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Abstract

Adaptive routing in multi-LLM systems is difficult to evaluate reli-
ably because different policies may observe different model outputs,
latencies, costs, and judge scores. We introduce a replay-based eval-
uation protocol that fixes both the task stream and the potential
outcome of each task—agent pair, allowing routing policies to be
compared under identical conditions. Within this framework, we
adapt an existing distributed accelerated consensus-based simul-
taneous perturbation stochastic approximation method (A-SPSA),
rather than proposing a new optimization algorithm, to the online
optimization of controller parameters used for processing-time and
wait-time prediction. The method combines two-point zeroth-order
feedback, accelerated surrogate updates, and consensus among dis-
tributed controllers. We evaluate A-SPSA against several distributed
zeroth-order baselines in a discrete-event simulation with heteroge-
neous agents, and further validate the policies using cached outputs
from real LLM endpoints. The experiments include aggregate com-
parison, component-level ablation, and hyperparameter sensitivity
analysis. A-SPSA achieves the strongest overall balance between
routing objective, deadline hit rate, and wait-time prediction error,
while the ablation results show that lower intermediate prediction
loss does not necessarily lead to better downstream routing de-
cisions. The proposed protocol provides a reproducible basis for
evaluating adaptive agent-routing policies under stochastic and
partially observable conditions.

1 Introduction

LLM-based agents are increasingly deployed not as isolated models,
but as components of larger agentic Al systems. Such systems may
include multiple specialized LLM agents, routing or orchestration
layers, external tools, quality evaluators, and online feedback loops.
Their evaluation is therefore substantially more difficult than the
evaluation of a single model on a static benchmark. The observed
behavior depends not only on the quality of individual model out-
puts, but also on which agent is selected, how latency and cost
are handled, how feedback is delayed, and how the system adapts
over time. Recent work on LLM-based agent evaluation and agent
benchmarks highlights the need to evaluate agents in interactive
and dynamic settings rather than only through single-turn output
quality [15, 26, 28].

A central difficulty is reproducibility. In adaptive multi-LLM or-
chestration, different routing policies may send the same task to
different models and therefore observe different stochastic outputs,
latencies, and quality signals. As a result, a naive comparison of
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policies can conflate the quality of the routing decision with ran-
dom variation in model generation or API behavior. LLM-as-judge
methods provide a scalable way to approximate quality signals,
but they also introduce their own sources of bias and uncertainty,
including judge-model preferences and sensitivity to prompting
protocols [16, 27]. For this reason, evaluating an adaptive routing
policy requires not only task-level performance scores, but also a
protocol that controls which potential outcomes are available to
each policy. Existing LLM routing methods address important cost—
quality trade-offs in model selection. For example, cascaded and
routing-based approaches can reduce inference cost while main-
taining or improving response quality, and recent work studies
routing from preference data and resource allocation in multi-agent
LLM systems [2, 6, 20]. However, these works primarily focus on
learning or designing routing mechanisms. The complementary
question of how to reproducibly evaluate adaptive online routing
policies under the same stochastic task—agent outcomes, delayed
feedback, and judge-based quality signals remains less developed.

In this paper, we address this question using the decentralized
adaptive multi-agent routing architecture introduced in [25] as a
controlled system substrate. Unlike that study, the present work
focuses on the reproducible evaluation of adaptive multi-LLM rout-
ing policies under stochastic outputs, partial observability, delayed
feedback, and heterogeneous latency—quality trade-offs.

The adaptation mechanisms considered in this study come from
distributed zeroth-order optimization. Such methods are natural
candidates for online LLM orchestration because routing objectives
are black-box, noisy, and observed only through feedback. We in-
clude simultaneous perturbation stochastic approximation and its
consensus-based and accelerated variants [8, 9, 11, 12, 23, 24], as
well as representative distributed zeroth-order and primal-dual
baselines [1, 7, 14, 17, 22]. These methods are not introduced as
new optimization algorithms in this paper; rather, they serve as
adaptive routing policies whose behavior can be compared within
a common evaluation protocol.

We propose a replay-based evaluation protocol for adaptive
multi-LLM orchestration. The protocol fixes the task stream, pre-
collects or simulates potential task—agent executions, and then
replays the same potential outcomes for all routing policies. This de-
sign separates policy behavior from stochastic generation noise and
makes it possible to compare policies under identical task streams,
agent outputs, latency observations, and judge signals. The eval-
uation reports both operational routing metrics, such as routing
utility and deadline hit rate, and intermediate adaptation metrics,
such as prediction losses and stability across seeds.

Our contributions are as follows:
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o We formulate adaptive multi-LLM routing as an evaluation
problem for agentic Al systems with stochastic outputs, de-
layed feedback, and heterogeneous latency—quality trade-
offs.

e We introduce a replay-based evaluation protocol that fixes
the task stream and caches task—agent executions, enabling
adaptive routing policies to be compared under identical
potential outcomes.

e We instantiate the protocol in a decentralized multi-controller
routing system and compare several adaptive zeroth-order
policies, including baseline distributed SPSA and distributed
accelerated consensus-based A-SPSA.

e We analyze component-level behavior, step-size sensitivity,
and a small real-endpoint feasibility setting, and discuss eval-
uation limitations such as judge bias, induced heterogeneity,
and the limited scale of real-endpoint validation.

2 Evaluation Problem and System Setting
2.1 Evaluation Problem

We consider adaptive task routing in a multi-LLM orchestration
system. Tasks arrive online and must be assigned to LLM agents
using only the available history and the current system state. Let
T = T, T5, ... be the task stream, where task T; arrives at time
t3". When processing T;, the system observes only H; = T3,...,T;
and feedback from previously completed tasks; future arrivals, API
delays, LLM outputs, and quality values are unknown.

The main evaluation challenge is that different routing policies
may assign the same task to different agents and therefore observe
different responses, latencies, costs, and quality signals. A direct
online comparison can thus mix policy quality with stochastic
generation, API variability, and judge noise. We therefore treat
a routing policy as 7 : H; X S; — &, where S; is the current
system state and & is the set of LLM agents, and compare policies
under a controlled task stream and controlled potential task-agent
outcomes.

2.2 Adaptive Multi-LLM Routing Setting

The execution layer consists of LLM agents & = Ej,. .., E,. Each
agent represents an LLM model or service and may differ in re-
sponse quality, latency, cost, specialization across task types, and
availability. Following the distributed adaptive task-allocation set-
ting of [25], we introduce controllers C = Cy, .. ., C,, which receive
tasks, estimate their parameters, select LLM agents, and update lo-
cal prediction models from feedback. Controllers communicate
over G(7) = (C, A(r)), where A(r) is the set of controller links at
adaptation iteration 7.

Each task is represented as T; = (tia", type;, ¢i, us, n;), where
is the arrival time, type; is the task type, ¢; € RY is a feature vector,
u; € [0,1] is an urgency score, and n; is the request size. Controller
C; estimates the expected processing time and acceptable waiting
time and defines an internal deadline:

pi=p(T0), o =W(Ti0™), Dy =67 + by + .

arr
ti

Here, pr ) and 91(.“') are local prediction parameters. The deadline D;
is an internal operational target rather than an externally imposed
hard constraint. If T; is assigned to Eg, the observed outcome is
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Yir = (p;,ecal, q?le:‘l, ngal’ yi2"), including processing time, quality, cost,
and the generated response.

2.3 Routing Decision and Feedback

For each task—agent pair (T;, Ex), the controller computes
score(Ex, T;) = w' £(Eg, Tr) — k1dix — k2 max{0, ry — 1}.

Here, f(Ey, T;) may include relevance, availability, predicted quality,
speed, queue state, cost, reputation, and urgency-aware terms, while
K1, K2 > 0 weight deadline-related penalties. The predicted finish
time ff;(“iSh, normalized deadline gap dj, time budget b;, and time-
budget ratio rj; are

max{0, ff;c““h - D;}

#inish _ javail A _
tik = tk + Dik, di = b P
i
R R flezvall _ t?rr + ﬁik
b; = max{p; + Wi, &p}, rix = .
i

where ¢, > 0 ensures numerical stability. The selected agent is
k; = arg maxgey, n score(Eg, T;).
After completion, the controller receives

_ real real _real real
0i = (piki Wi g Gy - G < Dy}),

where C; is the completion time and the last term indicates dead-
line satisfaction. This feedback updates local prediction models for
processing time, acceptable waiting time, and quality. Since each
controller observes only the tasks routed through it, local histories
may be biased toward different task types and agent outcomes. To
reduce this effect without centralizing data, controllers may peri-
odically align prediction parameters through the communication
graph. Later sections compare distributed zeroth-order mechanisms
for this adaptation, including SPSA-based and accelerated SPSA-
based variants.

2.4 Controller-Level Load Balancing

Incoming tasks are also distributed among controllers through de-
centralized load balancing. Controllers exchange information only
with neighbors in G (7); the load of controller C; can be represented
as x;(t) = qj(t)/pj, where q;(t) is its weighted queue load and p;
is its average productivity. This balancing can be performed using
the Local Voting Protocol or A-LVP [3, 4, 10]. Thus, controller-level
balancing determines which local history is used for prediction,
while agent-level routing determines the realized task outcome.
Both affect the observed metrics and motivate the replay-based
protocol introduced next.

3 Replay-Based Evaluation Protocol

The goal of the protocol is to compare adaptive routing policies
under controlled stochastic conditions. If each policy is evaluated
by an independent online run, differences in performance may be
caused not only by routing decisions, but also by random LLM
generation, API variability, or judge noise. We therefore fix both
the task stream and the potential task—agent outcomes before com-
paring policies. All policies are evaluated on the same ordered
task stream 7y = {Ty, ..., In}, where each task is represented as
T; = (t¥", type;, ¢i, u;, n;). For this stream and the set of LLM agents
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& ={Ey,...,E,}, we construct an outcome table

y { ik (pzk ’qlk ’clk ’ylk ) :
l—l,...,N, k—l,.u,ll},

real

ik
quality signal, c;zal is the execution cost, and yzi"t is the response

returned by agent Ej for task T;. In simulation mode, these out-
comes are generated from fixed stochastic agent profiles under fixed
random seeds. In real-endpoint mode, they are obtained in a pre-
collection phase by sending each task to each agent and caching the
resulting responses, latencies, token usage, costs, and judge scores.

During replay, policy 7 processes the fixed task stream sequen-
tially. At step i, it selects an agent based on its own history and
state,

is the observed processing time, g'® € [0,1] is the

where p i

B =n(HAST)., Y/ =Yyr €Y.

1

The selected cached outcome Y/ is then returned to the policy
as feedback. Different policies may therefore produce different
trajectories because they choose different agents and update their
parameters differently, but they are evaluated against the same task
stream and the same potential outcomes. This separates routing
and adaptation behavior from repeated stochastic LLM calls.

The quality signal is also fixed at the task—agent level. In simula-
tion mode, quality combines a binary success signal and a timeliness
score, while in real-endpoint mode the response is additionally eval-
uated by an LLM judge:

max{O,p;Z?l - tiref})

7; = exp (_ tref
i

Qi =apSi+ (1-ag)T, Q' = 29¢"® + (1 - A) 7,

where S; € {0, 1} is the success indicator, tl.ref is the reference pro-
cessing time, arp € [0, 1] controls the contribution of the success
component, qi“dge € [0,1] is the judge score, and Ap € [0, 1] is the
judge-quality weight. Judge outputs are cached together with the
corresponding task—agent response, so replay does not introduce
additional judge calls.

We report both operational routing metrics and prediction losses.
For a policy 7, the main operational metrics are the mean routing
objective and deadline hit rate:

—IT

=

N N
1 1
~ Z; score(Egz,T).  DHR" = — Z;I[{Cf <Di}. (1)
i= i=
Here, C7 is the completion time of task T; under policy 7, and D; is
the internal deadline. Higher values of both metrics are better.

For prediction quality, we use the processing-time loss and the

one-sided wait-prediction loss:

2
Fl(g(,ﬁ)) -E (xlfl'g(P) _plylecjxl)

>

(2
FZ(G(W)) =E [max {wfeal +5 - xiTQ(W), 0}2] .

The loss F; measures processing-time prediction error. The loss F,
penalizes underestimation of acceptable waiting time, which would
otherwise produce overly tight internal deadlines and increase
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deadline misses. When a quality predictor is used, we additionally
report

N
1 R 2
QMSE” = N Z (Qik;f - q:;ec?rl) . ©)
im1

All metrics are computed on the same task stream and outcome
table for every policy, and results are aggregated across random
seeds as mean + standard deviation. Additional model and protocol
details, including task-pool construction, judge prompting, fallback
rules, routing sub-scores, calibration constants, and hyperparameter
grids, are provided in Appendix A.

4 A-SPSA-Based Parameter Adaptation

We introduce a parameter-optimization mechanism for the rout-
ing controllers responsible for predicting task processing time and
admissible waiting time. These parameters are used to compute
the predicted finish time, the internal deadline, and the routing
score; therefore, their adaptation directly affects the quality of
task assignment to LLM agents. The mechanism is based on dis-
tributed accelerated consensus-based SPSA [8], which combines
two-point zeroth-order evaluations, an accelerated surrogate up-
date, and consensus-based parameter alignment among neighbor-
ing controllers.

Each controller C; maintains two parameter vectors Gjp ) e
RY, 9](. ) ¢ R?. The vector 9](.P ) is used for processing-time predic-

tion, whereas 91(. ) is used for wait-time budget prediction. These
parameters are optimized with respect to the objective functions
defined in (2). In what follows, 8; denotes either of these two param-
eter vectors, and }":j,T(G ;) denotes the corresponding local empirical
version of F; or F;, computed over the rolling window of recent
observations available to controller C;. At each adaptation iteration
7, the controllers communicate over the graph G(7) = (C, A(7)),
where A(7) is the set of active inter-controller links and b ()
is the communication weight between controllers C; and C,. For
controller C;, the A-SPSA update is written as

-~ aTY‘[—lzj,‘[—l + Y‘rej,Z‘r—l
0jr =
Ye-1 + ar(p—1n)

— . —~ B
Xjor = ej,r + ﬂr Aj,‘r’ Xj2r-1 = ej,'r - ﬁr Aj,ra

>

d
1 1
ANip€{——,—} ,
e bl
. Fye(xjar) = Fo(xj20-1)
9ir = i+ p: i
+w Z bje(7) (gj,r—gf,r),

teNj(7)

©

9j,2r = é},r - hgj,ra 9j,21+1 = 9}‘,2‘:’
(1= @0)ye-1zj0-1 + @ (0 = )0 — @y

Yr

Zjr =

Here, gj,f is the accelerated probing point at which controller C;
collects zeroth-order information. The points x; 3,1 and x; 5, are
the two measurement points used within one adaptation iteration.
They are constructed using the simultaneous perturbation vector
Aj 7, whose components are independent and take the two values
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Algorithm comparison — simulation (N=800, 7 seeds)
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Figure 1: Numerical comparison over N = 800 tasks and seven independent seeds. Boxes show the interquartile range, center
lines show medians, and whiskers extend to 1.5 times the interquartile range.

with equal probability. Thus, the update direction requires only two
evaluations of the local empirical objective I?j),, independently of
the dimension d.

The estimate g ; consists of two terms. The first term is the SPSA
estimate of the local descent direction. The second term is the con-
sensus correction based on the discrepancy between controller C;
and its neighbors N;(7). The parameter & > 0 controls the strength
of inter-controller alignment. Therefore, the update accounts for
both local prediction error and consistency of controller parameters
across the network.

The variable z;; is the surrogate center. It accumulates infor-
mation from previous iterations and is used to construct the next
probing point. The accelerated dynamics are governed by z; ; to-
gether with the sequences o, and y, defined by

2
T

1+e¢
Yr = (1 - 0(1-,1))/.[,1 + arfl(ﬂ - ’7)

h=(1-ap)yr—1+o(p—1n),

Here, h is the descent step size, y corresponds to the strong con-
vexity parameter of the regularized objective, n € (0, 1) is a stabi-
lization parameter, and ¢ > 0 accounts for noise and nonstationary
effects. In the implementation, @, may additionally be capped from
above to avoid overly aggressive acceleration at the beginning of
the online trajectory, when the rolling window contains only a
limited number of observations.

The same update is applied separately to 9](.‘0 ) and 9](. ) For 9](.p ),
the local oracle I?j,r corresponds to the processing-time prediction
error. For 0, it corresponds to the one-sided wait-prediction
loss. After the update, the new parameters are used in subsequent
routing decisions: they affect the predicted finish time, the internal
deadline, and the final routing score.

Adaptation is performed periodically after new observations
have been collected. Between adaptation iterations, controllers use
the current values of 07’ and 6™ to route incoming tasks. Once
tasks are completed, feedback is added to the rolling window, and
the next A-SPSA update is computed from the updated local history:

routing — feedback — rolling window update —

— A-SPSA adaptation — next routing decisions.

Under the replay-based evaluation protocol, all policies use the
same task stream and the same task—agent outcome table. Hence,
the A-SPSA-based policy does not receive additional access to the
environment; it differs only in the parameter-update mechanism.
Other distributed zeroth-order methods are treated as experimental
baselines and introduced in the experimental section.

5 Experiments

We evaluate A-SPSA in three stages. First, we compare it with
distributed zeroth-order baselines in a reproducible numerical sim-
ulation. We then examine the contribution of its main components
and its sensitivity to the step-size scale. Finally, we evaluate the
routing policies using responses collected from real LLM endpoints.
Detailed task-generation rules, agent profiles, hyperparameter con-
figurations, and supplementary trajectories are provided in Appen-
dix B.

5.1 Numerical Evaluation

Setup. The simulation includes three controllers and five hetero-
geneous agents. Tasks arrive according to a Poisson process with
rate A = 1.25 tasks per second and are sampled from five categories:
PROGRAMMING, QA, SUMMARIZATION, TRANSLATION, and
TOOL_USE, with prompts drawn from five established benchmarks
(Appendix B.1, Table 3). Agent outcomes are generated from task-
dependent latency, capability, and semantic profiles that induce a
speed—quality trade-off.

The main comparison uses N = 800 tasks and seven independent
seeds. Parameter adaptation is performed every five tasks using a
rolling window of 25 completed tasks. A-SPSA is compared with
consensus-based SPSA, Kiefer-Wolfowitz (KW), zeroth-order pro-
jected gradient descent (ZO-PGD), zeroth-order gradient tracking
(ZO-GT), a two-point primal-dual method (PD-2pt), and single-
point gradient tracking (SP-GT). All methods use identical task
streams and task—agent outcomes and differ only in the controller-
parameter update.

Figure 1 reports Routing Objective, Deadline Hit Rate, and Wait
MSE over the seven runs. A-SPSA achieves the highest median
Routing Objective and Deadline Hit Rate and the lowest Wait MSE.
The largest separation is observed for Deadline Hit Rate, suggesting



Adaptive Decentralized Multi-LLM Orchestration

F Wait Loss

Eval. & Trustworthiness of Agentic Al @ KDD’26, August 9, 2026, Jeju, Republic of Korea

Figure 2: Component-level evaluation of A-SPSA. The left panel reports Routing Objective, Deadline Hit Rate, and Wait MSE;

the right panel reports additional prediction-error metrics.

that the accelerated update leads to more effective completion-time
and deadline estimates in the considered setting. SP-GT exhibits
the weakest operational performance and the largest degradation
relative to the remaining methods.

5.2 Component-Level Evaluation of A-SPSA

We compare the full A-SPSA update with two variants: a no-surrogate
variant without accelerated momentum and a variant with a fixed
acceleration coefficient. Each configuration is tuned independently
on the same validation stream and evaluated under the same task
and system configuration.

Figure 2 shows that the full A-SPSA variant achieves the highest
Routing Objective and Deadline Hit Rate. The no-surrogate variant
attains a lower intermediate Wait MSE, but this reduction does
not translate into better downstream routing performance. Fix-
ing the acceleration coefficient degrades both operational metrics
and increases prediction error. Table 1 reports the corresponding
numerical values.

Table 1: Ablation results reported as mean + standard devia-
tion.

Variant Routing obj. T DHR T Wait MSE |

No surrogate 0.720 £ 0.018  0.667 £0.023  0.627 + 0.805
Fixed acceleration  0.687 £0.019  0.598 +0.039  1.060 + 1.496
A-SPSA 0.724 £ 0.024 0.694 £ 0.029  1.796 + 1.864

5.3 Hyperparameter Sensitivity of A-SPSA

Figure 3 examines the sensitivity of A-SPSA to the step-size scale a
ina; =a/(r +11)%602,

F: Wait Loss
(lower = batter)

Figure 3: Sensitivity of A-SPSA to the step-size scale a. The
vertical dashed line marks the selected value a = 0.1.

Small values of a lead to under-adaptation, whereas Routing
Objective and Wait MSE improve as the step-size scale increases.
Deadline Hit Rate remains close to its maximum over the upper
part of the tested range. The results indicate that the selected value
a = 0.1 provides strong performance without requiring fine-grained
tuning.

5.4 Real-LLM Evaluation

Setup. We evaluate the routing policies on 200 tasks from two
independent streams with seeds {11, 42} using five Groq endpoints:

e llama-3.1-8b-instant
e openai/gpt-oss-20b

e allam-2-7b

e llama-4-scout-17b-16e-instruct

e gwen/qwen3-32b

The experiment follows the shared-execution-cache protocol from
Section 3. Each task is first submitted to every endpoint, and the
generated response and judge-based quality score are cached. The
routing policies are then replayed against the same cache without
additional LLM calls.

API latency is replaced by a sample from the corresponding
controlled agent profile, while quality is computed from the ac-
tual generated response. Adaptation is performed after each task,
yielding approximately 186 updates after the warm-up period.

Figure 4 shows the online evolution of Deadline Hit Rate. A-SPSA
exhibits an initial adaptation transient, but after sufficient feedback
has accumulated it recovers and maintains the highest sustained
deadline performance over most of the remaining task stream.

Real-LLM — Deadline Hit Rate (rolling mean w=30, seeds {11, 42})
Shaded band = =1 std | scale: linear

Deadline Hit Rate 1

100 125 150 175 200
Task index

Figure 4: Deadline Hit Rate in the real-LLM evaluation.
Curves show rolling means with a window of 30 tasks; shaded
regions show one standard deviation over seeds {11, 42}.
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Table 2: Real-LLM results over 200 tasks, reported as mean + standard deviation over seeds {11, 42}.

Metric A-SPSA Z0-GT KW PD-2pt Z0-PGD SPSA SP-GT

Routing Objective T 0.839 +£0.001 0.835+0.002 0.834+0.004 0.834+0.008 0.832+0.009 0.831+0.010 0.764 + 0.007
DHR T 0.722 £0.004 0.695+0.021 0.680 +0.042 0.688 +0.053 0.677 +£0.032 0.690 +£0.049 0.562 + 0.011
Wait MSE | 0.162 +£0.093 0.189 £0.141 0.239+0.234 0.213 £0.154 0.241+0.195 0.243 £0.176 0.223 £0.172

Table 2 shows that A-SPSA achieves the highest Routing Ob-
jective and Deadline Hit Rate and the lowest Wait MSE. ZO-GT
provides the closest competing result, whereas SP-GT remains sub-
stantially below the other methods in both operational metrics.

Code is available at https://github.com/newpotatato/decentralized-
Ilm-spsa.

6 Trustworthiness, Biases, and Limitations

The replay-based protocol improves comparability by exposing all
routing policies to the same task streams and potential task—agent
outcomes. However, it does not remove all sources of bias. The nu-
merical evaluation relies on hand-designed agent profiles, while the
real-LLM experiment uses a limited set of Groq endpoints and only
two task streams. In addition, API latency is replaced by controlled
samples, so the real-output evaluation does not capture provider-
side congestion, rate limits, or failures. Quality estimates depend on
the selected LLM judge and may inherit its preferences or model-
specific biases. The evaluated task categories and datasets also cover
only a subset of practical orchestration workloads. Finally, the ex-
periments use three controllers and five agents; scalability to larger
controller networks, denser communication graphs, and broader
model pools remains to be studied. The consensus-correction term
in the A-SPSA update (Eq. 4) assumes synchronous communication,
without an explicit communication-delay term. This matches the
current co-located setting, where communication cost is negligible
relative to the adaptation interval. In a deployment with physically
separate controllers, round-trip parameter-exchange time could
become comparable to or larger than the adaptation interval, re-
quiring an explicit delay-aware term (e.g., stale neighbor estimates
Qg,f_dj ,) and a quantitative treatment of communication overhead,
which we leave to future work.

7 Conclusion

We presented a replay-based framework for evaluating adaptive
multi-LLM routing policies under controlled task streams and task—
agent outcomes. Within this framework, we adapted accelerated
consensus-based SPSA to the online optimization of controller pre-
diction parameters. Across numerical simulations, component-level
analysis, and real-LLM outputs, A-SPSA achieved the strongest over-
all balance between routing utility, deadline compliance, and wait-
time prediction error. The results also show that lower intermediate
prediction loss does not necessarily imply better downstream rout-
ing performance. Future work will extend the evaluation to larger
controller networks, additional LLM providers, judge-robustness
checks, naturally observed latency profiles, and more diverse agen-
tic workloads.
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A Additional Modeling and Calibration Details

This appendix summarizes the modeling choices and calibration
details omitted from the main text for compactness.

A.1 Task Complexity and Semantic Features

Each task T; is associated with a semantic feature vector ¢; € R>,
where ¢; ¢ is the normalized keyword-frequency score along task
axis £ and ), ¢; ¢, = 1. In the main text, the prediction feature vector
is restricted to the one-hot task-type encoding x; = erype; € R>,
while semantic variation within a task type is represented separately
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through ¢; and the scalar complexity score
hi = clip(2 + 4iuype, + 26 + bEY, 1, 10),
£; = min(|w;|/800, 1.5),
by = 0.4|%l,
Here |w;| denotes the prompt length in characters, and X; is the

set of technical complexity indicators present in the prompt. In the
experiments, the keyword set is

K; C {optimize, pipeline, debug, production, integration, benchmark}.

Thus, h; serves as a compact proxy for task difficulty, combining
declared task type, prompt length, and the presence of complexity-
related keywords.

A.2 Choice of Forgetting Factor in RLS

All three online predictors use recursive least squares with ex-
ponential forgetting factor f = 0.99. This value was chosen as
a compromise between stability and responsiveness. Its effective
memory window is approximately

1 —
m =100
recent observations. With five task types and roughly balanced
arrivals, this corresponds to approximately 20 recent examples per
type, which is sufficient for stable linear updates while remaining
responsive to gradual drift in agent behavior.

Larger values, such as = 0.999, were found to react too slowly
to changes in latency or output quality, while smaller values, such
as f§ = 0.95, led to high-variance updates in the early phase, when
the number of available samples per type is still limited.

A.3 Quality Signal Calibration
After task completion, the judge module computes a composite
quality score
Qi = apSi + (1 -ag)7i,
where S; € {0, 1} indicates task success and

max (0, plr.ekal - t{Ef)

- _— b
Ti = exp( et )
1

tiref = TZ‘_/g(typei)(l + h;/10).

The coefficient ap = 0.6 was selected on a held-out calibration set.
This choice reflects the asymmetric value of the two components: an
incorrect response is typically useless regardless of latency, whereas
a correct but moderately delayed response may still be valuable. In
preliminary tests, smaller values of &g overemphasized timeliness,
whereas larger values made latency almost irrelevant.

A.4 Quality Predictor Features
The online quality predictor uses the feature vector
T A A~ 1T
Zik = [et-;pei, Pitype;s Vk> Dis wi| eR’
where erype, € R5 is the one-hot task-type indicator, Pitype, € [0,1]

is the semantic alignment score along the declared task axis,
5

Yr = %Zlﬁk,r

=1
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is the mean capability score of agent Ei, and p;, w; are the cur-
rent processing-time and wait-tolerance predictions. This design
preserves type information while keeping the feature dimension
small.

A.5 Routing Sub-Scores
The routing feature vector is f = [R, A, Q St»Sq» Sc» Srs Sul T, Its com-

ponents are defined as follows.

Semantic relevance.

AR/
il N1l + 10-8"

This is the cosine similarity between task semantics and the capa-
bility profile of agent Ej.

Ryi =

Availability and queue features.

Lfree il
Api = eXp(—A—), tree = 2294 — ¢ > 0,
ki max(w; + 0.5, 0.5) free =k

s, = exp(— Lfree )
a max(w; + 0.5, 0.5)/

Although Ay; and s, share the same closed form, they are retained
as separate features so that their aggregate contribution can be
tuned through distinct weights during routing.

Processing-speed feature.

Here p; . is an agent-specific processing-time estimate. In the imple-
mentation, it is constructed as a convex combination of a type-level
RLS prediction rescaled by the agent’s relative latency and a profile-
based estimate adjusted for prompt length and semantic mismatch.
Cost feature.
se = exp(—cr/0.3).
This form imposes an exponential penalty on expensive agents
while preserving some differentiation across the tested price range.

Reputation feature.

local global

1
Sr = 2 Tik (type ) + (tYPe ).

The local and global terms are updated as
local(i’) — (1-a) r1°°al({’) + 004, a; =0.1+ 0.4c,

k

where Q; is the observed quality score of the completed task, ¢; €
[0, 1] is the judge confidence, py , is the empirical posterior success
estimate, and P;"°(¢) is the benchmark-based prior.

Urgency-aware deadline feature.
sy = exp(—(1 + 3¢;)dx) exp(—0.45¢; max(0, ry. — 1)).

This term penalizes deadline overruns and budget violations more
strongly for urgent tasks.

rE 0y  0.90 2™ (£) + 010 clip(0.55pk ¢ + 0.45P5C(£), 0.05, 0.98),

K. Chernikov, E. Tarasova, and O. Granichin

A.6 Penalty Terms and Service Budget
The deadline gap and time-budget ratio are defined by

max (0, ff"is}‘ -Dy) fzvaﬂ —t+pik
k= —f 7, e = —/—,
bi bi
+finish il Ao
g = ava + Diks b; = max(p; + w;, 0.75),

where the floor of 0.75 in b; prevents numerical instability for very
short tasks.
The routing penalties use

K1 = 0.30 + 0.55¢;, Kz = 0.08.

Thus, deadline overruns become more strongly penalized for ur-
gent tasks, while time-budget overruns receive a smaller secondary
penalty.

A.7 Weight Vector and Adaptive Blending

The baseline weight vector is
=(0.17,0.10,0.13,0.20, 0.15, @eogt, 0.06,0.19),  weost = 0.12,

and the operational weight vector is obtained by #; normalization:
W
e
Under high load, the routing policy blends w toward a throughput-
oriented profile. System pressure is measured by

min ,1.5
7= Clip(0.45 fousy + 0.35M

1
= - 1lax > t|,
ﬁiusy nZ [k ]

max (0, t‘avall 1)
qpress:_z b+05 5

where fi,ugy is the fraction of agents currently busy and gpress is the
mean normalized queue pressure. If 7 > 6, = 0.62, the blend factor
is

+0.20g;, 0, 1),

T -0,
1-6,’

and the effective weight vector becomes

A=

We = (1 = )W + Awep,
where
Wem = (0.05,0.08,0.07,0.28, 0.20, 0.02, 0.08, 0.24).

This emergency profile shifts mass away from quality and cost
features and toward processing-speed and urgency-aware routing.

A.8 Choice of the Hinge Margin in F,

The wait-tolerance objective is
F(6™) = E[max{wfeal +6— xiTQ(W), 0}2] ,

with § = 0.1s. This margin serves two purposes. First, it reduces
sensitivity to small measurement fluctuations in wait-time observa-
tions. Second, it introduces a mild conservative bias, encouraging
the system to avoid overly tight deadlines. Smaller values of § led
to unstable behavior under noise, whereas larger values produced
systematically slack wait-time predictions.
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Figure 5: Evolution of numerical metrics over the task stream for seeds {11, 42, 123}.

A.9 Why These Details Are Omitted from the
Main Text

The system model in the main paper is intentionally limited to
the core definitions required to understand the routing mechanism
and the optimization objectives. The detailed forms of the routing
sub-scores, reputation updates, coefficient choices, and blending
heuristic are included here to document the full implementation
while keeping the main text concise.

B Additional Experimental Details
B.1 Task Generation and Agent Profiles

In the numerical experiments, task types are sampled with prob-
abilities 0.25, 0.20, 0.20, 0.15, and 0.20 for PROGRAMMING, QA,
SUMMARIZATION, TRANSLATION, and TOOL_USE, respectively.
Prompts are sampled without replacement within each run from
the datasets listed in Table 3. Each task is additionally assigned a
complexity score sampled uniformly from [1, 5], an urgency value
in [0, 1], a semantic feature vector, and an arrival time generated
from exponentially distributed inter-arrival intervals.

Table 3: Task sources used in the numerical experiments.

Task type Dataset Pool size
PROGRAMMING ~ MBPP [5] 974

QA TriviaQA [13] unfiltered dev 11322
SUMMARIZATION  XSum [18] test 11334
TRANSLATION OPUS-100 [21] en—fT test 2000
TOOL_USE Hermes-FC [19] train 1893

Each agent is represented by a task-dependent latency, capability,
and semantic profile. The baseline latency and maximum output
length are summarized in Table 4.

Table 4: Agent profiles used in the numerical experiments.

Agent Baseline latency (s) Maximum tokens
llama3-8b 1.5+04 80
mistral-7b 2.0+0.5 180
qwen2.5-72b 2.0+£0.5 300
qwen2.5-tooluse 2.5+0.6 380
deepseek-coder 25+0.6 512

Table 5: Hyperparameters selected on the independent vali-
dation stream.

Method a b ﬂmax

A-SPSA 0.10 030 0.30
SPSA 0.70  0.05 -
KwW 1.00 0.30 -
ZO-PGD 050 0.10 -
Z0-GT 0.10 0.30 -
PD-2pt 0.05 0.10 -
SP-GT 0.10 0.30 —

For task T; assigned to agent Ey, the service time is generated as
prel = g (type;) (1 +0.07h;) (1 +0.10 log ;) (1 + 0.12d5™ ) e,

where h; is task complexity, n; is request size, ;™ is semantic mis-
match, and ¢;; follows a log-normal distribution with parameters
(0,0.16). With probability 0.08, the result is additionally multiplied
by a random factor sampled uniformly from [1.25,1.9].

The task-success probability depends on task-type capability,
semantic match, task complexity, waiting time, and urgency, with
an additional Gaussian perturbation. Agent profiles are calibrated so
that faster agents have smaller output budgets and lower expected
success probabilities.

B.2 Hyperparameter Selection

Hyperparameters are selected independently for each method on
a validation stream that does not overlap with the test runs. The
validation stream contains 100 tasks. The search considers a €
{0.05,0.1,0.2,0.5,0.7,1.0} and b € {0.05,0.1,0.2, 0.3}. For A-SPSA,
the search additionally includes fmax € {0.3,0.5,0.7}. The configu-
ration maximizing validation Success Rate is fixed before the main
evaluation. The resulting values are reported in Table 5.

B.3 Numerical Adaptation Trajectories

Figure 5 shows the evolution of Routing Objective, Deadline Hit
Rate, and Success Rate over N = 800 tasks for seeds {11, 42, 123}.
The curves report rolling means with a window of 30 tasks, while
shaded regions indicate one standard deviation.

The methods exhibit similar short-term fluctuations because
they process the same task streams. Over longer intervals, A-SPSA
generally remains in the upper part of the comparison group and
recovers after local performance drops, whereas SP-GT and, on
some intervals, KW exhibit prolonged degradation. These per-seed



Eval. & Trustworthiness of Agentic Al @ KDD’26, August 9, 2026, Jeju, Republic of Korea

Real-LLM — Routing Objective (rolling mean w=30, seeds {11, 42})
Shaded band = +1std | scale: linear

085

8

b

Routing Objective 1

070

o 25 50 75 100 125 150 175 200
Task index

K. Chernikov, E. Tarasova, and O. Granichin

Real-LLM — F» Wait Loss (rolling mean w=30, seeds {11, 42})
Shaded band = +1'std | scale: linear

— sp.GT
175 20.6T
— PD-2pt

150 20-PGD.
— spsa
— ASPSA

F2 Wait Loss 4

o 2 50 75 100 125 150 175 200
Task index

Figure 6: Supplementary real-LLM adaptation trajectories. Curves show rolling means with a window of 30 tasks; shaded

regions show one standard deviation over seeds {11, 42}.

trajectories provide the temporal view underlying the aggregate
summary in Figure 1: rather than reporting only a single terminal
value, they show how each method’s Routing Objective, Deadline
Hit Rate, and Success Rate evolve as the rolling window accumu-
lates observations. The relative ordering of methods visible here is
consistent with the seed-aggregated ranking reported in Section 5.1.

B.4 Additional Real-LLM Results

During pre-collection, each of the 200 tasks is submitted to all five
Groq endpoints, producing 200 X 5 cached task—agent outcomes per
task stream. Each cached record includes the generated response

and judge-based quality score. During replay, latency is sampled
from the corresponding controlled agent profile.

Figure 6 reports the supplementary Routing Objective and Wait
MSE trajectories. Together with Figure 4, they illustrate the initial
A-SPSA adaptation transient and its subsequent recovery.

Taken together with Figure 4 in the main text, these supple-
mentary trajectories indicate that A-SPSA’s numerical-simulation
advantage extends to real generated content: after the initial adap-
tation transient, Routing Objective and Wait MSE stabilize in the
same relative ordering observed in Table 2, suggesting that the
method’s behavior in Section 5.4 is not an artifact of the synthetic
agent profiles used in the numerical evaluation.
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