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Abstract

Hospitals and crisis organizations are deploying multi-agent LLM
pipelines for self-harm risk screening, but existing approaches rely
on heuristic majority voting with no principled basis for determin-
ing when a decision is reliable. Incorrectly flagging safe content
increases clinician burden and risks alert fatigue; missing self-harm
risk can delay crisis response. We present a statistical framework
for multi-agent LLM pipelines structured as directed acyclic graphs
(DAGs) that addresses both failure modes. We model each agent as a
stochastic categorical decision and introduce (1) tighter agent-level
confidence bounds using the DKW inequality, (2) a bandit-based
adaptive sampling strategy that allocates LLM calls based on input
difficulty, and (3) a novel identify-or-escalate termination condition
that routes genuinely uncertain cases to human clinician review
rather than forcing a potentially wrong label. On the AEGIS 2.0 be-
havioral health benchmark (N=161), our approach reduces the false
positive rate from 0.159 to 0.095 relative to single-agent models, a
40% reduction in unnecessary escalation of safe content, with no
change in false negative rates. Results hold on a held-out SWMH
Reddit sample (N=250), suggesting the finding generalizes across
source domains. These results indicate that principled adaptive
sampling offers a meaningful path toward reliable clinical decision
support in self-harm screening.
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Introduction

Hospitals and behavioral health organizations are increasingly ex-
ploring Al systems to support psychiatric intake, triage, and crisis
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response [14, 16, 17]. In self-harm screening, these systems must
follow strict, institution-specific standard operating procedures
(SOPs) that define how risk is assessed, when escalation is required,
and what constitutes a safe response. The consequences of failure
are asymmetric and severe: missing self-harm risk in a patient in-
teraction can delay crisis response with potentially life-threatening
consequences, while excessive escalation of safe content creates
alert fatigue and strains already limited clinical resources [1].

Addressing this gap requires systems that are not only accurate
but scalable, capable of maintaining reliability as patient interaction
volume grows without proportional increases in clinician burden.
Recent work proposes operationalizing these SOPs using multi-
agent LLM systems, where each specialized agent handles a distinct
clinical responsibility and uncertain cases are passed along struc-
tured workflows [12]. Modular agent designs mirror real-world care
coordination, a frontline counselor screens incoming content, un-
certain cases proceed to a clinical supervisor, and edge cases reach
a compliance officer before any content reaches a patient. These
designs improve robustness over single models and are especially
relevant to behavioral health, where decision-making is inherently
staged and safety-critical.

The core problem is that current multi-agent systems are largely
heuristic. They rely on simple majority voting over a fixed number
of stochastic LLM calls, with no principled way to know when a
decision is reliable, how many samples are sufficient, or how uncer-
tainty propagates through the pipeline. Without formal guarantees,
practitioners must rely on ad hoc choices that may produce either
missed detections or excessive escalation. Existing empirical evalu-
ations offer only point estimates of performance—insufficient for
clinical deployment, auditing, or regulatory compliance.

This motivates a statistical framework for reliable clinical deci-
sion support that addresses:

(A) When should a behavioral health Al system act on its own assess-
ment of patient risk, and when should it defer to a human clinician
for review?

(B) How can a system reduce missed detections of self-harm risk with-
out increasing unnecessary escalation burden on clinicians?

(C) How do system-level errors accumulate over time as patient inter-
action volume grows under real-world deployment?

Contributions.

e Confidence-guided clinical decision thresholds: We intro-
duce a method that quantifies system confidence at each routing
decision, distinguishing cases that can be safely resolved from
those requiring clinician review. This provides explicit reliabil-
ity guarantees at each stage of care rather than relying on fixed
heuristics.
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e Adaptive sampling based on case complexity: We develop
a strategy that allocates more LLM calls to ambiguous or high-
risk cases while resolving clear ones efficiently, reducing missed
high-risk detections without increasing unnecessary clinician
burden.

e Formal guarantees for safe deployment: We prove that
system errors grow logarithmically rather than linearly with
patient volume, providing a foundation for auditing and deploy-
ing multi-agent Al systems in safety-critical behavioral health
settings.

o Interpretable escalation decisions: The framework produces
explicit confidence estimates at each routing step, distinguish-
ing budget exhaustion (the algorithm is uncertain) from an
active escalate label (the model is confident the case requires
specialist review). This transparency supports clinician trust
and auditability in deployment.

Related Work

Detecting suicide risk and self-harm in clinical and social media
text has a long history in NLP. Early approaches applied machine
learning to clinical notes [7, 8] and social media platforms [10, 20].
Benchmarks grounded in validated clinical instruments such as the
Columbia Suicide Severity Rating Scale (C-SSRS) [5] have estab-
lished evaluation standards for NLP models in this space. AEGIS
2.0 [6] extends this to LLM safety evaluation, providing human-
annotated responses across safety categories including self-harm,
and serves as our primary benchmark.

Large language models have introduced new evaluation chal-
lenges for safety-sensitive mental health tasks. Most existing ap-
proaches rely on single-pass classification (LLM-as-a-judge) or
fixed-sample voting (LLM-as-a-jury), with no mechanism for deter-
mining how many samples are sufficient or how errors compound
when multiple agents are involved. The most closely related sys-
tem [11] organizes behavioral health evaluation agents into a DAG
and demonstrates accuracy gains over single-agent approaches
using Monte Carlo sampling at each node. Other multi-agent sys-
tems [19] similarly route inputs through structured pipelines. None
provide formal guarantees on when a routing decision is trustwor-
thy, how many samples are needed, or how errors accumulate under
deployment.

The mathematical tools we apply are well established. The Dvoretzky-

Kiefer-Wolfowitz (DKW) inequality [3, 13] bounds estimation error
across all categories simultaneously, avoiding the In K penalty of
Hoeffding-based approaches. Our contribution is instantiating these
tools for DAG-structured clinical decision pipelines, introducing
an identify-or-escalate termination condition, and proving system-
level regret bounds [2, 9] showing logarithmic error growth under
deployment.

Methods

As shown in Figure 1, we organize LLM-based behavioral health
evaluation agents into a DAG mirroring the staged human review
process used in clinical SOPs. The Worker node performs first-
pass content screening, analogous to a frontline crisis counselor.
Inputs that cannot be confidently resolved escalate to the Risk node
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Figure 1: DAG architecture of the multi-agent evaluation
pipeline. Inputs unresolved at the Worker node escalate to
Risk, then Legal. If all three nodes return escalate, the input
is referred to a human clinician; otherwise a label is commit-
ted at whichever node first reaches a confident decision.

Symbol Definition

G=(S,E) DAG of agent nodes and escalation edges

S, K Agent nodes (| S| = 3); label arms (K = 3)

ps(c; x) True probability node s returns label ¢ on input
x

c*(s,x) Most probable label at node s for input x

As(x) Gap: ps(c*) — maxcze+ ps(c)

Amin Minimum gap over all nodes and inputs

T,T. Total deployment episodes; per-arm pulls within
one episode

B,é Sampling budget per node; confidence failure
probability

n, we Fixed samples (majority vote); confidence width
for arm ¢

Table 1: Notation used throughout the paper.

(secondary clinical review), then to the Legal node (institutional
compliance review) before any content reaches a human clinician.

Each node receives the original input and produces a label from
the shared action space A = {safe,unsafe, escalate}, K = 3.
A safe or unsafe label terminates routing; escalate passes the
input to the next node. If all three nodes return escalate, the input
goes to human review. Notation is summarized in Table 1.

Clinical Grounding of the Action Space

All three agent nodes are grounded in the C-SSRS [15], a validated
clinical instrument for suicide risk assessment widely adopted by
hospitals and crisis programs.

e Safe — content is appropriate and supportive, consistent with
safe messaging guidelines from SPRC and AFSP.

o Unsafe — content poses direct patient safety risk meeting C-SSRS
criteria, including suicidal ideation, self-harm intent, or any content
a clinician would flag for immediate intervention.

e Escalate — the node cannot make a confident determination; the
input requires review by the next specialized agent. Reserved for
genuine uncertainty, not content sensitivity.

Adaptive Sampling
Prior work [11] uses fixed-sample majority voting: draw n inde-

pendent LLM samples and return the plurality winner. This applies
the same computational budget to every input regardless of clinical
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Algorithm 1 Adaptive Sampling for Node s, Input x

Require: Budget B € N, confidence 6 € (0,1)
L Aget — A; T, —0Vee A
2. while [A,| > 1and Y, T, < Bdo
3. for each ¢ € A, do
4: Draw one LLM sample; update ps(c), T < T, + 1
5. end for
In(4KT?/6)
[Tl
2T,
7 Cmax < argmax ps(c)
8:  Remove c from Anet if Ps(Cmax) — Wepge > Ps(€) + we
9: end while
10: if |Ayet| = 1 then
11:  return surviving arm
12: else
13:  return escalate
14: end if

6 We for each ¢ € Ayt

complexity—if the first three samples all return unsafe, the system
still draws n — 3 additional samples that add no information while
incurring API cost and latency.

We replace this with the adaptive sampling procedure in Algo-
rithm 1, following Even-Dar et al. [4]. Each node on each input
defines a K-armed bandit problem: arm ¢ € A has unknown mean
ps(c; x) (the true probability node s returns label ¢ on input x), and
one pull is one LLM API call. The goal is to identify the best arm
¢* = arg max, ps(c; x) within budget B.

The algorithm initializes all K = 3 labels as active arms and
eliminates clearly suboptimal options, stopping as soon as one label
survives. In each round, it pulls every active arm and updates em-
pirical estimates (lines 3-5), then computes a shrinking confidence
interval for each arm (line 6). An arm is eliminated when its most
optimistic estimate falls below the most pessimistic estimate of the
leading arm (lines 7-8). When one arm survives, it is returned as
the routing decision (lines 9-10).

The key clinical contribution is the termination condition. Stan-
dard adaptive sampling [4] forces a label when the budget is ex-
hausted. Our variant instead returns escalate (lines 11-12), pre-
serving the safety guarantee that genuinely uncertain inputs always
reach a more specialized reviewer rather than receiving a poten-
tially wrong label. This identify-or-escalate condition ensures the
pipeline degrades gracefully under uncertainty—a property essen-
tial for safe clinical deployment.

Theoretical Results

Node-level correctness. The shared action space A across all three
nodes is the key structural choice enabling a unified theoretical
treatment. With it, the same guarantee applies uniformly: with
probability at least 1 — §, Algorithm 1 never eliminates the true
best arm c*—it either returns c* or returns escalate. This rests on
a Good Event G requiring all confidence intervals to contain the
true probability at every round:

o {VC € A Vim > 15 5 (0) - pu(o)] < 2T } :

2m
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G holds with probability > 1 — § by a union bound over K arms
using Yo_; 1/m? < 2 (proof in Appendix B), derived from the
DKW inequality applied to the categorical distribution over A
(Appendix A).

Sample complexity. The minimum pulls needed to identify c*
is n* = 2In(2/68)/As(x)?, where A(x) is the probability gap be-
tween the best and second-best label. Clinically clear inputs resolve
with few samples; ambiguous cases exhaust the budget and esca-
late to human review. This provides theoretical grounding for the
empirical inflection between B = 75 and B = 100 in the results.

System-level reliability over time. The adaptive policy achieves
O(log T) cumulative regret over T deployment episodes, compared
to O(T) under fixed majority voting. For a hospital deploying this
system, doubling patient volume increases total errors by only
In2 =~ 0.69 rather than proportionally (proof in Appendix C).

Experimental Setup

We evaluate on two behavioral health datasets spanning different
source domains.

AEGIS 2.0 [6] is a content safety benchmark comprising human-
annotated LLM responses. We filter to suicide and self-harm content
across all three splits, yielding N=163 unique examples after dedu-
plication (44 safe, 117 unsafe).! Ground truth labels are from the
response_label field following Joshi and Rudow [11]. This is our
primary benchmark.

SWMH [10] is a Reddit mental health dataset. We use subreddit
membership as a proxy for clinical ground truth: SuicideWatch
posts are labeled unsafe and posts from four general mental health
communities (depression, anxiety, bipolar, general support) are
labeled safe. We sample 50 posts per subreddit for a stratified
evaluation set of N=250 (50 unsafe, 200 safe), used as a held-out
generalization test.

We evaluate ten conditions: Single-agent (one LLM call to
Worker, no DAG routing); Majority vote MV n € {1,3,5} (full
DAG with n calls per node, plurality winner); and Adaptive Sam-
pling with budgets B € {10, 50,75, 100, 124, 150}. B = 100 is the
primary adaptive condition: the sample complexity bound predicts
roughly 90 total pulls for inputs with As(x) = 0.5, and B = 100
provides a buffer above this threshold.

We report accuracy, FPR, FNR, escalation rate, and average pulls
per input, all with 95% Wilson score confidence intervals [18]. FPR
and FNR are computed over non-escalated examples. For SWMH,
SuicideWatch FNR (SW FNR) is the primary clinical metric, as it
captures the rate of missed acute crisis cases. Full implementation
details are in Appendix D.

Results

Experiment 1: AEGIS 2.0

False positive rate. B = 100 achieves FPR = 0.095 (95% CI [0.037,
0.221]), compared to 0.159 (95% CI [0.079, 0.294]) for single-agent—
a 40% reduction in incorrect flagging of safe content. This is the
primary clinical finding: in behavioral health settings, false positives
translate directly to unnecessary escalations, contributing to alert

ITwo examples excluded due to Unicode encoding errors. Results reported over N=161.
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AEGIS 2.0 (N=161)

Condition Acc.T FPR| FNRx| Esc.|
Single-agent 0.752 [0.679, 0.813]  0.159 [0.079, 0.294]  0.283 [0.208, 0.372] 0.025
MVn=1 0.760 [0.687, 0.820]  0.114 [0.050, 0.240]  0.290 [0.214, 0.379] 0.019
MVn=3 0.760 [0.687, 0.820]  0.114 [0.050, 0.240]  0.290 [0.214, 0.379] 0.019
MVn=5 0.753 [0.681, 0.814]  0.159 [0.079, 0.294]  0.281 [0.206, 0.369] 0.019
B=10 — - — 1.000 [0.977, 1.000]
B =50 — — — 1.000 [0.977, 1.000]
B=175 0.753 [0.680, 0.815]  0.100 [0.040, 0.231]  0.298 [0.222, 0.388] 0.044
B =100 0.768 [0.695, 0.827] 0.095 [0.037, 0.221] 0.283 [0.208, 0.372] 0.037
B=124 0.761 [0.688, 0.822] 0.116 [0.051, 0.245] 0.286 [0.210, 0.375] 0.037
B =150 0.761 [0.688, 0.822] 0.116 [0.051, 0.245] 0.286 [0.210, 0.375] 0.037
* higher due to annotation noise—see Discussion
SWMH (N=250)
Condition Acc.] FPR| SW FNR| Esc.|
Single-agent 0.790 [0.735, 0.836]  0.237 [0.184, 0.301]  0.100 [0.044, 0.214] 0.008
MVn=1  0.790[0.735,0.836] 0.237 [0.184, 0.301]  0.100 [0.044, 0.214] 0.008
MVn=3 0.795 [0.741, 0.841] 0.231[0.178, 0.295] 0.100 [0.044, 0.214] 0.004
MVn=5 0.791 [0.736, 0.837]  0.236 [0.183, 0.300]  0.100 [0.044, 0.214] 0.004
B=10 — — — 1.000 [0.985, 1.000]
B =50 - - — 1.000 [0.985, 1.000]
B=175 0.799 [0.745, 0.845] 0.227[0.174, 0.291] 0.100 [0.044, 0.214] 0.024
B =100 0.798 [0.744, 0.844] 0.227 [0.174, 0.291] 0.100 [0.044, 0.214] 0.008
B =124 0.794 [0.740, 0.840] 0.232[0.179, 0.296] 0.100 [0.044, 0.214] 0.008
B =150 0.795 [0.741, 0.841]  0.231[0.178, 0.295]  0.100 [0.044, 0.214] 0.004

Table 2: Results on AEGIS 2.0 (top) and SWMH (bottom) with 95% Wilson CIs. Bold: best result. Italics: FPR CIs overlap with
B =100. B =10 and B = 50 escalate all inputs and produce no classified outputs.

fatigue and reduced vigilance toward genuinely high-risk cases [1].
All multi-agent conditions reduce FPR relative to single-agent, with
B =100 achieving the largest reduction.

False negative rate. FNR is flat across all valid conditions, rang-
ing from 0.281 to 0.290 regardless of budget. The same inputs are
missed consistently, suggesting the ceiling reflects annotation qual-
ity rather than sampling strategy—we examine these examples in
the Discussion.

Accuracy. B = 100 reaches 0.768 (95% CI [0.695, 0.827]), compared
to 0.752 for single-agent. Confidence intervals overlap substantially;
accuracy alone does not differentiate conditions on this dataset.

Budget sweep. B = 10 and B = 50 escalate all inputs: with K =3
active arms, a budget of 50 yields roughly 16 pulls per arm, too few
for elimination to fire. B = 75 produces valid classifications (FPR
= 0.100) but falls short of B = 100. B = 124 and B = 150 offer no
further gain. The inflection between B = 75 and B = 100 provides
empirical grounding for the sample complexity bound: inputs in
this dataset require roughly 80-90 total pulls per arm for reliable
elimination. Figure 2 shows the accuracy-versus-compute Pareto
scatter; Figure 3 shows total token usage.

Experiment 2: SWMH Generalization
Results on the stratified SWMH sample (N=250) are consistent with

AEGIS 2.0. B = 100 again achieves the lowest FPR at 0.227, and all
valid conditions achieve SW FNR = 0.100 (95% CI [0.044, 0.214])—the

Accuracy vs. Computational Cost by Inference Method
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Figure 2: Accuracy versus average pulls per input on AEGIS
2.0.MV n = 1and MV n = 3 lie on the Pareto frontier. Adaptive
sampling conditions achieve higher accuracy than single-
agent at substantially greater compute cost—the cost of the
reliability guarantee.

same 5 SuicideWatch posts missed consistently across every condi-
tion. The higher FPR on SWMH relative to AEGIS 2.0 reflects label
noise in the safe subreddits: posts from depression, anxiety, and
bipolar communities contain distressing content that the C-SSRS
grounded prompt flags as potentially unsafe even when subreddit-
level labels classify them as safe. Budget conditions converge at
77-78 average pulls on SWMH compared to 86—-89 on AEGIS 2.0,
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Total Token Usage by Inference Method
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Figure 3: Total token usage by condition on AEGIS 2.0. B = 50
consumes more tokens than any other condition, includ-
ing B = 100, while producing no classified outputs—a conse-
quence of nodes exhausting their full budget before escalat-
ing.

suggesting SWMH posts are on average more clearly safe or unsafe
under the C-SSRS prompt.

Discussion

Adaptive sampling reduces false positives by 40% relative to single-
agent on AEGIS 2.0 without affecting false negative rates, and the
pattern holds on SWMH, suggesting the finding generalizes across
source domains. In clinical terms, this reduction in unnecessary
escalation directly addresses alert fatigue—a known problem in
behavioral health decision support that can reduce clinician respon-
siveness to genuine risk [1].

The false negative rate does not improve with additional sam-
pling on either dataset. Inspection of consistently misclassified
examples on AEGIS 2.0 reveals annotation noise: several posts are
appropriate chatbot refusals labeled unsafe, and others contain con-
tent outside C-SSRS criteria entirely. The same inputs are missed
from single-agent through B = 150, confirming the ceiling is a prop-
erty of the labels rather than the sampling strategy. The 5 missed
SuicideWatch posts on SWMH tell a similar story: two explicitly
deny suicidal intent despite expressing distress (correctly classified
as safe under C-SSRS criteria), one is written by a caregiver rather
than a person in crisis, and two express distress indirectly without
meeting explicit C-SSRS thresholds. These cases point to a mismatch
between criteria encoded in the prompt and the broader clinical
signals a human clinician would recognize. Improving ground truth
annotation in behavioral health benchmarks, ideally grounded in
clinician-assigned C-SSRS labels, remains an open problem.

The annotation noise observed across both datasets points to
a broader challenge in benchmark development for mental health
Al AEGIS 2.0 labels reflect LLM safety annotations rather than
clinician-assigned C-SSRS severity ratings, and SWMH relies on
subreddit membership as a proxy for clinical ground truth. Both
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introduce systematic label noise that sets a ceiling on false nega-
tive rates regardless of sampling strategy. Constructing behavioral
health benchmarks with direct clinician annotation, grounded in
validated instruments, is the most important methodological step
for meaningful progress on the missed detection problem and a gap
the community should prioritize.

The pipeline’s current routing behavior has a practical implica-
tion worth noting for deployment. At B = 50, each node exhausts
its budget without converging and passes the input downstream,
resulting in up to 150 total pulls per input while producing no
classified outputs and consuming more tokens than B = 100. Early
termination on budget exhaustion, escalating directly rather than
continuing downstream, would eliminate this cost and is a practical
improvement for clinical deployment.

Limitations

Adaptive sampling uses approximately 80-90 average pulls per
input compared to 1-5 for majority vote, a 20-30X increase in API
calls. For organizations with limited compute budgets, MV n =3
offers comparable accuracy at substantially lower cost, and the
FPR benefit must be weighed against operational cost in deploy-
ment planning. The pipeline currently evaluates three agent nodes;
whether the theoretical guarantees and empirical gains hold with
larger agent counts is an open question. SWMH relies on subreddit
membership as a proxy for clinical ground truth rather than direct
clinician annotation, which limits the interpretability of FNR on
that dataset. Finally, all experiments use a single foundation model;
performance under different model families or with task-specific
clinical models may differ.

Conclusion

Self-harm risk screening is a setting where Al system errors have
direct consequences for patient safety. This work shows that replac-
ing fixed-sample majority voting with adaptive sampling reduces
false positives by 40% on a behavioral health benchmark, without
affecting the rate of missed detections. When the system cannot
reach a confident decision within budget, it escalates to human clin-
ician review rather than guessing—a formal safety guarantee absent
from existing heuristic approaches. The same pattern holds on a
held-out Reddit dataset, suggesting the finding is not specific to one
benchmark. The false negative rate does not improve with more
sampling on either dataset, pointing to annotation quality in cur-
rent behavioral health benchmarks as the limiting factor. Building
clinician-annotated benchmarks grounded in validated instruments
like C-SSRS is the most important next step for meaningful progress
on the false negative problem. In safety-critical clinical settings,
knowing when not to decide is as important as knowing how to
decide.
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Appendix A: DKW Inequality and Node-Level
Bound

The Dvoretzky-Kiefer-Wolfowitz (DKW) inequality provides simul-
taneous error bounds across all categories of a categorical distribu-
tion without the In K penalty that arises from applying Hoeffding’s
inequality to each category separately and taking a union bound.

Theorem (Node-Level Categorical Bound). Under i.i.d. sampling
at node s, for any § € (0, 1), with probability at least 1 — § simulta-
neously over all ¢ € A:

n(2/9)

|ps(c; x) — ps(c; x)| < €,(8) == =

Proof. Impose a canonical ordering A = {c, ¢z, ¢3} and encode
each sample as Z; = ¢(a'®)) € {1,2,3}. Each category probability
is a difference of CDF values: p,(c;) = F(j) — F(j — 1), where F is
the CDF of Z. Therefore:

IBs (¢))=ps(en)| < 1Fa(D=F(N)I+E(j=1)-F(j-1)| < 251;10 |Fn(8)=F (1)].

Applying the DKW inequality:

P|sup |F,(t) - F(t)| > €| < 2¢7%"€
t

Setting 2¢72n¢ = § and solving gives € = 4/In(2/8)/(2n) = €,(9),
which holds simultaneously over all ¢ € A with no K factor. The

union-bounded Hoeffding approach would require n > M

samples; DKW requires only ( / ) , saving T K samples per node
For K =3, € =0.05: approxmlately 220 fewer samples per node.

Corollary (Correct Routing Guarantee). Under the unique best ac-
21n(2/8)

As (x)2 >
then with probability > 1 — §, the empirical argmax equals the true

best action: ¢* = ¢* (s, x).

tion and i.i.d. sampling assumptions, if n > n*(§, As(x)) :=

Proof. By the node-level bound, with probability > 1-6, |ps(c) —
ps(c)| < €, (8) for all c. For any ¢ # ¢*:

ps(c?) = ps(e) 2 [ps(c”) — en] = [ps(c) + €n] = As(x) = 261(5).

This is strictly positive when €,(d) < As(x)/2, i.e. when n >
21In(2/68)/As(x)? = n*.

Remark. The minimum sample count n* = 21In(2/8)/As(x)?
depends on input x through the probability gap A;(x). Easy inputs
with large gaps need few samples; ambiguous inputs with small
gaps require many. Fixed majority voting ignores this dependence
entirely, applying the same n regardless of input difficulty.

Appendix B: Good Event Proof

Lemma (Good Event). Define the good event as the event that
all confidence intervals contain the true probability at every round
simultaneously:

G = {VC €EA Vm=>1: |ﬁ§m)(c) —ps(o)| < 1n(4KTCZ/5)}'

2m

ThenP(G) >1-6
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Proof. Fix one arm ¢ and one round where it has been pulled m
times. By Hoeffding’s inequality:

~(m) In(4KT?/5) 4KT? _ 0
IE’7(|Ps (¢) = ps(c)| > \/T) < Zexp(—ln( 5 )) = KT

Taking a union bound over K arms and summing over all possible
rounds m € {1,2,...} using the standard series bound ) _, # =

2
s .
3 < 2:

71.2

> <K i~—<5.
2K 6

L\/Js

K
PG <)
c=1

Therefore P(G) > 1 - 6.

3
,U.

Proposition (Correctness of Algorithm 1). Under the unique best
action assumption, with probability > 1 — §, Algorithm 1 never
eliminates c*. It either returns ¢* or returns escalate.

Proof. Under G, arm c¢* is eliminated only if ps(¢) —w. > ps(c*)+
we+ for some ¢ # ¢*. Under G, this would require ps(c) > ps(c¥),
contradicting the assumption that c* is the unique best arm. There-
fore ¢ is never eliminated. If the budget is exhausted before a single
arm survives, the algorithm returns escalate rather than forcing
a potentially wrong label.

Appendix C: MDP Formulation and Regret Proofs

MDP Formulation. We model the evaluation workflow as a bounded-
horizon MDP M = (8, A, P, R, Tymax) structured by the DAG G.
The state space S corresponds to the three agent nodes plus ter-
minal states Sier, = {safe, unsafe, human-review}. Transitions
P(s’ | s, a) are restricted to DAG edges: terminal labels route to the
corresponding terminal state, while escalate routes to the next
agent. The reward function R(s, a) captures evaluation quality at
each step with |R(s, a)| < Rmax, and episodes have maximum length
Tmax < 3. Cumulative regret over T episodes is:

T
Reg(T) = [V (s0,%1) = V" (s0, 1)),

t=1

where 7 is the oracle policy knowing all true label distributions.

Theorem (Majority-Vote Regret). Under fixed majority voting with
n samples per node:

RegMV(T) < 2Tmameax|S| -T- e_nArz‘nin/z.

This grows as ©(T): the error probability is constant across all
episodes because the policy never adapts.

Proof. By the node-level bound with € = A¢(x)/2, the routing
error probability at node s is at most 2¢ "Min/2, Each error con-
tributes at most TmayxRmax to regret. A union bound over |S| nodes
and summing over T episodes gives the stated bound. Achieving
sublinear regret requires n = Q(InT/A? ), which requires know-

ing Amin in advance.

Theorem (Adaptive Regret). The adaptive policy mycp using Al-
gorithm 1 achieves:
TmaxRmax - K|S| InT

2 s
min

Regycep(T) < C-
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for a universal constant C > 0, without knowledge of Api,. This
grows as O(log T): doubling the number of patient interactions
increases total mistakes by only In 2 ~ 0.69.

Proof. Set § = 1/T. By the sample complexity result, each node
identifies ¢* after O(K In(KT)/ A; i) episodes (learning phase). Each
learning-phase episode contributes at most TmaxRmax to regret;
exploitation-phase episodes contribute O(Rmax/T) each. Summing

over |S| nodes gives the O(log T) bound.

Theorem (System-Level Regret). Under the adaptive policy:

K-|S]|- “Ryax - InT
RegUCB)Sys(T) <C- | | Tnz;z( max 111 '

min

The ratio of adaptive to fixed-budget regret satisfies:
Regycp (T) InT T—00
Regyy(T) (T . e‘”AxZnin/Z)

The adaptive policy is asymptotically dominant.

Proof. At most 7y, nodes are visited per episode, and |S| nodes
contribute independently to learning-phase regret, giving the K|S|7max
factor. The ratio follows from Regycp (T) = O(K|S|tmax In T/A2 )

min
and Regy, (T) = Q(rmaxTe_"Afnin/z).

Appendix D: Reproducibility

Model configuration. All experiments use claude-sonnet-4-6
at temperature 0.7 with a maximum of 10 output tokens per call.
The 10-token limit is sufficient for the label-only output format and
reduces cost substantially relative to unconstrained generation.

Meghana Karnam and Ananya Joshi

System prompt structure. Each node receives a role-specific sys-
tem prompt that defines its clinical function (Worker: frontline
screening; Risk: secondary clinical review; Legal: institutional com-
pliance) and instructs the model to respond with exactly one of
safe,unsafe, orescalate, grounded in C-SSRS criteria. The prompt
includes definitions of each label consistent with the action space
defined in the Methods.

Dataset preprocessing. AEGIS 2.0 examples are filtered to rows
where violated_categories contains suicide or self-harm key-
words across all three splits (train, validation, test), deduplicated
by example ID, yielding N=163 unique examples. Two examples
are excluded due to Unicode encoding errors. SWMH examples
are sampled with random_state=42 using stratified sampling of
50 examples per subreddit.

Confidence intervals. All proportions are reported with 95% Wil-
son score confidence intervals, computed using the standard for-
mula:

|N
o
>
-~

|
s
N2

I}
bS}

+
n *z n 4n2

1+ 2

n

where z = 1.96 for 95% confidence and n is the number of non-

escalated examples for FPR and FNR, or total examples for escalation
rate.

)

p+

Code. Code and data preprocessing scripts can be found on:
https://github.com/meghanakaranam1/Al4Mental_workshop
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