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Production recommender systems shape what billions of people see, and sustaining their performance
is a continual optimization problem: as content, user behavior, and upstream models shift, the choices
that govern how these systems retrieve, rank, and serve content must be revisited to keep them near
their best operating point. This work has traditionally fallen to human engineers testing changes
through online experiments—a slow, reactive process bounded by engineering effort rather than the
size of the opportunity, so parts of the system go unrevised and drift as conditions change. Although
large language models have been applied to ranking, user modeling, and offline model development,
few systems place an agent in a continual, closed loop that acts on a live recommender and learns
from the measured consequences of its own decisions. We present CORAL (Constraint-Optimized
Recommender via an Agentic Loop), an LLM-native harness that closes such a loop: each cycle, the
agent observes operating signals, reasons over a memory of its past decisions and their measured
effects, and invokes tools—including a numerical optimizer that keeps every change within a fixed
operating budget—to reconfigure the live recommender, after which the measured outcome informs
the next cycle. We formulate this as a partially observed, non-stationary, constrained optimization
problem in which the policy improves in context, without parameter updates, from the effects of its
own prior actions. Across two large-scale social platforms, evaluated with A/B experiments, the same
harness improves engagement at no additional serving cost on one and delivers substantial efficiency
savings without degrading engagement on the other, together spanning the engagement—efficiency
frontier. Its decisions improve as the loop iterates, indicating that a single agentic loop can take on
continual optimization work traditionally performed by human algorithm engineers, with a path from
human-supervised operation toward autonomous operation under guardrails.
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1 Introduction

Recommender systems mediate how billions of users discover content and products across social media,
e-commerce, and entertainment. Over the past decade they have advanced from collaborative filtering to
deep learning ranking models (Naumov et al., 2019) and, more recently, to large sequential and generative
architectures (Kang and McAuley, 2018; Zhai et al., 2024). A modern industrial recommender is not a single
model but a large, multi-stage system—candidate retrieval, ranking, and serving—and, at every stage, its
pipelines and models are governed by a broad collection of parameters and policies: retrieval budgets, ranking
weights, serving and caching policies, and per-segment treatments, among others. Improving such a system is
therefore a continual, iterative endeavor: practitioners form hypotheses, implement changes, evaluate them
with online experiments, and act on the results, repeating this cycle to advance the system. Effective as it
is, this process is bounded by human effort—progress scales with the number of engineers and experiments
rather than with the size of the opportunity.

Many of these choices are made by engineers rather than learned end-to-end with the models, and need
not remain optimal as the system evolves. The human-driven iteration used to refine them has structural
limitations. Fach experiment probes only a small region of a vast design space, so improvements are slow and
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conservative. Because changes are usually prompted by observed regressions or opportunities, the process
is reactive rather than anticipatory. And because each cycle is time-intensive and computationally costly,
parts of the system are revisited infrequently and largely held fixed between updates—even as content, user
behavior, and upstream models continue to shift—so a system can drift away from its own best operating
point between interventions. These effects are most pronounced for low-signal and new users, whose behavior
is underrepresented in the aggregate metrics that guide most decisions, and they are compounded by operating
constraints—serving capacity and compute budgets—that couple decisions across the system.

Large language models (LLMs) offer a way to ease this human bottleneck. Beyond ranking items directly (Hou
et al., 2024; Zhang et al., 2023), recent work equips LLMs with memory and tools to reason about users
and content (Shen et al., 2026; Chen et al., 2026; Peng et al., 2025) and to automate portions of the model-
development and system-optimization process (Lao et al., 2026; Liu et al., 2026; Hu et al., 2026). Together,
these results suggest that LLM agents can take on work that has traditionally required human algorithm
engineers. Most such systems, however, act on the model, the user representation, or the offline development
pipeline; comparatively few place an agent in a continual, closed loop that acts on a live production system
and learns from the measured consequences of its own decisions.

We present CORAL (Constraint-Optimized Recommender via an Agentic Loop), a flexible, LLM-native
agentic harness that closes such a loop around a recommender. In each cycle, the agent observes the system’s
operating signals, reasons over them together with a memory of its own past decisions and their measured
effects, and invokes tools—including numerical optimization—to produce a change; once that change has
been deployed and measured, the outcome informs the next cycle. In this way, CORAL continually and
autonomously drives improvements that would otherwise demand repeated manual iteration, refining its
own decisions over time. We instantiate the harness on a high-value class of decisions: the continuous,
constraint-aware allocation of a recommender’s resources across its components, where the agent reallocates
bounded budgets to improve engagement while respecting operating constraints—treating efficiency as a
first-class objective alongside engagement.

We evaluate CORAL on two large-scale social platform surfaces with different components and decision types,
using A /B experiments. On one, it improves engagement—including for low-signal and new users—at no
additional serving cost; on the other, it delivers substantial efficiency savings without degrading engagement.
The same harness applies to both surfaces, and its decisions improve as the loop iterates.

Our contributions are as follows:

e We formulate the continual, agent-driven optimization of a recommender as a partially observed, non-
stationary, constrained problem, in which an LLM policy refines its decisions from the measured effects
of its own prior actions.

e We present the CORAL harness—the context, tools, and closed loop that turn a general-purpose LLM
into a continual optimizer of a live recommender—and show that it generalizes across surfaces and
decision types rather than being tied to a single lever.

e We report two large-scale deployments, evaluated with A/B experiments, that together span the
engagement—efficiency frontier, including gains for low-signal and new users.

e We distill practical lessons from operating such a loop, including the path from human-supervised
operation toward increasingly autonomous operation under guardrails.

2 Related Work

Our work lies at the intersection of research on tool use and memory in agents and on LLM-based recommender
agents (Hou et al., 2024; Zhang et al., 2023; Zhong et al., 2024).

2.1 Tool Use and Memory in LLM Agents

A broad line of research augments LLM agents with external tools, enabling them to retrieve information,
invoke specialized models and APIs (Qin et al., 2024; Zhou et al., 2026; Wu et al., 2026a), execute code (Yang



et al., 2024), and interact with dynamic environments (Zhao et al., 2024). Rather than relying solely on
parametric knowledge, these agents interleave reasoning, tool selection, execution, and observation to solve
tasks requiring external information or specialized capabilities (Feng et al., 2025). Subsequent work has
advanced tool discovery, multi-tool planning, API-call generation, and generalization to previously unseen
tools (He et al., 2025; Wu et al., 2026b). Nevertheless, reliable tool selection, accurate argument construction,
and robust recovery from execution failures remain persistent challenges.

Another line of research equips LLM agents with memory mechanisms that preserve information across
interactions and support learning from accumulated experience (Chhikara et al., 2025; Packer et al., 2023; Li
et al., 2025; Park et al., 2023). Existing systems store and retrieve conversational histories, environmental
observations, successful strategies, failures, and self-reflections to inform future planning and decision-
making (Zhong et al., 2024; Ye et al., 2026). More advanced approaches organize memories into episodic,
semantic, reflective, or hierarchical structures and incorporate mechanisms for summarization, consolidation,
updating, and selective forgetting (Sumers et al., 2023; Xu et al., 2026). Despite this progress, fundamental
questions remain regarding what information should be retained, how memories should evolve as new evidence
arrives, and when outdated, redundant, or conflicting information should be revised or removed.

2.2 LLM Agentsin Recommender Systems

One line of work uses LLM agents to simulate user behavior for system evaluation and behavioral analysis, con-
tributing primarily to evaluation methodology rather than directly improving recommendation quality (Zhang
et al., 2024a; Wang et al., 2023; Zhong et al., 2025; Shi et al., 2025; Bougie and Watanabe, 2025; Chen et al.,
2025). A second line develops autonomous agents that reason, plan, and invoke conventional recommender
models as tools, but typically handles each interaction independently without maintaining persistent user
memory (Wang et al., 2024; Huang et al., 2023; Lei et al., 2024; Zhao et al., 2024; Deng et al., 2025; Ou et al.,
2026). Another line equips recommender agents with persistent memory through iterative profile refinement,
structured memory organization, and collaborative preference propagation (Xu et al., 2025; Zhang et al.,
2024b; Liao et al., 2026; Nguyen et al., 2026; Li et al., 2026; Chen et al., 2026). However, these approaches
generally rely on flat memory representations and lack a complete lifecycle governing preference extraction,
consolidation, updating, and forgetting.

A more recent line of research shifts the role of agents from generating recommendations to improving
recommender systems themselves. These approaches use agents to search over models, code, and system
configurations, thereby automating parts of system development and optimization (Lao et al., 2026; Liu et al.,
2026; Hu et al., 2026; Shen et al., 2026). In most cases, however, the agent operates on the recommendation
model, user representation, or offline development pipeline. Comparatively little attention has been given to
agents that continually intervene in a deployed recommender system, observe the measurable effects of their
actions, and adapt subsequent decisions based on this feedback. Our work addresses this gap by placing the
agent in a continual, closed-loop interaction with a recommender system.

3 Problem Formulation

We consider a recommender system whose behavior is governed by a set of tunable control parameters, and
we study an agent that updates these parameters over time to improve the system.

Let s denote a configuration of these parameters. Its effect depends on the surrounding operating context—the
users and content the recommender serves and the upstream models it uses—which the agent cannot observe
directly and which changes over time. We capture this dependence by indexing the system’s response by the
cycle t: under configuration s at cycle ¢, the recommender attains a business objective J;(s), which we take to
be engagement, and incurs an operating cost ¢;(s) that must not exceed a fixed budget B. Both the objective
and the operating constraint are set by the operator rather than by the method; the formulation assumes
nothing particular about either, and any objective that an operator wishes to improve under a bounded
resource constraint fits the same form. It therefore covers not only maximizing the objective under a cost
budget but also its dual—minimizing cost while holding the objective at a target level—and an operator may
pose either; our two deployments take one form each.
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Figure1 Overview of the CORAL harness. (a) The control plane combines persistent memory and LLM reasoning with
deterministic tools, constrained optimization, and guardrails. A validated, budget-feasible configuration is applied to
the live recommender; telemetry and online A/B results are measured, attributed, and returned to memory. (b) On
each k-day cycle, the measured effect of the deployed configuration becomes context for the next decision, allowing the
policy to adapt in context.

We group the tunable surface into N control units, indexed ¢ = 1,..., N; each unit is a component whose
setting s;; the agent controls, drawn from a feasible set—a bounded continuous value or a choice from a
discrete set. For example, a control unit might be a retrieval source whose setting is its share of a fixed
candidate budget, or a user segment whose setting is one treatment chosen from a discrete serving menu. In
each decision cycle ¢, the agent selects a configuration s; = (s¢,1,..., St n).

The best configuration at cycle t is

s; = argmax Ji(s) subject to ¢(s) < B. (1)

Here s} is the best feasible configuration at cycle ¢ (the oracle optimum), while s; is the configuration chosen
by the agent. Because the operating context evolves, s; is not fixed: it moves from cycle to cycle, and a
configuration left unchanged grows increasingly suboptimal. The agent’s aim is therefore not to converge
to a single optimum but to keep the deployed configuration close to this moving target while respecting the
budget. Across successive cycles, we state this as minimizing the cumulative shortfall relative to the best
feasible configuration,

min Z [Ji(sf) — Ju(s1)] subject to c¢;(s;) < B Vt, (2)
t

where the configurations s; are produced by the agent’s policy 7.

The policy 7 is an LLM that maps the current observation and memory to the next configuration, s; = m(os, My).
The agent observes the system only through aggregate signals. At each cycle it receives an observation oy
that summarizes per-unit operating statistics over the preceding window, together with their change from
the previous window. It also maintains a memory M; over the most recent m cycles: the observations it has
seen, the configurations it has chosen, and the outcomes it has attributed to them. The policy reaches a
configuration through a short sequence of actions rather than a single step: it analyzes the current statistics,
retrieves relevant history from memory, estimates the effect of its previous configuration, and invokes a
numerical optimizer that projects a candidate configuration onto the budget-feasible set, so that every emitted
configuration satisfies ¢;(s;) < B by construction.



4 The CORAL Harness

The previous section formalizes what the agent must do; here we describe the system that lets a general-
purpose language model do it reliably. We call this system the harness. It surrounds the language model with
three elements the model alone does not provide: the context needed to understand the current state of the
recommender, a set of tools with which to analyze that state and act on it, and a loop that runs on a fixed
cadence and carries experience from one cycle to the next. The model contributes reasoning; the harness
makes that reasoning grounded, budget-feasible, and cumulative. Figure 1 shows the overall design.

This problem calls for a policy of an unusual kind. The decision at each cycle rests on many heterogeneous,
partly qualitative per-unit signals—raw metrics, funnel behavior, and how each unit is trending—weighed
together with domain knowledge about what those signals imply, and it resists a fixed rule or a single tunable
formula. The right allocation also drifts as the operating context changes, so the policy must reinterpret
the current signals each cycle rather than settle on a static mapping. An LLM is well suited to both: it
reasons over heterogeneous evidence and prior knowledge to decide where to reallocate, adapts in context as
new outcomes arrive without retraining, and articulates a rationale for each change—the property the loop
relies on for human oversight and self-attribution. What it cannot guarantee on its own—a hard budget and
consistent, well-formed decisions—the harness supplies through the optimizer and guardrails.

4.1 Memory

The harness maintains a persistent memory that spans the most recent m cycles and gives the model the
context to reason about both the system and its own past behavior. We organize it into three stores. An
observation store records the raw observations o;—the per-unit operating statistics and their recent changes—
so the model can see the current state of each part of the system. An assessment store holds the model’s
own synthesized assessments from earlier cycles: concise, natural-language judgments of which parts of the
system are performing well or poorly and how their behavior is trending. Finally, a decision store records
the configurations the agent has previously deployed together with the outcomes later attributed to them.
Together, these stores let the model ground each decision not only in the present state of the system but in
the consequences of what it has already tried.

4.2 Tools

A language model cannot, on its own, guarantee that its proposals are numerically sound or that they respect
a hard budget, so the harness equips it with a small set of tools that it invokes while reasoning. An analysis
tool computes and summarizes statistics and their changes from the raw observations. A retrieval tool surfaces
the relevant history—past configurations, assessments, and outcomes—from memory. An attribution tool
estimates the effect of the agent’s previous configuration, as described below. Most important for reliability is
a constrained optimizer: given the bounded per-unit adjustments proposed by the model, it returns the closest
configuration that satisfies the operating budget—the projection of the proposal onto the budget-feasible set
{s : ¢t(s) < B}. When the proposal already respects the budget, this projection returns it unchanged; it
binds only when the proposal would overspend, redistributing across units so that the deployed configuration
provably satisfies ¢;(s;) < B. A final tool applies the accepted configuration to the recommender’s control
surface. This division of labor lets the model do what it is best at—weighing many heterogeneous signals
and articulating why a change should help—while delegating numerical feasibility to a component that can
guarantee it. Each tool is deterministic and returns a structured result the model reasons over, so the model
contributes judgment while the tools supply computation and hard guarantees.

4.3 The Optimization Loop

The harness runs these components as a closed loop on a fixed cadence of k days, invoking them in the same
fixed order every cycle rather than leaving control flow to the model. It assembles the current observations
and the relevant memory into the model’s context; the model then analyzes the state, recalls what it has
tried, estimates the effect of its last configuration, and proposes a new one, which the optimizer renders
budget-feasible before it is applied. Once deployed, the configuration remains in effect until the next cycle,



Table1 Effect of CORAL’s retrieval-budget policy on a large-scale video service across three successive rounds (R1-R3)
of the loop, each evaluated with an A/B experiment. R1 is a zero-shot proposal; R3 aggregates several decision cycles
and is the deployed configuration. Sessions are video-viewing sessions; “neutral” denotes no statistically significant
change.

R1 R2 R3
Watch time +0.13% neutral +0.15%
Sessions (all users) neutral neutral 40.16%

Sessions (largest market) neutral neutral +40.77%

and its effect is measured with an A/B experiment whose result is written back to memory—closing the loop
and becoming part of the context for the following cycle.

In our deployments we set the cadence to k = 3 days—long enough for a configuration’s effect to surface in
the metrics, yet short enough for the agent to act promptly on what it observes—and the memory horizon to
m = 3 cycles, which keeps enough recent outcomes for the agent to learn from without carrying older results
that the drifting operating context may have made less relevant. We chose these as sensible defaults rather
than tuning them; the best cadence may also vary with seasonality, and systematically selecting k and m is a
direction we are actively exploring.

This feedback is what separates the loop from a system that is merely re-run on a schedule. Because each
configuration persists for a full cycle, the agent can attribute observed changes to its own most recent
decision, comparing the period before the change with the period after and, where an A/B experiment
is available, obtaining a measured treatment effect. Recording these attributed outcomes lets the agent
reinforce the changes that helped and reverse those that did not, so its decisions improve over successive cycles.
This improvement requires no retraining: the agent adapts entirely in context, through the observations,
assessments, and outcomes accumulated in memory.

The loop runs autonomously, applying each cycle’s configuration to the live recommender directly. A human
supervises its operation, tracking the effect of its changes and the decisions it makes; as confidence in the
agent grows, this supervision is progressively replaced by the harness’s automated guardrails—feasibility
checks, bounded-change limits, and safety constraints.

5 Case Studies

We evaluate CORAL on two large-scale social platforms, each instantiating the harness described above on a
different control problem and a different service, and each evaluated with A/B experiments. The first targets
engagement and shows how the loop improves across cycles and benefits low-signal users; the second targets
serving efficiency and shows that the same harness transfers to a very different decision.

5.1 Allocating Retrieval Budget Across Candidate Sources

Our first deployment is a video-recommendation service that assembles each user’s candidates from a set
of complementary retrieval sources. Each source is allotted a share of a fixed retrieval budget, determining
how many candidates it may contribute. These shares are typically hand-set and seldom revised, yet the
best allocation shifts as content and behavior change, and a source that is efficient for one population can be
wasteful for another.

In our formulation, the control units are the retrieval sources; a configuration assigns each source a budget
multiplier within a bounded range, and the operating cost is the total retrieval budget consumed. Each cycle,
the agent observes per-source signals—how many items a source contributes, how well those items convert
into engaged views, and how far they survive the downstream funnel-—and proposes a reallocation, trimming
budget from sources whose candidates convert poorly and redirecting it to sources that deliver engaged views
efficiently, all within the total budget.



Table 2 Per-call cost parameters for the two deployments (estimated from prompt and payload sizes; the pipelines do
not log token usage).

Case study Calls per cycle Input tokens/call Output tokens/call
Retrieval-budget ~10 ~1,500 ~2,500
Serving-capacity ~ 8 ~2,000 ~2,500

The agent operates as an autonomous closed loop under human oversight, and its policy improved over three
successive rounds of the loop, each evaluated with an A/B experiment (Table 1). A first, zero-shot proposal,
formed from a single window of statistics, produced a small watch-time gain but no significant change in
sessions (sessions are individual user app visits containing at least one video view). In the second round the
agent shifted budget more aggressively between sources but overcorrected, and its measured effect was neutral.
Incorporating that outcome, the agent refined the allocation over several further cycles and arrived at the
deployed configuration reported below, which improved watch time further and produced significant session
gains. This progression is not monotonic—the second round did not improve on the first—yet it is precisely
the behavior the loop is designed to produce: rather than a gain in every round, the agent reacts to the
measured effect of its own decisions and, over successive rounds, converges on a better configuration.

For the converged global allocation, the A/B experiment, spanning millions of users, showed a 0.16% increase
in video-viewing sessions across all users, alongside a 0.15% increase in total watch time—all at no additional
serving cost, as the reallocation consolidated the retrieval budget rather than expanding it.

We then extended the agent beyond a single global allocation to produce distinct allocations for different
user segments, defined by engagement level and account tenure—for example, highly active users, low-signal
users, and newly joined users. This per-segment control matters most for low-signal and new users, whom an
allocation tuned to highly active users tends to underserve. For this cohort, whose historical engagement is
sparse, the agent shifted budget toward retrieval sources that draw on content and current-context signals—
which stay reliable when per-user data is scarce—and away from sources that rely on rich user histories. This
raised video-viewing sessions for new low-signal users by 0.23%. The result indicates that the same harness
can specialize its policy for segments that a single global allocation leaves behind, directly addressing the
systematic under-service of low-signal users.

5.2 Allocating Serving Capacity Across User Segments

Our second experiment is on a different service, where the agent allocates serving capacity across user
segments. For each segment, the service can select a treatment from a menu that ranges from lightweight to
compute-intensive, varying how aggressively it retrieves and ranks, how much it caches, and how much it
prefetches. More intensive treatments can raise engagement but cost more to serve, and the total serving cost
is capped by a fixed budget—so choosing a treatment per segment is precisely the constrained allocation our
formulation describes.

Here the control units are the user segments; a configuration assigns each segment a treatment from the
discrete menu, and the operating cost is the compute required to serve it, bounded by the budget. Each cycle,
the agent observes per-segment engagement and cost and decides where to spend more and where to spend
less—raising the treatment for segments where added compute yields the most engagement and lowering it for
segments where it yields little, so that the reclaimed budget funds the increases.

Because a treatment assignment stays in effect for a full cycle, the agent can compare a segment’s engagement
and cost before and after its previous decision, attribute the change to that decision, and use this to decide
whether to continue in that direction or reverse course in the next cycle.

This behavior is evident in our experiments. In an A/B test involving millions of users, the agent improved
its result over two successive rounds. In the first, working within a subset of user segments, the agent reduced
serving cost substantially, saving millions of USD in annualized capacity expenditure. Reading that result
against its previous decision, the agent recognized that the same change could be applied safely to additional
user segments, and in the second round it widened its allocation to include them, increasing the savings of the



first round by 44% while leaving engagement statistically unchanged—and thereby freeing capacity that can
be reinvested elsewhere. This deployment exercises the efficiency side of the objective: it avoids degrading
engagement while directing the operating budget where it is most productive.

5.3 Discussion

Across the two studies, the same harness addressed markedly different control problems—a continuous
reallocation of retrieval budget across sources and a discrete assignment of serving treatments across segments—
and improved the system along complementary axes: engagement, including for low-signal users, in the first,
and serving efficiency without degrading engagement in the second. Together they trace the engagement—
efficiency frontier that a production recommender must manage, and they show that a single, flexible harness
generalizes across different services and decision types. These gains came from a process that required no
per-decision engineering effort. Producing such allocations by hand is a heavy, periodic undertaking: an
engineer forms a hypothesis, runs an experiment, and revises a single lever over the course of weeks, with the
effort growing as the number of levers and segments grows. The harness instead adjusts every control unit on
a short, fixed cadence, autonomously and at negligible compute cost—compressing a tuning cycle from several
engineer-weeks to a few autonomous days, an order-of-magnitude faster turnaround with no engineer in the
loop.

6 Computational Cost

Because the harness acts on the control surface rather than on individual requests, its language-model cost is
charged per decision cycle, not per user. Over a deployment spanning 71" days at a cadence of k days, the total
inference cost is
Cost = (T'/k)-C - (Tin Din + Tout pout)7 (3)

——

cycles
where C' is the number of LLM calls per cycle, 73, and 7,4 are the average input and output tokens per
call, and pi,, pous are the per-token prices. Three properties follow. First, cost is inversely proportional to
the cadence: a shorter k improves responsiveness at proportionally higher cost. Second, it is bounded per
cycle, since 7oy cannot exceed the model’s output-token limit. Third—and most consequential at scale—C' is
fixed by how the control surface is partitioned into decision groups (a handful per cycle), not by the number
of users or requests served, so the cost is independent of traffic and remains negligible even on billion-user
surfaces. This is in stark contrast to per-item or per-user LLM inference, where cost grows with traffic.

Table 2 lists per-call parameters for the two deployments. Each cycle issues only a handful of calls of a few
thousand tokens each, so over a deployment of several cycles the total is on the order of 10° tokens. Using
representative frontier-LLM pricing as a reference, this places the end-to-end inference cost of each deployment
on the order of tens of U.S. dollars—negligible against the engagement gains and operating-cost savings it
produces.

7 Conclusion

We presented CORAL, an LLM-native harness that places a language model in a continual, closed loop
around a recommender. Rather than optimizing a model offline or serving recommendations directly, the
agent acts on the recommender’s live control surface: each cycle it observes the system’s operating signals,
reasons over them together with a memory of its past decisions and their measured effects, applies a change
through tools that keep it budget-feasible, and learns from the measured outcome. We formulated this as a
partially observed, non-stationary, constrained optimization problem, and showed that an LLM policy can
address it by refining its decisions in context, without retraining. Across two large-scale social platforms,
evaluated with A /B experiments, the same harness improved both engagement—including for low-signal and
new users—and serving efficiency, providing evidence that a single agentic loop can carry out the continual
optimization work that has traditionally fallen to human algorithm engineers.



Our approach has limitations, several of which point to future work. First, although the loop runs autonomously,
it still operates under human supervision; strengthening the harness’s automated guardrails so that this
supervision can be reduced is a natural next step. Second, both studies instantiate the harness on a single class
of decision—the constrained allocation of a recommender’s resources across its components—and extending
the same loop to qualitatively different levers, such as the retrieval and ranking logic itself, would further
test the generality it is designed for. Finally, our evidence comes from A /B experiments that measure real
effects but are costly to run and specific to their setting; a standardized way to evaluate agent-driven system
optimization before deployment remains an open problem, and one we hope this work helps motivate.
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Appendix

A Sample Prompt

To make the harness concrete, Figure 2 gives an abstracted template of the per-cycle decision prompt—the
single call in which the model turns the tool-computed context into a proposed configuration. The prompt
is abstracted to its operative structure: internal metric, model, and system names are replaced with role
placeholders in braces. Both case studies use the same template, differing only in what fills these placeholders

(Table 3).

System: You are the reasoning core of an agentic harness that
continually optimizes a production recommender. Each cycle you receive
tool-computed context and propose how to reallocate a bounded budget
across the system’s control units to improve engagement. A
constrained-optimizer tool then verifies your proposal and, only if it
would exceed the budget, projects it onto the nearest budget-feasible
configuration before deployment.

# Context (produced by the harness’s tools)

- Analysis: for each control unit, its current {engagement metrics}
and {operating cost}, and their change since the previous cycle.

- Budget: the operating budget {B} and each unit’s feasible range of
settings.

- Memory: your configurations from the last {m} cycles and the
outcomes attributed to them.

- Attribution: the estimated effect of your most recent configuration.

# Task

For each control unit, judge how efficiently its current setting
converts operating budget into engagement, then propose a bounded
adjustment from that unit’s feasible set: a continuous multiplier
within a fixed range, or a choice from an ordered discrete menu.
Select only from this set; do not invent actions. Keep the total
within the operating budget {B}. Give a brief rationale and a
confidence for each.

# Output (JSON)
{
"decisions": [
{"unit": "<id>", "adjustment": "<action from feasible set>",
"rationale": "<why>", "confidence": "high|medium|low"}
Il
"assessment": "<cross-unit synthesis of what is working and
what is not>"

Figure 2 Abstracted template of the per-cycle decision prompt. Placeholders in braces are filled at runtime by
the harness’s tools; the model proposes bounded per-unit adjustments, which the constrained optimizer renders

budget-feasible before deployment.
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Table 3 How the two case studies instantiate the template’s placeholders.

Placeholder

Retrieval-budget case

Serving-capacity case

control unit
feasible set
engagement metric
operating budget

retrieval source

bounded continuous multiplier
video-viewing sessions, watch time

retrieval budget

user segment

ordered discrete treatment menu
engaged sessions, time spent
serving compute budget
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