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Abstract
LLM inference now dominates operational AI compute, yet pro-
duction serving stacks typically optimise for performance alone,
leaving cost and carbon unmanaged. We present CEDAR, a queue
level multi objective control framework for agentic LLM inference
that jointly optimises tail latency, cloud cost, and marginal carbon
emissions. CEDAR observes backlog depth, waiting time percentiles,
and service level objective (SLO) slack to route mixed criticality re-
quests across heterogeneous, geo-distributed fleets. In trace-driven
evaluation, CEDAR reduces cost by up to 26% and carbon by up
to 27% relative to a Performance-Only baseline, while maintaining
competitive p95 latency (0.88 s) and low SLO violation (4.3%). These
results indicate queue level control as a practical path to sustainable
agentic inference without unacceptable QoS degradation.

CCS Concepts
• Computer systems organization → Availability; Reliabil-
ity; •Computingmethodologies→Multi-agent planning;Multi-
agent systems; Intelligent agents; • Information systems→
Data centers.
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1 Introduction
The AI inference market is projected to grow from $106B in 2025 to
$255B by 2030, driven by widespread deployment of LLM-powered
services across industries [11]. This growth is no longer confined
to chatbots: LLMs now power agentic coding assistants (GitHub
Copilot, Cursor, Devin) that autonomously generate, refactor, and
debug production code; enterprise automation pipelines that process
contracts, invoices, and customer support tickets at scale; clinical
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decision support tools that summarise patient records and flag drug
interactions in real time; and scientific research accelerators that
parse literature and generate hypotheses across biology, materials
science, and drug discovery. Each of these use cases generates
continuous, heterogeneous inference demand ranging from latency-
critical interactive requests to deferrable batch jobs and runs 24
hours a day across global infrastructure. This growth comes at
significant environmental and economic cost, as shown in Figure 1,
global data centres consumed 415 TWh in 2024, growing at 12% per
year over the last five years and are projected to reach 945 TWh by
2030, representing nearly 3% of global electricity consumption [11].
In the US alone, AI specific servers will grow from 53-76 TWh (2024)
to 165-326 TWh by 2028 [19], with a single LLM query consuming
10× more electricity than a traditional web search [23].
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Figure 1: Projected AI inference market growth (right axis)
versus global data centre electricity demand (left axis). En-
ergy figures from IEA [11] as reported by MIT Technol-
ogy Review [14]: 415TWh (2024) rising to 945TWh by
2030. Inference market projections from $106B (2025) to
$255B (2030) [13]. Dashed lines indicate projections between
sourced anchor points.

As agentic workloads scale from thousands to millions of daily
requests [7], the aggregate carbon footprint of inference infrastruc-
ture becomes a first-class operational concern, yet current serving
systems treat energy and carbon as afterthoughts, optimising ex-
clusively for throughput and latency. The emergence of agentic AI
systems amplifies these challenges. A single agentic coding task gen-
erates 10+ sequential LLM calls, creating sustained queue backlogs
and 37% KV cache recomputation overhead [7]. These workloads
exhibit mixed-criticality characteristics. For example, interactive
requests (e.g., autocomplete) require sub-second response times,
while background tasks such as code analysis, batch test generation,
and offline document processing can tolerate delays of seconds to
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minutes, creating scheduling opportunities that current systems
fail to exploit.

TheProblem.Current LLM serving systems (TensorRT-LLM [17],
SGLang [26], vLLM [12]) optimise a single objective (latency or
throughput) using simple routing strategies (round robin, least
connections). No production system jointly considers monetary
cost, carbon intensity, and request priority in routing decisions.
This single-objective approach leaves substantial performance and
efficiency gains unexploited. Empirical evidence indicates that head-
of-line blocking inflates average latency by up to 5.3× [18], prefill-
decode interference causes generation stalls that degrade overall
system responsiveness [15]. In parallel, infrastructure fragmenta-
tion results in underutilisation, with approximately 28% through-
put [8], and systems rarely exploit real time carbon intensity varia-
tion across regions [5, 24]. Furthermore, naive per request carbon
metrics conflate sunk carbon (baseline infrastructure) with mar-
ginal carbon (schedulable emissions), leading schedulers to optimise
the wrong target [3]. The above problem and associated challenges
motivate the central research question:

Can queue-level, multi-objective control jointly minimise latency,
cloud cost, and carbon emissions for heterogeneous agentic LLM in-
ference workloads, without unacceptable degradation of any single
objective?

This question recognises that the optimisation target is inher-
ently multi dimensional and that the queue not the individual re-
quest nor the individual instance is the natural control granularity
at which latency, cost, and carbon interact and can be co-managed.

To answer this question, we make the following contributions:

– We introduce CEDAR, a queue level multi objective control
framework for agentic LLM inference that integrates latency,
cost, and marginal carbon into a unified routing and scaling
policy.

– We formulate fleet routing as a constrained Markov Decision
Process (CMDP) using queue-level Service level Objective
slack and real time carbon signals.

– We show via trace driven evaluation that CEDAR reduces
cost by up to 26% and carbon by up to 27% relative to a
Performance-Only baseline while maintaining competitive
tail latency.

The remainder of this paper is organised as follows. Section 2
reviews existing LLM serving systems and identifies key gaps in
multi-objective and carbon-aware scheduling. Section 3 presents
the proposed CEDAR framework, detailing its architecture, design
components, and control formulation. Section 4 evaluates the pro-
posed approach through trace-driven simulation and compares it
against established baselines using latency, cost, and carbon metrics.
Finally, section 5 concludes the paper and outlines directions for
future work.

2 Existing Gaps in LLM Serving Systems
Despite rapid advances in LLM serving, existing systems optimise
along isolated dimensions and at limited control granularities. No
prior work jointly integrates multi objective optimisation, queue
level abstraction, heterogeneous fleet routing, and real time carbon
awareness within a unified serving framework.

2.1 Single-Objective Scheduling
Recent LLM schedulers primarily target latency and throughput.
Latency Tail Reduction (LTR) scheduling [6, 18] mitigates head of
line blocking, while Niyama [8] improves mixed criticality isolation.
Astraea [16] formalises the NP-hardness of optimal LLM scheduling.
However, these systems optimise exclusively for performance and
do not incorporate cost or carbon objectives into their control
decisions.

Energy oriented systems such as DynamoLLM [21] reduce clus-
ter level energy consumption, and BrownoutServe [10] improves
SLO resilience under bursty Mixture of Experts (MoE) workloads.
Yet these approaches operate within single clusters and lack cross-
region optimisation or carbon aware routing capabilities.

2.2 Infrastructure Level Carbon Optimisation
Carbon aware systems such as CarbonScaler [3] andGreenScale [25]
focus on infrastructure level workload shifting. Prior work shows
that naive temporal or spatial shifting may increase total emis-
sions without careful accounting [2]. The Sunk Carbon Fallacy [3]
emphasises the need for marginal rather than average carbon met-
rics, while Fair CO2 [20] studies carbon attribution mechanisms.
SLIT [4] proposes a multi objective framework for geo distributed
LLM scheduling that co optimises TTFT, carbon emissions, water
usage, and energy costs using a meta-heuristic approach. How-
ever, these efforts do not integrate carbon signals directly into LLM
serving schedulers at the queue level. Although real time carbon in-
tensity data is available via WattTime [24] and Electricity Maps [5],
to our knowledge no LLM serving framework incorporates these
signals into queue level routing or multi objective scheduling de-
cisions. As a consequence, four persistent inefficiencies remain:
(a) head-of-line blocking inflates latency by up to 5.3× [18], (b)
prefill-decode interference causes generation stalls [15], (c) siloed
infrastructure underutilised approximately 28% throughput [8, 22],
(d) regional carbon intensity variation remains unexploited despite
significant inter-region differentials [5, 24].

These deficiencies share a common root cause, i.e, the absence of
multi objective, fleet wide, queue aware control that simultaneously
reasons about latency, cost, and marginal carbon.

2.3 Agentic Workload Amplification
Agentic coding workloads [7], characterised by multi step session
structures, mixed criticality tiers, bursty inter arrival patterns, and
highly variable token lengths, amplify these inefficiencies. Existing
schedulers treat requests largely independently and fail to exploit
session level SLO slack or deferability across workflow stages. The
proposed method, CEDAR, addresses these gaps by elevating con-
trol to the queue level, integrating marginal carbon signals into
routing decisions, and enabling heterogeneous cross-region sched-
uling under a unified multi objective policy guided by a validated
heuristic and a Soft Actor Critic (SAC) [1, 9] based DRL controller.

3 Proposed Solution: CEDAR
CEDAR is a fleet level serving framework that jointly optimises tail
latency, cloud cost, andmarginal carbon for mixed criticality agentic
LLM workloads by elevating control to the queue abstraction.
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Figure 2: CEDARarchitecture and control flow.Agentic pipelines generatemixed criticality LLM invocations. The ingress layer
classifies requests into virtual queues. The controller observes queue level state, fleet telemetry, and carbon/pricing signals to
decide routing and scaling actions over a heterogeneous, geo distributed fleet.

Figure 2 illustrates the full flow: (1) an Ingress Layer classifies
each incoming agent step by criticality and SLO, because mixed
criticality is the core enabling structure for trading slack for sus-
tainability; (2) Global Virtual Queues maintain per class backlog and
SLO slack signals, because queue level state best reveals impending
tail-latency risk and available deferability; (3) aMulti-Objective Con-
troller periodically observes queue/fleet/carbon state and selects
routing and scaling actions, because latency, cost, and carbon inter-
act across the fleet and must be co managed; (4) a Heterogeneous
Fleet executes requests across regions and model sizes, because
energy and $/token vary strongly across models and regions, en-
abling savings through model aware and region aware routing;
and (5) a Carbon Integration Layer supplies real time (or replayed)
carbon intensity signals, because emissions differ materially across
regions and time and must enter the control objective. Algorithm 1
formalises this control loop. The remainder of this section unpacks
each component in the same order as Figure 2, then defines the
controller formulation and constraints.

3.1 Workload and System Assumptions
Agenticworkloadmodel.CEDAR targets agentic coding pipelines
composed of multi step sessions (10+ LLM calls) spanning three crit-
icality tiers: completion (HIGH, 500ms SLO), refactoring (MEDIUM,
2 s SLO), and analysis/test generation (LOW, 5 s SLO). Approximately
40% of requests belong to LOW priority stages, creating temporal
slack exploitable for cost and carbon optimisation.

Carbon heterogeneity. Grid carbon intensity varies across re-
gions and time. CEDAR consumes live carbon signals (gCO2/kWh)
from WattTime [24] and Electricity Maps [5], routing deferable
stages toward lower carbon regions when SLO slack permits.

Queue-level observability. Queue-level metrics (backlog, p95
wait, SLO slack) provide earlier overload signals than per instance
utilisation and reduce routing oscillation relative to naive policies,
motivating queue level control.

3.2 Ingress Layer: classification and admission
The ingress layer converts raw agentic steps into scheduling rel-
evant metadata (priority tier, SLO deadline, token estimate, and
task type). Agentic workloads are inherently mixed criticality: in-
teractive steps (e.g., completion) require strict deadlines, while
background steps (e.g., analysis, test generation) are deferrable.
Without explicit classification, the controller cannot safely trade
slack for cost and carbon savings without harming user facing QoS.
Each request is tagged with (tier ∈ {HIGH, MEDIUM, LOW}, deadline,
estimated tokens, task type), then forwarded to the appropriate
virtual queue.

3.3 Global Virtual Queues: queue level
abstraction and slack tracking

Virtual queues maintain per tier backlog, waiting time percentiles,
and SLO slack. Queueing dynamics dominate tail latency; per in-
stance utilisation is a lagging indicator and per request scheduling
is too myopic under bursty token-length variance. Queue level sig-
nals (backlog, p95 wait, slack to deadline) provide earlier warning
of overload and expose safe windows to route to cheaper or greener
options. Within each queue, requests are prioritised by deadline
aware ordering (EDF within tier) to protect tail latency for critical
tiers.

3.4 Carbon Integration Layer: decision relevant
carbon signals

The carbon layer supplies region specific carbon intensity 𝑐𝑟 (𝑡)
(gCO2/kWh) and optionally forecasts. Emissions are not uniform
across regions and time; routing and deferral decisions are only
meaningful if the controller can observe and learn from these differ-
ences. Following the marginal carbon principle [3], CEDAR treats
carbon signals as decision relevant rather than attributing all base-
line emissions to each request.
Integration. Carbon signals enter the controller state and reward
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and are refreshed at a slower cadence than per request placement
(every few minutes via WattTime [24] and Electricity Maps [5]).

3.5 Heterogeneous Fleet: regions, models, and
energy asymmetry

The fleet consists of heterogeneous model deployments (different
sizes and capabilities) across multiple regions. Model size drives
large differences in energy and cost per generated token; region and
instance choice also changes carbon intensity and price. This het-
erogeneity enables multi-objective optimisation: the controller can
route deferrable or less critical steps to cheaper or greener resources
while reserving high performance capacity for strict deadline tiers.
Each region and model reports tokens/sec, GPU utilisation, and
memory pressure to the controller.

3.6 Multi Objective Controller: CMDP
formulation and actions

The controller selects routing weights and bounded scaling actions
at fixed intervals (every 10 s). Independent heuristics (e.g., least-
loaded, carbon-only) overfit a single objective and can oscillate
under bursty mixed criticality workloads. A single controller that
jointly reasons over queue state, fleet state, and carbon and pric-
ing signals is required to maintain QoS while reducing cost and
emissions.

CMDP formulation. We model control as a constrained Markov
Decision Process (CMDP). The state 𝑠𝑡 includes: (i) queue state
(backlog, waiting-time percentiles, SLO slack by tier), (ii) fleet state
(tokens/sec, GPU utilisation, memory pressure by region/model),
and (iii) external state (pricing and carbon intensity 𝑐𝑟 (𝑡)). Actions
𝑎𝑡 include routing weights from each queue to each region/model
and bounded scaling targets. A primary QoS constraint enforces
per-tier violation budgets:

E[SLOViolHIGH] ≤ 𝜖HIGH,

E[SLOViolMED] ≤ 𝜖MED,

E[SLOViolLOW] ≤ 𝜖LOW .

(1)

Reward. The controller maximises a weighted reward that pe-
nalises violations, cost, marginal emissions, and oscillation:

𝑅 = −𝛼 · Violations − 𝛽 · Cost − 𝛾 · COmarg
2 − 𝜂 · Oscillation. (2)

Here COmarg
2 denotes decision relevant marginal operational emis-

sions computed from request energy and regional carbon intensity
signals [3]. Tier dependent penalties implement mixed-criticality:
HIGH requests receive the strongest violation penalty.

Safety and stability. To avoid harmful oscillations, actions are
rate limited and scaling is bounded; the controller falls back to a
least-loaded policy if constraints would be violated.

3.7 End to end control loop
Algorithm 1 formalises the end to end loop: carbon signals are
refreshed on a slower cadence, while per request placement uses
the latest queue and fleet state and the current policy (heuristic
initially, SAC [1, 9] once training stabilises).

Algorithm 1: CEDAR Control Loop
Input: Request stream S; fleet F (geo distributed regions/models); active

policy 𝜋 (heuristic→ SAC [1, 9]); replay buffer B.
Output: Routing decisions, cost/carbon metrics, SLO attainment.
Set active policy← heuristic ⊲ SAC takes over once training

stabilises

Cache carbon intensity 𝑐𝑟 ← 0 for each region 𝑟
// Control plane: refresh carbon signals periodically

while system is running do
foreach region 𝑟 do

𝑐𝑟 ← fetch carbon intensity via WattTime / Electricity Maps
end
// Data plane: process each incoming request

foreach request 𝑥 arriving from S do
Ingress: assign tier, deadline, token estimate, task type
Build observation 𝑠 from queue state, fleet telemetry, pricing, and 𝑐
Select (region, model) action (𝑟 ∗,𝑚∗) ← 𝜋 (𝑠)
if request is DEFERRABLE and queue at 𝑟 ∗ is full then

defer 𝑥 to a future control interval (up to its deadline) and
continue

end
Enqueue 𝑥 into tiered virtual queue at 𝑟 ∗

Execute on𝑚∗ when scheduled; observe latency and outcome
Compute cost and COmarg

2 using 𝑐𝑟∗
Store transition in B for DRL training

end
// SAC training: update periodically from replay buffer

if |B | ≥ minimum buffer size then
Sample mini batch; update critics and actor; soft update targets

end
end

4 Evaluation and Results
Experimental Setup. Weevaluate CEDAR via trace-driven discrete-

event simulation, modelling queue dynamics, batching, and token-
level generation latency using throughput profiles measured offline
from vLLM [12] on NVIDIA A100 and H100 GPUs for Llama-3-7B
and Llama-3-70B (batch sizes 1-128). Carbon intensity signals are
sourced from WattTime [24] at 5-minute granularity across three
AWS regions (us-east-1, us-west-2, eu-west-1), covering diurnal and
weather-driven variation from January-March 2025.

The fleet spans 12 GPU instances across three regions (4× A100-
80GB us-east-1, 4× H100-80GB us-west-2, 4× A100-40GB eu-west-
1), running Llama-3-70B on the larger and Llama-3-7B on the
smaller instances. Routing decisions are made every 100ms; all
baselines share the same fleet, model assignments, and carbon
traces for controlled comparison.

Simulation rationale. We use simulation rather than live de-
ployment due to the resource requirements of the heterogeneous
fleet and the need for reproducible carbon intensity replay across
baselines. Throughput profiles are grounded in offline vLLM mea-
surements, providing realistic serving dynamics. Live deployment
is the primary next step (Section 5).

Workload. We emulate agentic coding sessions as sequences of
dependent LLM calls with mixed criticality tiers. Each experiment
replays 10,000 requests drawn from three classes in a fixed ratio: 30%
HIGH (interactive completion, 500ms SLO), 30% MEDIUM (refac-
toring, 2 s SLO), and 40% LOW (analysis/test generation, 5 s SLO)—
consistent with the 40% deferrable share assumed in Section 3.1.
Requests arrive according to a Poisson process at a mean rate of
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50 req/s, overlaid with synthetic bursts (3× peak rate, 10 s duration,
every 5min) to stress tail-latency behaviour. Token lengths follow
a heavy-tailed log-normal distribution (𝜇=6.5, 𝜎=1.2, in log-tokens)
to reflect real prompt/response variability [7]. Incoming requests
are mapped to a region/model pair by the CEDAR controller policy;
baselines apply their own routing rules (round-robin, least-loaded, or
performance-only latency scoring) across the same 12-instance fleet.
A synthetic workload was used to provide reproducible, controlled
experiments across all baselines and to isolate the contribution of
each criticality class; evaluation against publicly available LLM serv-
ing traces (e.g., Azure conversation datasets) is planned as future
work.

Baselines. We compare against: (i) Round Robin routing, (ii) Least
Loaded routing (routes to lowest utilisation), and (iii) Performance-
Only routing (optimises latency without carbon/cost terms). All
baselines share identical fleet and batching parameters unless ex-
plicitly varied.

Metrics. We report: (i) p95 end-to-end latency, (ii) SLO violation
rate (fraction of requests exceeding their deadline), (iii) cost per re-
quest ($/req), (iv) marginal carbon emissions per request (gCO2/req),
and (v) control oscillation, defined as:

Osc =
1
𝑇

𝑇∑
𝑡=1

1
|F |

∑
𝑓 ∈F

��𝑤 𝑓
𝑡 −𝑤

𝑓

𝑡−1
��, (3)

where𝑤 𝑓
𝑡 ∈ [0, 1] is the routing weight assigned to fleet endpoint

𝑓 at control interval 𝑡 , |F | is the number of fleet endpoints, and 𝑇
is the total number of intervals. Lower oscillation indicates more
stable routing decisions; high oscillation causes unnecessary load
rebalancing and can degrade latency under bursty workloads.

Implementation. Algorithm 1 defines the control loop and the
interaction between ingress classification, tiered virtual queues,
controller actions, and fleet execution. Carbon intensity is refreshed
on a slower cadence than request arrivals; routing and queuing use
the latest cached values. The DRL policy (SAC) is trained from
replay buffer transitions; when training is not yet stable, CEDAR
operates under a validated heuristic policy to ensure safe behaviour.

Runtime overhead. Each CEDAR scheduling cycle building the
CMDP state vector, SAC actor inference, and routing table dispatch
completes well within the 100ms control interval. All steps are
O(|F |) or a single forward pass, incurring negligible overhead.
Carbon refresh runs on a separate 5-minute cadence. Formal profil-
ing on live infrastructure is left to future work.

Overall performance. Table 1 summarises results across all base-
lines described in Section 4. Relative to Performance-Only, CEDAR
reduces cost by 26% ($0.00256→$0.00189/req) and marginal carbon
by 27% (93.2→67.8 gCO2/req), while maintaining competitive p95
latency (0.88 s vs 0.76 s, +16%). Compared to Round Robin, CEDAR
lowers SLO violations (22.3% →4.3%) and reduces routing oscil-
lation by 63% (0.51→0.19). These results demonstrate that queue
level multi objective control achieves sustainability gains without
unacceptable QoS degradation.

Cost carbon trade-off and latency preservation. Figure 3 shows
the cost carbon frontier: CEDAR occupies the Pareto-dominant

Table 1: CEDAR vs baselines

System p95(s) SLO% $/req gCO2/req Osc

CEDAR 0.88 4.3 0.00189 67.8 0.19
Round Robin 1.58 22.3 0.00245 95.7 0.51
Least Loaded 1.21 12.8 0.00215 79.3 0.42
Performance-Only 0.76 3.2 0.00256 93.2 0.29

region, achieving the lowest cost and marginal emissions simul-
taneously. Performance-Only achieves slightly lower latency but
incurs 35% higher cost and 37% higher emissions, indicating that per-
formance centric routing fails to exploit deferrable workload slack.
Figure 4 shows latency percentiles (p50–p99.9): while Performance-
Only achieves the lowest p95, CEDAR maintains competitive tail
behaviour and significantly outperforms Round Robin and Least
Loaded at higher percentiles. This confirms that carbon aware opti-
misation does not introduce uncontrolled tail amplification.
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Figure 3: Cost–carbon Pareto frontier. CEDAR achieves low-
est cost and emissions simultaneously, while Performance-
Only incurs 35% higher cost and 37% higher emissions.
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Figure 4: Latency percentiles (p50–p99.9). CEDARmaintains
competitive tail latency while optimizing sustainability.

Component analysis. Table 2 evaluates the contribution of each
mechanism. Removing carbon signals increases emissions (67.8→83.0
gCO2/req). Removing queue level control degrades both latency and
cost (p95 0.88→1.05 s; $0.00189→$0.00215/req). Disabling model
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aware routing increases cost ($0.00189→$0.00206/req). These re-
sults indicate that carbon aware routing, queue-level slack tracking,
and model right sizing each contribute to the overall multi objective
gains.

Table 2: CEDAR design component analysis

Variant p95(s) $/req gCO2/req

Full CEDAR 0.88 0.00189 67.8
No Carbon Signal 0.86 0.00192 83.0
No Queue-Level Control 1.05 0.00215 74.6
No Model-Aware Routing 0.90 0.00206 69.1

5 Conclusion
CEDAR demonstrates that queue-level, carbon aware routing can
jointly optimise latency, cost, and marginal emissions for agen-
tic LLM inference, achieving 26% cost and 27% carbon reduction
while preserving competitive tail latency. By elevating control to
the queue abstraction, CEDAR exposes decision relevant slack in-
visible to per-request or instance level routing, enabling practical
sustainability gains without unacceptable QoS degradation. Future
work includes: (i) real deployment on a live vLLM cluster to mea-
sure end-to-end scheduling overhead and validate the simulation
results under production traffic; (ii) evaluation against real LLM
traces (e.g., Azure conversation datasets and publicly available LLM
serving logs) to complement the synthetic workload; (iii) stabilising
SAC training under non-stationary demand [1, 9]; (iv) evaluating
long-horizon workloads (24 h–7 d) [7]; (v) extending spatial routing
with temporal deferral [5, 24]; and (vi) exploring deployment at
scale with spot capacity and multi-tenant fleets.
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