5)
weG (1)
V() = max f¢ (w;/\/t, a)?) . (A6)
weG: (1)
Let
C = U G: ()
LGIth

denote all workflows considered at step ¢, including the factual
workflow, and define

& = sup |f¢ (w;)(,,w?) - F,(w)|.

weC

Let

¢ = arg max V;"(1)
LEI,Wf

be a true best intervention family,

* _ {7int
;= arg max V, (v)
ey
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be the offline estimated target, and define the amortization
gap —~ —~
pr =V () = V" (@) 2 0.

Proposition A.1: Effect-and-Amortization Error Bound.
For any estimated workflow-effect function and online inter-
vention predictor,

V() - ViM@) < 260 + pr. (A7)
Proof. Forevery intervention family ¢, the maximum operator
and the definition of &, imply

Vi) — Vin ()| < &.
Therefore,
V,im(tj) < V,im(tj) + &
< Vtim(f:) +&;
= V;n[(ft) + 0 + &

< V,im(Tt) +2& + py.

Rearranging proves Equation (A7). O

Corollary A.1: Exact Intervention Recovery. Suppose that
LI is unique and define its true margin as

AP = V(1) - max V().
tEL

If _
A > 2, + py,

then
s

L=1.
The result does not assume that estimated and true rankings
are identical. Instead, it quantifies how workflow-effect esti-
mation error and amortized prediction error jointly determine
intervention-selection quality. When the online predictor re-
produces the offline target, p, = 0, and the selection regret is
bounded by 2¢;.

A.4 CIEL Training and Separated Supervision

CIEL separates workflow-effect supervision from factorized
decision supervision. The workflow-effect estimator is trained
only from offline checkpointed paired executions that compare
factual and alternative workflows from the same execution
context. Retrospective trajectory evidence provides weak su-
pervision for deliberation, revision, and completion decisions,
but is not treated as an identified workflow-effect observation.

Checkpointed paired intervention records. For a selected
training state, the harness checkpoints the execution context
Xt including the agent context, recent execution memory,
environment state, tool state, intermediate artifacts, and cur-
rent task progress. The checkpoint is restored to execute the
factual workflow w! and an admissible counterfactual candi-
date w as two isolated branches. Both branches use the same



continuation policy 7°°™, evaluation horizon, model and tool
configuration, task evaluator, and resource-accounting rule.
Branch-specific planning, model inference, tool interaction,
and execution costs are included in the resulting utility. Post-
checkpoint randomness is either matched across branches
or independently sampled from the same distribution and
remains independent of workflow assignment.

The analysis set C; in Appendix A.3 intentionally includes
the factual workflow. For paired replay, define only the coun-
terfactual subset

G =G\ {w]). (A8)
No replay count is required for w?, whose relative effect is
fixed to zero. If C,Cf = (), no paired-effect record is constructed
at that state and Keep remains the only available reference
family.

For each w € C, let K; ., > 1 be the number of valid
paired replays, and let

U () and UM ()

denote the candidate and factual utilities in replay k. The
paired workflow-effect target is

K: 0
. 1 &
() = ) [U}’” (@) - UP (& ] (A9)
@ k=1

The factual reference is fixed by construction:
ffair(w?) = ﬁp (w?;)(,,w?) =0.

Assumption A.2: State-Sufficient Paired Replay. The re-
stored checkpoint contains the pre-intervention variables
required to reproduce the execution context relevant to post-
intervention performance. After restoration, the branches
differ only in their assigned workflow, follow the same con-
tinuation and evaluation protocol, do not interfere, and use
post-checkpoint randomness independent of workflow assign-
ment. The candidate set, replay count, and replay-inclusion
criteria are fixed before paired outcomes are observed; replay
validity does not depend on the sign or magnitude of the
observed utility difference.

Proposition A.2: Identification and Concentration by
Paired Replay. Under Assumption A.2,

B [P() | ] = Ti(@) (A10)

for every w € C.
Suppose additionally that

U, (w) € [Mmin, umax], R = umax — Umin-

For nonempty C*', define

pair __ .
K" = min K, .

weCd

M, =|c,

If paired replays are independent conditional on y;, then, with
probability at least 1 — £,

i 210g(2M
sup Ffalr(w)—Ft(w)|sR M (A11)
weCf“ Ktp
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Proof. Because both branches begin from the same restored
context and workflow assignment is independent of post-
checkpoint randomness, each branch follows the potential-
outcome distribution associated with its assigned workflow.
Linearity of expectation yields Equation (A10). For each
candidate, the paired difference lies in [—R, R]. Hoeffding’s
inequality bounds the empirical-mean deviation, and a union
bound over the M, counterfactual candidates yields Equa-
tion (A11). O
Connection to intervention-selection error. Define the
effect-model fitting error over paired targets as

a; = sup
weCH

f¢ (a);/\/,,w?) - l:fair(w)‘ .

Because the factual effect and its estimate are both zero, the
error &, defined over the full set C; equals the supremum
over Cff whenever this subset is nonempty. Therefore, with
probability at least 1 — £,

2log(2M,
e < ap + R, |22CMID)
delr

Combining this inequality with Proposition A.1 gives

2log(2M,/{) +
Kpair

t

Vi) - v G) < 204 + 2R

t-

(A12)
Thus, intervention-selection quality is jointly controlled by
workflow-effect fitting error, finite paired-replay error, and
amortized prediction error.

Paired workflow-effect training set. The workflow-effect
training set is

0 =pair . f
Dpair = {()(t,wt,w, I’ (w),Wt,w) twe G }

where w; ., > 0 is a reliability weight determined from pre-
specified replay-validity diagnostics, replay count, and com-
parison stability, without using the sign of the observed effect.
Pairs are excluded when the checkpoint cannot be restored,
the branches do not share the same continuation protocol,
or branch outcomes cannot be isolated. Only checkpointed
paired executions are treated as workflow-effect observations.
Unpaired trajectories, incomplete comparisons, and model-
scored candidates do not directly supervise f¢ and are not
interpreted as identified causal effects.
The workflow-effect estimator is trained by

Lo = E(X,,m?,wf}“"(w).w,.w)~DpA,r [w:,w (ﬁ/, (w;)(t,w?) - ffair(w))z] .
(A13)

Intervention target and objective. Candidate workflows are
grouped by semantic intervention family. The offline target is
induced by the learned workflow-effect estimator:

(; = arg max max ﬁ,; (w;/\(,,w?) . (Al14)

(eI weG/ (1)



When no alternative family has a positive estimated effect,
conservative tie-breaking assigns

t; = Keep.
The amortized intervention predictor is trained by

* 0
Lin = ~10gpa, (15 111, f). (A15)
Trajectory evidence for factorized decisions. For each
intervention step, the implementation extracts

i 1
S;jec = (YT7 Yref’ E[err3 C;na]n3 Cf an’ rt3 Ct’ A?f’ (]-[zexec) ’

where Y, and Y,er are the current and reference task outcomes;

. . i 1a .
E™ records execution failure; C™" and CP™" record main-
agent and planner costs; r, and ¢, summarize route and
candidate statistics; and H*°° contains progress, repetition,
failure, and completion evidence. A decision-target operator
produces

« _chgx o«
Wiec (Sfec) = (Zp)’f ¢ *, b;) .
These are outcome-conditioned weak decision labels, not
observations of I'; (w).

Counterfactual Deliberation Effect target. The target
z; € {Skip, Ligar, FuLL}

specifies the preferred amount of additional deliberation.
Skip is assigned when the factual workflow is sufficient or
additional planning produces no useful decision evidence.
LigHr is assigned when restricted diagnostics or a small
candidate set is sufficient. FuLL is assigned only when broader
generation or evaluation materially improves intervention
selection, recovers ineffective execution, or prevents a high-
risk factual action. Among routes preserving decision quality
and task success, the target selects the least costly route.

Counterfactual Revision Effect target. The target

yfhg’* € {Keep, CHANGE}

specifies whether the selected candidate w; should replace the
factual workflow. CHANGE requires evidence that the candi-
date improves the factual execution while preserving success
and satisfying authorization conditions. When paired execu-
tion evidence is available, its observed workflow difference
provides the primary comparison. Unpaired retrospective evi-
dence may provide auxiliary decision supervision but does not
enter Dp,ir. Unsafe, invalid, task-incompatible, over-budget,
duplicate, ineffective, or success-breaking candidates receive
KEEP supervision.

Completion Attribution Effect target. The target
by €{0,1}

indicates whether task completion is supported by evidence
already available at step ¢. The label b; = 1 requires retro-
spective evidence that the task requirements were already
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satisfied, such as a valid final answer, passing tests, a required
artifact, or an environment-provided success state. Budget
exhaustion, inactivity, repeated failure, predicted futility, or
the absence of another action does not produce a positive
completion target.

Head-specific objectives. The factorized decision heads are
trained by

Leok = = log pa, (27 L0 71). (Al6)
Lere = =logpa, (" | xof 0l G), (A7
Leag = —logpg, (b7 | xi, 00, he) . (A13)
The complete CIEL objective is
LcieL = Ler + Line + Lepg + Lere + Leag.  (A19)

The objectives use distinct sources of supervision: Leg learns
workflow effects from offline checkpointed paired execu-
tions; L, amortizes the preference induced by the learned
workflow effects; and Lcpg, Lcre, and Lcag learn route,
revision, and completion decisions from success-preserving
trajectory evidence. This separation prevents heuristic or
model-scored trajectory signals from being interpreted as
identified workflow-effect observations.

Appendix B: ARCO Realization and
Authorization Details

This appendix explains how Advantage-Realizing Causal
Orchestration (ARCO) implements CIEL decisions through
route selection, candidate generation, causal-operational val-
uation, workflow authorization, and completion verification.

B.1 Route Feasibility and Candidate Construction
Let

Z = {Skip, LigHT, FULL}, Skrp < LigHT < FuLL.

The ordering represents increasing deliberation depth,
candidate-generation coverage, and execution cost. The pro-
visional route is

7 = argmax po, (2 | xin 00,3 ) . (B1)
zeZ

Let CP0(z) be the predicted planning cost of route z, BP'™"
the remaining planning budget, N™!' the number of previous
full-deliberation calls, B! their maximum allowed number,

and 7,4 the currently available tools and capabilities. If no
full route has previously been executed, set tlf::tl = —o00.
Define the common planning-and-tool feasibility indicator

as

g2 =1|C () < B |1[T (@) c 7™ B2



The route feasibility is

I, z = SKIp,
_J&:i(2), z = LIGHT,
fi(2) = © [ Nfull - pfull (B3)
8:1(2)1 sl ’}, z = FuLL.
=t 2K

The feasible route set is
Fr={z€eZ: fi(z) = 1}.

Because Skip is always feasible, 7; # (. The executed route
is

z,:mjx{zeﬁ:zjft}. (B4)

Thus, an infeasible prediction is downgraded to the highest
feasible route and is never upgraded beyond the learned
prediction.

The raw route-specific candidate set is

{CU?}, Z; = SKIP,
Q™ = UG (), z =Licar,  (BS)
{CU(;)} UG (), z; = FuLL.

Here, Qtﬁght@) C G, (1;) is a restricted, low-cost realization
set. Candidate exposure is bounded by

Ksgw = 1, Kiiour < Krye-

These route budgets are distinct from the paired-replay quan-
tity K7 I in Appendix A.4.

Let §,(cu | x:) be the workflow-safety score and &; its
minimum accepted threshold. Before expensive valuation, the
retained candidate set is

Q = {0’} U TopKg_ {w € Q™Y \ {0} : Si(w ]| xi) = fz},

(B6)
where TopK,(-) = 0. When more candidates pass the safety
threshold than the route budget allows, TopK retains them
according to the low-cost workflow-construction score pro-
duced before full valuation. The admissible route-exposed set
is

Q, =Q,NA,. (B7)

Because w? € A,, the filtered set is nonempty.

Implementation correspondence. The CDE head outputs
scores for the three route classes. A deterministic feasibil-
ity stage checks route-specific planning budgets, full-route
limits and cooldown, required tools, and environment capabil-
ities. Under Skip, planner and candidate-generation calls are
bypassed. Under LiGHT, the implementation uses restricted
diagnostics and a small candidate budget. Under FuL, all con-
figured route-compatible generation and evaluation operations
are available. The implementation records the provisional
route, executed route, downgrade reason, exposed candidates,
prescreening decisions, and incurred planning cost.
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B.2 Causal-Operational Valuation

For each w € Qy, let P;(w), C;(w), Ri(w), I;(w), B;(w),
and S;(w | x;) denote estimated task progress, execution
cost, operational risk, information gain, robustness, and work-
flow safety, respectively. All available signals are calibrated
to a common bounded range before aggregation. A signal
unavailable for a benchmark is omitted rather than assigned
an arbitrary value.

Define the shared progress—risk—safety score and the full-
route information-robustness bonus as

Qt(w) = aprogﬁt ((,U) - ariskﬁt (w) + a’safes:t (w | Xt)5 (B8)

ﬁt (w) = a'infoj;(w) + a'robgt (w) (B9)
The route-conditioned operational utility is
0, 2t = SKIP,
Ugp (| x1:21) = 101 (w) — (L’l‘i‘?Ct(w), z; = LIGHT,

0:(w) — ™ C;(w) + Hi(w), z = FuLL.
(B10)
All coefficients are nonnegative. The light route omits
information-gain and robustness estimation when restricted
diagnostics are sufficient, whereas the full route uses the
complete configured valuation.
The causal-operational utility is

Oarco (@ | ¥es 26 Tour) = Dop (@ | xos 20) + e g (@),
(B11)
where nr > 0 controls the contribution of estimated workflow
effect evidence. The strongest exposed candidate is

w; =arg max Oarco (@ Lz Do) (B12)
we,;
Its advantage over the factual workflow is
Aff = ﬁOp (“);r | Xz,Zt) - ﬁOP (‘U(t) | )(z,Z;>
(B13)

+1r [Fo(wf) = T (o).
The estimator enforces
~ o
F¢,l ((l.)t) - 0

Implementation correspondence. Task-progress signals
may be derived from newly acquired evidence, intermediate
environment states, test results, or predicted goal advance-
ment. Cost signals use expected or observed model tokens,
planner calls, tool calls, and latency. Risk signals capture
invalid actions, destructive operations, execution errors, or
uncertain state changes. Information-gain signals estimate
whether the candidate obtains evidence absent from the fac-
tual path. Robustness signals favor candidates that depend
less on unverified assumptions or fragile execution sequences.
The final score ranks only candidates in the route-exposed
admissible set ﬁt.



B.3 Conservative Workflow Authorization
The CRE decision for the selected candidate is

=g max po (v lveofolG). B149)
y€{Keep,CHANGE}
KEeEp retains the factual workflow, whereas CHANGE provides
learned support for replacement by w;. CRE and causal—
operational valuation have complementary roles: CRE deter-
mines whether replacement is contextually supported, while
A?f determines whether the estimated improvement is large
enough to justify revision.
The authorization rule is

(B15)

Wy =

+ chg _ cf .
. wf, y; - =CHANGE A AT > 67,
otherwise,

0
Wy,

where 67, > 0 is the authorization margin for the predicted
intervention family. Because w; is selected from ﬁ,, admis-
sibility, safety, schema, task-compatibility, and budget checks
have already been satisfied before this rule is applied.

For implementation diagnostics, define

) ) _
;P =Ty = CHANGE] LA > 67 ], af =T |wf € Q.
(B16)
and
chg _  sup feas
a, ~=a, a;".

The learned CRE output and final authorization result are
logged separately, allowing prediction errors to be distin-
guished from constraint-triggered fallback. If either support

or feasibility fails, ARCO retains w?.

Scope of workflow optimality. ARCO does not claim global
optimization over the complete admissible workflow space
A;. Instead,

w/ = arg max Uarco (w | Xz,Zz,F¢,z)
weQ;
is optimal only within the route-exposed admissible set.
CHILL-Harness executes this candidate when authorized
and otherwise retains the factual workflow.

B.4 Evidence-Grounded Completion and Answer Synthe-
sis

The CAE prediction is

b, = arg, max po, (b | X100, he) . (B17)

The value Zr = 1 indicates learned completion support,
whereas b; = 0 indicates that completion is unsupported by
the CAE head.

An explicit task verifier produces

e, = L[Vi (xes 00, ) = 11, (B18)

where YV is the task-specific completion verifier. Termination

is authorized by
comp
.

d°™ =b,e (B19)
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Thus, termination requires both learned completion support
and explicit task evidence.

The verifier may decompose completion evidence into
strong, weak, and contradictory signals:

t
™ =T|E™® =1 v

(Er= =1 A EF=0)].

Strong evidence includes passing tests, successful builds,
accepted solutions, or explicit environment success. Weak
evidence includes a valid final answer or task-completion sig-
nal, whereas traceback, assertion, permission, and execution
failures constitute contradictory evidence.

Implementation correspondence. The CAE head does not
directly invoke the terminal action; its output is passed to
the task-specific verifier. Depending on the benchmark, the
verifier checks a required answer format, successful tests
or evaluator results, the existence and validity of a required
artifact, an environment-provided success state, or another
explicit completion condition. Predicted futility, budget ex-
haustion, repeated failure, or lack of progress does not set
e, = 1. Such signals may instead redirect execution to-
ward ANSWERSYNTHESIS or another workflow adaptation.
Therefore,

ANSWERSYNTHESIS # COMPLETE.

The former is a nonterminal adaptation; the latter is an
authorized terminal decision. The implementation records the
CAE output, verifier result, supporting evidence, synthesis
decision, and final terminal action.

Appendix C: Success-Preserving Learning and
Complete Inference

This appendix specifies the trajectory-level objective, the
separated supervision scheme, local authorization constraints,
offline paired-effect collection, and the complete CHILL-
Harness inference procedure.

C.1 Success-Preserving Trajectory Objective
The learnable CIEL parameter set is

©=1{¢,64.6,,0:0.}.

ARCO introduces no separate prediction parameters in the cur-
rent formulation. It realizes CIEL outputs through candidate
generation, valuation, filtering, and rule-based authorization
with calibrated weights and thresholds.

Let K denote the resource channels measured for a bench-
mark. The trajectory-level execution cost is

Jei (1) = Y AkCi(7),

keK

(ChH

where C (1) is the amount of resource k£ consumed by trajec-
tory 7, and A > O is its weight. For the reported experiments,
the principal resource channels are

Ciok(7) = Cli;lain

(1) +Co

main (T) + Cli)rl]an(T) + C[())luatn(T)’



and

Ctime(T) = Tmain(T) + Tplan(T) + Ttool(T) + Tenv(T) + Tverify(T)-
(C2)

The reported total token count includes main-agent and

counterfactual-planner calls made during benchmark infer-

ence. Offline paired-replay collection is a training-data con-

struction procedure and is not included in test-time token or

runtime measurements; its cost is tracked separately.

The global objective is

min ET~71'CH1LL,@ [«%ff(‘r)]
© (C3)
s.t.  PassRate (7cuir,e) > PassRate (fref) — €pass-
Here, mcury e is the execution policy induced by CIEL and
ARCO; mer is the matched reference harness; PassRate ()
is the fraction of evaluated tasks completed successfully
by policy 7; and €,a5s > O is the allowed aggregate pass-
rate degradation. Success is determined by the benchmark
evaluator rather than by the harness completion prediction.

C.2 Trajectory Supervision and Decision-Target Construc-
tion
Let

Y: €{0,1} and VY€ {0,1}

indicate whether the CHILL-Harness and matched reference
trajectories succeed, respectively. The trajectory supervision
score is

Ltraj (1) = Ferr(7) + Agait (1 = Y2) + Apreal [Yrer =1 A Y7 =0].

(C4
The first term measures execution cost, the second penalizes
task failure, and the third penalizes adaptations that break a
successful reference trajectory. The coefficients Aajr, Apreak =
0 control the two failure penalties.

Separated supervision correspondence. The trajectory
score is not differentiated through external tools or the en-
vironment. Instead, it determines valid samples, confidence
weights, and weak decision targets:

hg,*
Ltraj E— (Z:, y? &, b?) .
Workflow-effect supervision is constructed separately:
z)pair — Ffalr(w) - F(/’J - L:'

Thus, retrospective trajectory evidence does not directly de-
fine or supervise the identified workflow-effect target. CDE
targets select the least costly route preserving decision quality;
CRE targets determine whether the selected candidate should
replace the factual workflow; and CAE targets determine
whether completion is already supported by evidence.
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C.3 Local Authorization Constraints

Using the unified safety score from Appendix B, the admissi-
ble workflow set is

A, ={w3§t(w|)(t)25t
A SchemaValid(w)
A TaskCompatible (w; ;)
A WithinBudget (w; x;)
A —Repeated, (w)}.

(C5)

Here, §,(w | x:) is the workflow-safety score and &; its
minimum threshold; SchemaValid checks workflow and tool-
call structure; TaskCompatible checks that proposed oper-
ations are permitted in the current task and environment;
WithinBudget checks remaining model, planning, tool, revi-
sion, and execution budgets; and Repeated, identifies dupli-
cate or repeatedly ineffective workflows.

Each generated candidate is parsed and passed through
these checks before valuation and authorization. Rejected
candidates are removed from

ﬁt = Qt N A,

and their rejection reasons are stored in the execution trace.
Revision satisfies

h
= [y;"¢ = Cuance A A > 67 |,

w) =/
and completion satisfies
dem =1 = [b =1 A ¢ =1
Together, these constraints ensure

w;eﬂtgﬂt

and prevent unsupported revision or premature termination.



C.4 Complete Inference, Offline Pairing, and Logging

Algorithm 2 Complete CHILL-Harness Inference

1: Input: x;,w?, 0/, hy; Output: w}, d°™
2: Predict
T, = arg max pg, (L | X,,w?)
LEIth

3: Predict the provisional route
—_~ 0 —~
7, = argmax pg, (z | )(t,wt,L,)
zeZ

and select the highest feasible route z; < Z;
4: Generate the raw route-conditioned candidate set ;™"
using Equation (B5)
5: Prescreen candidates using Equation (B6) and obtain Q;
6: Filter admissible candidates:

ﬁtZthﬂt

7: Foreach w € ﬁ,, estimate
Cp(w) =Ty (a);)(t,w?)

and compute Uarco(w | x1.2t, T )

8: Select w; and compute Aff using Equations (B12) and
(B13)

9: Predict CRE support:

chg _

yt - arg max p@a (y | /\/l’w?9w;—,z})

y€{Keep,CHANGE}

10: Authorize w} using Equation (B15)
11: Compute

b, = are ma b ,0:,h
t ghe{o,xl}pee( | 1,01, ht)

and R
d;erm = bl [(Vt (/\,/h O¢, hz) = 1]

12: if df*™ =1 then

13:  Invoke the task-terminal action

14: else

15:  Execute w}

16: end if

17: Log decisions, candidate evaluations, rejection reasons,
execution costs, observations, errors, and task outcomes

The inference record contains at least

(Xt’ w??’i\tvfitv 2t Q;aw» Qtv ﬁta (U;—, A‘r:f7 y‘t:hgv w:’ Z;t’ efompv d;erm) 5

(C6)
together with tool calls, observations, rejection reasons, costs,
errors, and final task outcomes.

Offline paired-effect collection. Checkpointed paired replay
is performed only during offline training-data construction.
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For each selected training checkpoint and counterfactual
candidate, the implementation restores the same checkpoint,
executes the factual and candidate branches under the com-
mon continuation and evaluation protocol, computes Equa-
tion (A9), and adds the resulting record to Dy,ir. CIEL pa-
rameters are then trained on the designated training split
and frozen before benchmark evaluation. No paired replay,
effect-model update, or decision-head update is performed
on evaluation tasks.

The complete learning and execution flow is

offline paired execution — 7" — T, —
i . . hg.

L, trajectory evidence — 2y e, bj) ,

—>  ARCO realization —

frozen CIEL predictions
authorized execution.



	Introduction
	Preliminaries and Related Work
	Preliminaries: Causal Adaptation in Harnesses
	Related Work: Adaptive Harness Orchestration and Causal Intervention

	CHILL-Harness: Counterfactual Harness Intervention Learning
	CIEL: Causal Intervention Effect Learning
	ARCO: Advantage-Realizing Causal Orchestration
	Success-Preserving Objective and Authorization Constraints

	Experiments
	Experimental Setup
	Main Results
	Ablation Experiment

	Conclusion

