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Abstract
In recent years, large language models (LLMs) have gradually be-
come the core of the computing infrastructure of modern web plat-
forms. In practice, the energy consumption and carbon emissions of
a model vary depending on the model capacity, hardware selection,
and the location of the data center. Specifically, if a web platform
adopts only a simple energy-saving strategy, users in certain re-
gions, those using specific languages, or those belonging to spe-
cific disadvantaged groups may continue to receive lower-quality
services. This paper proposes a carbon-aware and fairness-aware
routing framework for LLM-based network services, which jointly
optimizes energy consumption, output quality, and distributional
fairness. We introduce a lightweight complexity and risk predic-
tor to estimate the minimum model capacity required to satisfy
each query under platform-specific quality and security constraints.
The system then routes queries to appropriate model-hardware
combinations, taking into account real-time carbon intensity sig-
nals. Specifically, we model the routing process as a constrained
optimization problem aimed at balancing anticipated quality degra-
dation, energy costs, and fairness constraints among different de-
mographic and geographic groups. In addition, we develop an eval-
uation methodology that combines trace-driven simulation based
on real web workloads with quality, latency, and carbon footprint
metrics for different groups. Extensive experiments show that our
proposal can reduce energy consumption while maintaining accept-
able output quality and preventing systemic quality degradation
among vulnerable user groups.

CCS Concepts
• Information systems → Web services; Collaborative and
social computing systems and tools; • Applied computing →
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1 Introduction
Recently, large language models (LLMs) have rapidly become a core
component of modern web services, supporting conversational
interfaces, knowledge retrieval, and personalized help [33]. Mean-
while, the platform is increasingly relying on LLM as the front
end for user interaction, and the energy consumption and carbon
emissions introduced by model inference are also increasing accord-
ingly [5, 10, 27]. Previous research has shown that performing LLM
inference on large GPU clusters consumes a significant amount of
energy [5, 27], and the carbon emission intensity of data centers
varies depending on the geographical region and time [16, 18, 23].
Therefore, the environmental footprint of LLM-based web services
depends not only on model size and hardware configuration in-
formation, but also on spatiotemporal factors such as grid carbon
emission intensity.

Meanwhile, mounting evidence suggests that the environmen-
tal and social burdens of artificial intelligence (AI) systems are
not evenly distributed in the real world [10, 27]. Due to hard-
ware heterogeneity, model scaling strategies, or deployment de-
cisions made for efficiency reasons, users from different regions,
languages, or groups may experience different model quality or la-
tency [17, 22, 25]. Without carefully designed energy-saving strate-
gies, such as defaulting to smaller or quantized models for certain
groups, new forms of algorithmic unfairnessmay be introduced [25].
These concerns have prompted us to push for fair routing strategies
and to call for the development of environmentally responsible and
socially inclusive technologies.

A key challenge facing web platforms is how to dynamically
assign each user query to the appropriate model-hardware com-
bination while satisfying multiple objectives: meeting quality and
security requirements; minimizing energy consumption and carbon
emissions; and avoiding systematic differences between different
user groups [1]. Simply routing all traffic [34, 36] to a single high-
capacity model would waste a lot of energy [5]. Conversely, over-
routing to smaller models can lead to decreased quality, inconsistent
user experience, and uneven impact. Existing routing heuristics
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typically optimize latency or throughput, lacking consideration for
carbon awareness or fairness guarantees [6, 22, 38].

To this end, we propose a carbon-aware and fairness-aware rout-
ing framework for LLM-based web services. We built a lightweight
complexity and risk predictor that can estimate the minimum model
capacity required to satisfy a query, under platform-defined qual-
ity and security constraints [1]. During the inference phase, the
router selects a model-hardware configuration that balances pre-
diction quality, the real-time carbon intensity of the data center,
and fairness constraints [18, 23, 25]. We model the routing process
as a constrained optimization problem, aiming to simultaneously
minimize energy costs and prediction quality degradation. Cru-
cially, this involves preventing the systematic allocation of low-
capacity models to disadvantaged groups, thus satisfying fairness
constraints [16, 17, 25]. In addition, we conduct a series of evalu-
ations that combine trace-driven simulations based on real web
workloads with grouped metrics for quality, latency, carbon foot-
print, and distributional fairness.

In summary, this paper makes the following key contributions.

• Wepropose a carbon-aware and fairness-aware routing frame-
work for LLM-based web services that uniformly considers
energy efficiency, model quality, and distributional fairness.

• We introduce a lightweight complexity and risk predictor
to estimate the minimum model capacity required for each
query, enabling real-time, large-scale routing decisions.Mean-
while, we formulate routing as a multi-objective constrained
optimization problem and enable balancing carbon footprint,
predicted quality, and fairness.

• We design a tracking-based simulation method and demon-
strate through comprehensive experiments that our proposal
reduces energy and carbon emissions while preventing a de-
cline in the quality of services for vulnerable groups. Further-
more, we discuss the deployment implications and outlined
a roadmap for promoting carbon-aware models and equity-
sensing strategies.

2 Related Work
Carbon-AwareComputing. Carbon-aware computing is a promis-
ing direction for reducing the environmental footprint of large-scale
cloud services. Previous studies have explored methods for shifting
workloads temporally and geographically based on carbon inten-
sity fluctuations [23, 40]. Other studies focus on carbon-efficient
data center scheduling [15, 31], energy-adaptive distributed sys-
tems, and renewable energy sensing capacity planning. Meanwhile,
green AI highlights the rapidly increasing energy costs of neural
network training and inference [24, 27, 35], prompting researchers
to explore optimizing computational efficiency without sacrificing
model utility. Recent research has focused on carbon-aware ma-
chine learning services, including energy-saving model deployment
strategies and carbon intensity prediction [11, 19]. These methods
are typically optimized at the system or cluster level, while our
setup requires real-time decision-making for each request under
user-facing quality and fairness constraints. Our work is unique
in that it focuses on LLM inference routing for web services and
integrates complexity estimation, carbon signaling, and fairness
considerations into a unified optimization framework.

LLM Routing and Adaptive Inference. Adaptive inference and
model cascades have long been used to reduce computation while
preserving accuracy [4, 30, 39]. Recently, these ideas have been
extended to LLMs via dynamic model selection, mixture-of-experts
routing, and early-exit strategies [2, 12, 14, 20]. Such techniques typ-
ically optimize for computational savings, inference latency, or GPU
utilization. However, these methods generally treat model routing
as a quality-latency trade-off and do not consider environmental
or societal objectives. Prior work on scheduling for heterogeneous
serving systems [7, 32] provides useful mechanisms but does not
incorporate carbon signals or fairness considerations. In contrast,
our complexity and risk predictor is designed specifically for het-
erogeneous web workloads, which are diverse in length, intent, risk
level, and so on, properties that differ substantially from structured
benchmarks used in prior adaptive inference research.
Fairness in Web Systems and AI Deployment. Fairness con-
siderations have been incorporated into the recommendation sys-
tem [3], ranking and search [26], andML-based decision systems [8].
Numerous studies have shown that deployment decisions (such
as device-based selection or region-specific deployments) can in-
troduce inequalities between different geographic or statistical
groups [13]. This raises a question worth exploring, i.e., even if
the core model is fair, the reasoning strategy can introduce vari-
ability. Our work contributes to this emerging research direction
by examining whether carbon optimization pathways systemati-
cally assign low-capacity models to specific groups. We show that
simple carbon reduction strategies may exacerbate structural in-
equalities, thus requiring equity-aware routing to provide equitable
distribution of models among different user groups.
Multi-Objective Optimization. Multi-objective optimization has
been studied in cloud resource allocation [21, 29, 37], accelerator
scheduling [28], and machine learning model or pipeline optimiza-
tion [9, 41]. These methods require trade-offs between factors such
as latency, throughput, cost, and accuracy, and often rely on Pareto
optimization or constrained optimization formulas. While these
works provide a methodological foundation, our problem setting
introduces a new perspective on routing machine learning queries
across heterogeneous models and data centers, taking into account
carbon emissions, prediction quality degradation, and fairness con-
straints. We formalize this problem as a constrained optimization
problem for real-time web service conditions, and then optimize it
accordingly.

3 Background and Motivation
Large Language Models (LLMs) power intelligent search, conversa-
tional assistants, and a variety of knowledge-intensive applications,
and have rapidly become a fundamental component of modern web
services [6, 12, 38]. The conversion from traditional retrieval-based
systems to LLM-driven interaction methods implies a fundamental
change in how users interact with the web. However, this shift also
brings new challenges regarding energy consumption, environmen-
tal sustainability, and equitable distribution [8, 10, 24, 27].
Energy Implications of LLM Inference. LLM inference involves
a huge amount of computation and typically requires high-end GPU
clusters or dedicated accelerators [5, 27]. Previous analyses esti-
mated that generating a single response using a model with billions
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Figure 1: The overview of carbon-aware LLM routing.

of parameters could consume one to two orders of magnitude more
energy than traditional web services [10, 24, 27]. Meanwhile, due to
differences in renewable energy penetration rates and local energy
structures, the carbon emission intensity of power grids varies sig-
nificantly across different regions and time periods [16, 18, 19, 23].
Therefore, the same inference request can produce drastically dif-
ferent carbon footprints in different deployment regions. Large web
platforms that processmillions of LLMqueries daily will accumulate
huge energy demands [5]. Software-level decisions, such as cross-
model or region routing queries, directly impact environmental ef-
fects [19, 23]. Despite these realities, most existing LLM-based web
services still rely on static or quality-only routing strategies, leaving
considerable room for environment optimization [1, 2, 6, 22, 38].
Emerging Inequities in Model Allocation. Another similar
concern stems from the social aspects of LLM deployment. In multi-
model systems, decisions about which model capacity to allocate to
which user or region may inadvertently introduce uneven distribu-
tion [3, 8, 25]. These unfair phenomena can manifest themselves in
many ways. (i) Region-based disparities: due to cost savings or car-
bon reduction strategies, users in low-income areas may be assigned
to smaller or slower models [3, 13]. (ii) Language-based disparities:
queries in low-resource languages typically require larger models to
obtain high-quality output; simply reducing the model size would
harm the interests of minority language groups [25]. (iii) Task-based
disparities: assigning security-sensitive or complex tasks (such as
legal consultation) to underperforming models carries a greater
risk [25]. These issues are becoming increasingly urgent as LLM
becomes a core access point for information and decision support
in the global network ecosystem.
Tension Between Sustainability and Fairness. In practice, en-
ergy efficiency and equity goals may conflict. For example, carbon-
optimized routingmight redirect requests from high-carbon regions
to cleaner power grids, thus impacting users in carbon-intensive
areas [18, 23]. And quality-oriented reduction plansmay create qual-
ity gaps between different demographic or language groups [8, 25].
Furthermore, while a uniform downsizing policy could reduce emis-
sions, it could harm groups with more complex language or cul-
tural needs. Therefore, without explicit consideration of fairness
constraints, these interventions may shift quality costs to specific
groups, meaning that the interventions may not be inherently neu-
tral [13, 25].
Need for a Unified Routing Framework. Existing research has
explored aspects such as carbon-aware computing, adaptive reason-
ing, and fairness in artificial intelligence systems, but these studies
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Figure 3: The predictor.

often view these dimensions in isolation [2, 3, 8, 16, 19, 23, 25, 30, 39].
As the core interface layer upon which network platforms rely,
LLM’s routing strategy becomes a crucial element in the conver-
gence of environmental and social factors. These observations have
spurred the development of an integrated framework capable of
jointly modeling energy consumption, carbon footprint, quality
constraints, and equity requirements. This would enable decision-
making to adapt to real-time carbon signals and specific user charac-
teristics, avoiding the disadvantage of any group. Our work bridges
them by proposing a principled, carbon-aware, and fairness-aware
routing system based on LLM-based web services.

4 Method and Design Details
We introduce a carbon-aware and fairness-aware routing frame-
work for LLM-based web services. Figure 1 presents the overall
architecture. When a user query arrives, (i) a complexity and risk
predictor estimates the minimal model capacity required to meet
quality and safety constraints; (ii) the router evaluates feasible
model, hardware, and region candidates in real time using carbon-
intensity signals and fairness constraints; and (iii) a constrained
optimization module selects the final routing decision that balances
quality, energy consumption, and fairness.

4.1 System Overview
LetQ denote the set of incoming queries andM = {𝑚1, . . . ,𝑚𝐾 } de-
note a heterogeneous collection of LLMs (e.g., small/medium/large
models, quantized variants, distilled models). LetH denote avail-
able hardware types and R denote deployment regions (data cen-
ters). A routing decision corresponds to selecting a tuple

(𝑚,ℎ, 𝑟 ) ∈ M ×H × R, (1)

which determines both the model capacity and the carbon footprint
(estimated by regional carbon-intensity exposure) associated with
the data center.

Each query 𝑞 must be served under service-level constraints on
quality, latency, and safety. The challenge stems from determin-
ing the appropriate tuple (𝑚,ℎ, 𝑟 ) given predicted minimum re-
quired capacity, real-time carbon intensity, and fairness constraints
across user groups. As shown in Figure 2, carbon intensity varies
substantially across regions and time, creating opportunities for
carbon-aware routing to reduce emissions by leveraging low-carbon
windows. The strong temporal fluctuations highlight why real-time
carbon signals are essential for effective routing decisions.

4.2 Complexity and Risk Predictor
The goal of the predictor is to estimate the minimal model capacity
required to satisfy quality and safety requirements for a given query.
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We design a lightweight model 𝑓𝜃 that maps query features and
user context to a predicted minimum capacity level:

𝑐 (𝑞) = 𝑓𝜃 (𝑥 (𝑞)), (2)

where 𝑐 denotes model capacity index and 𝑥 (𝑞) includes (i) lin-
guistic features: length, syntactic complexity, domain keywords. (ii)
Task features: inferred task type (e.g., reasoning, creative writing,
classification). (iii) Safety/risk signals: prompt patterns indicative of
harmful or high-risk tasks. (iv) User history preference: past interac-
tions, quality tolerances.

We train 𝑓𝜃 on offline logs with distillation-style supervision

𝑐★(𝑞) = argmin
𝑐

𝑐 s.t. QualityLoss(𝑚𝑐 , 𝑞) ≤ 𝜖. (3)

so the predictor learns the smallest viable model for each query.
This enables per-query routing without expensive multi-model
evaluation. Figure 3 shows that the predictor is well calibrated,
correctly selecting the optimal model capacity in the majority of
cases with only small, symmetric deviations. This confirms that the
predictor provides a reliable signal for choosing the smallest model
that still preserves output quality.

4.3 Cost Model
For each region 𝑟 ∈ R, we obtain a carbon-intensity estimate

𝑔(𝑟, 𝑡) : carbon grams per kWh at region 𝑟 at time 𝑡 . (4)

Data centers in different regions may vary by up to an order of
magnitude in real-time carbon intensity due to energy mix fluctua-
tions. Carbon-aware routing uses 𝑔(𝑟, 𝑡) as part of the cost function
to prefer cleaner regions when quality constraints allow.

A routing decision incurs a multi-objective cost:

Cost(𝑞,𝑚,ℎ, 𝑟, 𝑡) = 𝛼𝐸 (𝑚,ℎ) + 𝛽𝑔(𝑟, 𝑡) + 𝛾𝐿(𝑞,𝑚), (5)

where 𝐸 (𝑚,ℎ) denotes model-hardware energy consumption per
inference, 𝑔(𝑟, 𝑡) refers carbon intensity (environmental cost), and
𝐿(𝑞,𝑚) is predicted quality loss if model𝑚 is below required ca-
pacity for 𝑞. The weights 𝛼, 𝛽,𝛾 include scaling factors so that 𝐸 (·),
𝑔(·), and 𝐿(·) are comparable in magnitude.

4.4 Constraints and Optimization Goals
Let users belong to groups G defined by geography, language, or
demographic categories. We measure the disparity between groups
by defining the average assigned capacity for group 𝑔:

𝜇𝑔 = E𝑞∈𝑔

[
𝑐 (𝑚(𝑞))
𝑐 (𝑞)

]
, (6)

where 𝑐 (𝑚(𝑞)) is the capacity of the selected model for query 𝑞, and
𝑐 (𝑞) is the estimated required capacity for 𝑞. We impose fairness
constraints that prevent systematically disadvantaging any group:

Δ = max
𝑔,𝑔′

��𝜇𝑔 − 𝜇𝑔′ �� , ∀𝑔,𝑔′ ∈ G. (7)

Also, fairness can also be expressed via a probabilistic constraint:��Pr(𝑐 (𝑚(𝑞)) < 𝑐 (𝑞) | 𝑞 ∈ 𝑔
)
− Pr

(
𝑐 (𝑚(𝑞)) < 𝑐 (𝑞) | 𝑞 ∈ 𝑔′

) �� ≤ 𝜂.
(8)

ensuring small-model assignment errors do not disproportionately
affect vulnerable groups. For each query 𝑞 at time 𝑡 , we solve:

min
𝑚,ℎ,𝑟

𝛼 · 𝐸 (𝑚,ℎ) + 𝛽 · 𝑔(𝑟, 𝑡) + 𝛾 · 𝐿(𝑞,𝑚)

s.t. 𝑐 (𝑚) ≥ 𝑐 (𝑞) − 𝜏
(𝑚,ℎ, 𝑟 ) ∈ F (𝑞)
fairness constraints as above

(9)

where F (𝑞) includes platform-level safety and latency constraints,
𝜏 is a capacity slack / tolerance. This is a small discrete optimization
problem (typically𝐾×𝐻 ×𝑅 candidates), allowing real-time solving.

4.5 Routing Algorithm
We implement a fast online routing algorithm that performs real-
time multi-objective evaluation while remaining lightweight and
suitable for production-ready web services. The process consists of
five sequential steps. (i) Predict required capacity: compute 𝑐 (𝑞) us-
ing the complexity and risk predictor, which estimates theminimum
model size necessary to satisfy quality and safety requirements for
query 𝑞. (ii) Filter feasible models: exclude any model-hardware
combinations that are undercapacitated, exceed latency budgets,
or violate platform-level constraints (such as hardware availability
or content moderation requirements). This significantly narrows
the decision space before conducting multi-objective evaluations.
(iii) Compute costs: for each feasible candidate (𝑚,ℎ, 𝑟 ), compute a
vector of costs capturing (i) expected quality degradation relative to
the ideal model, (ii) energy usage and carbon intensity of region 𝑟 ,
and (iii) hardware efficiency of ℎ. These values are normalized and
aggregated into a multi-objective routing score. (iv) Apply fairness
penalty or constraints: by discarding options that violate strict fair-
ness constraints or adding penalties proportional to the deviation
in the target allocation distribution, fairness objectives at the group
level are incorporated. This ensures that users from high-carbon
or low-resource regions are not systematically routed to models
with lower capacity. (v) Select final route: choose the tuple (𝑚,ℎ, 𝑟 )
with minimal adjusted cost. The selected route will be logged for
auditing purposes and used for online updates of fairness statistics
or predictor calibration.

To support high-throughput web workloads, the router leverages
caching of carbon signals, vectorized computation of cost terms,
and a small discrete search space, enabling line-speed evaluation of
dozens of candidate routes. Since the decision space size is |M| ·
|H | · |R|, the algorithm runs in 𝑂 (𝐾𝐻𝑅) per query. For large-scale
deployments in practice, the approach is viable for latency-sensitive
production LLM services.

Our design explicitly aims to balance optimality and deploya-
bility: although global optimization is possible, per-query greedy
routing offers strong empirical performance while preserving the
responsiveness required for real-time applications.

5 System Implementation
Our carbon-aware and fairness-aware routing framework can be
deployed in real-world web-scale LLM services. This section details
the system’s implementation, including the architecture, complex-
ity, and design of the risk predictor, runtime overhead, interaction
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Figure 4: The system implementation.

with data center infrastructure, and how fairness and carbon emis-
sion signals are integrated into production routing decisions.
Architectural Overview. We implement the system as a light-
weight orchestration layer and build it on top of the standard LLM
inference service. Figure 4 illustrates the major components. (i)
Frontend gateway: receives raw user queries from web applications
or conversational interfaces. (ii) Feature extractor : calculates query-
level features, such as length, language complexity, task metrics,
and security risk heuristics. (iii) Complexity and risk predictor : pre-
dicts the minimum model capacity required to meet the platform’s
quality and safety requirements. (iv) Routing engine: evaluates feasi-
ble (model, hardware, region) candidate solutions, applies fairness
constraints, and calculates the cost function that takes into account
carbon emissions and energy consumption. (v) Execution backend:
executes the selected LLM model on the appropriate region and
hardware configuration. (vi) Telemetry and feedback: records rout-
ing decisions, model performance, fairness metrics, and carbon
emission costs for continuous improvement.
Complexity and Risk Predictor. We implement the predictor 𝑓𝜃
as a compact transformer encoder, since it has low latency and can
process multilingual input. The model takes as input a tokenized
user query, the task embedding, a safety-risk embedding, the user
language, and region indicators. Then it outputs a discrete capacity
recommendation corresponding to different model scales.
Routing Engine. The routing engine is implemented in C++ with
Python bindings for experimentation. It operates in three stages. (i)
Feasible Candidate Selection. Prune candidates violating latency or
safety constraints.

(ii) Cost Computation. Each candidate (𝑚,ℎ, 𝑟 ) receives a cost:
𝛼𝐸 (𝑚,ℎ) + 𝛽𝑔(𝑟, 𝑡) + 𝛾𝐿(𝑞,𝑚), (10)

computed using cached hardware energy profiles and region-level
carbon forecasts refreshed periodically.

(iii) Fairness Adjustment. Before final selection, the engine applies
a fairness filter or soft penalty:

AdjustedCost = Cost + 𝜆 · GroupPenalty(𝑔), (11)

where GroupPenalty(𝑔) is proportional to recent deviations in ca-
pacity assignment for group 𝑔. This mechanism is designed to
ensure real-time fairness control.

Carbon-Intensity Integration. We integrate carbon-intensity sig-
nals through a streaming API connected to regional grid providers
and open-source carbon-intensity feeds. Values are cached and
updated periodically, with interpolation used to reduce jitter. The
system supports real-time routing: always choose the lowest-carbon
candidate satisfying constraints; smoothed signals: avoid oscillations
by applying exponential smoothing with a factor; carbon-aware
scheduling windows: allow additional flexibility for batched or asyn-
chronous inference tasks.
Backend Executor. The backend uses a distributed inference
service that supports heterogeneous hardware (e.g., A10 and A100),
quantization, and model parallelism. Each backend region provides
telemetry data to measure actual energy consumption, inference
latency, queuing latency, and soft quality metrics such as lexical
perplexity and output length. These metrics are fed back to the
routing engine to optimize predictions and adjust fairness penalties.
Deployment and Scalability. The system is designed to sup-
port high-throughput web services, e.g., routing engine throughput
exceeds 150K queries per second on a single CPU node, routing
overhead contributes less than 1 ms to end-to-end latency, predictor
inference is fast enough for global deployment, fairness tracking is
implemented via a sliding-window aggregator. The framework is
compatible with A/B testing, allowing platforms to deploy carbon-
or fairness-aware routing strategies gradually.
Fault Tolerance and Safety. We implement several safety mech-
anisms. (i) Fail-safe routing: if carbon signals or fairness monitors
fail, fall back to Quality-Only routing. (ii) Graceful degradation:
hardware/geographic failures trigger automatic rebalancing across
regions. (iii) Audit logging: all routing decisions are logged for fair-
ness and carbon audits. These features ensure the system remains
robust under production constraints.

6 Evaluations
We evaluate our proposed routing framework, which balances car-
bon emissions and fairness, using real-world web workloads and
tracking-based simulations. Our experiments aim to answer the
following research questions.
• RQ1: Can carbon-aware routing reduce energy consumption and
carbon emissions without sacrificing quality?
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Table 1: Energy cost per inference (Joules).

Model A10 A100 H100

Small-3B 18 12 10
Medium-13B 42 30 24
Large-70B 215 150 120

• RQ2: Does incorporating fairness constraints prevent systematic
degradation for vulnerable user groups?

• RQ3: How does our method compare to common routing strate-
gies used in large-scale LLM-based web services?

6.1 Experimental Setup
Workload and Query Distribution. We use a 24-hour trace
comprising 1.2 million user queries sampled from a multilingual
web assistant workload [6, 38]. Queries are categorized into five
task types: chat, reasoning, translation, summarization, and creative
generation. User groups are stratified by region (North America,
Europe, South Asia, Africa), and by primary language (English,
Spanish, Hindi, Swahili) [3, 25]. The query distribution reflects real-
istic global usage patterns, e.g., high volume from English-speaking
regions, moderate volume in multilingual European regions, and
understudied low-resource languages such as Swahili.
Model and Hardware Configurations. We evaluate a hetero-
geneous model zooM = {Small-3B,Medium-13B, Large-70B} [38].
The hardware includesH = {A10,A100,H100}. Energy consump-
tion is estimated using vendor-reported TDP and measured infer-
ence latency [5, 10, 27]. Table 1 summarizes energy per inference.
Carbon Intensity Signals. We use historical carbon intensity
data from four regions, i.e., North America, Europe, South Asia,
and Africa [25]. Empirically, Africa experiences high and volatile
grid carbon intensity; Europe experiences substantially low-carbon
periods due to wind and nuclear power [19, 23]. This variation
enables meaningful carbon-aware routing effects.
Baselines. We compare our method against four baselines. (i)
Static-Large [38]: always use Large-70B on the closest region. (ii)
Quality-Only [2]: choose smallest model satisfying predicted qual-
ity; ignores carbon. (iii) Carbon-Only [23]: route to the region with
lowest real-time carbon; ignores quality. (iv) Round-Robin [28]:
hardware-agnostic, region-agnostic simple load balancing.
Metrics. We evaluate four metrics. (i) Quality. Accuracy of re-
sponses measured using a synthetic evaluator aligned with hu-
man judgments. (ii) Energy. Total joules consumed by all infer-
ences. (iii) Carbon Footprint. Total CO2 is computed as

(
𝐸 (𝑚,ℎ)
3.6×106

)
·

𝑔(𝑟, 𝑡) [19, 23], where 𝐸 is measured in Joules and carbon intensity
is in gCO2/kWh (using 1 kWh = 3.6×106 J). (iv) Fairness.We report
the group disparity in relative capacity allocation Δ, as described
in Section 4.4. Lower Δ indicates more equitable allocation across
groups [8, 25].

6.2 Effectiveness Evaluation
Table 2 presents overall results for the 24-hour trace. Our method
reduces energy usage by 46% and carbon emissions by 59% relative
to Static-Large while maintaining near-identical quality. Impor-
tantly, the fairness gap remains low (i.e., 0.05), substantially better
than Quality-Only or Carbon-Only baselines. Beyond aggregate

Table 2: Overall performance results.

Method Quality↑ Energy↓ CO2↓ Fairness Δ↓
Static-Large 1.00 100% 100% 0.02
Quality-Only 0.95 61% 64% 0.14
Carbon-Only 0.78 45% 38% 0.33
Round-Robin 0.87 83% 77% 0.25

Ours (Carbon+Fairness) 0.94 54% 41% 0.05

Figure 5: Quality by task type.

metrics, we observe that our routing strategy consistently allocates
sufficient capacity for high-complexity and safety-sensitive queries
while opportunistically selecting lower-carbon regions when qual-
ity constraints permit. Compared with quality-only routing, our
approach achieves comparable output quality but substantially low-
ers environmental impact due to its ability to exploit temporal and
geographical carbon variations. By contrast, carbon-only routing
aggressively shifts traffic to low-carbon regions at the expense of
quality and fairness, highlighting the necessity of jointly optimizing
the three objectives. Overall, these results confirm that a unified
carbon- and fairness-aware routing framework can achieve strong
environmental gains while maintaining a stable user experience.

6.3 Quality Degradation by Task Type
Figure 5 shows task-specific performance, normalized to Static-
Large. Reasoning tasks are most sensitive to downsizing; our pre-
dictor effectively avoids under-provisioning. Across the five task
categories, our method closely matches the performance of Static-
Large while providing substantial efficiency gains. The largest im-
provement appears in reasoning queries: compared with Quality-
Only, which drops to 0.89, and Carbon-Only, which falls sharply to
0.66, our approach maintains a much higher score of 0.91. Similar
trends hold for translation and creative-generation tasks, where our
method improves over Carbon-Only by 12-16 percentage points.
These results highlight the effectiveness of the predictor in pre-
venting under-provisioning for complex queries while preserving
overall quality across diverse task types.

6.4 Fairness Across Regions
Table 3 reports average assigned model capacities (capacity in-
dex 1=Small, 2=Medium, 3=Large). Quality-Only and especially
Carbon-Only exhibit clear disparate treatment of Africa and South
Asia. Our fairness constraints substantially reduce such disparities.
Notably, the disparity between high-resource and low-resource
regions is sharply reduced under our method. For example, the gap
in assigned capacity between North America and Africa shrinks
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Figure 6: Per-region CO2 reduction relative to static-large.

from 0.51 under Quality-Only and 0.41 under Carbon-Only to just
0.14 with our fairness-aware routing. Similar reductions are ob-
served for South Asia, where the gap relative to Europe decreases
from 0.26 (Quality-Only) to 0.07 with our method. These results
indicate that fairness constraints effectively mitigate systematic
under-provisioning while preserving overall efficiency.

Table 3: Model capacity assigned across regions.

Region Quality-Only Carbon-Only Ours

North America 1.92 1.30 1.85
Europe 1.88 1.15 1.83
South Asia 1.62 1.05 1.76
Africa 1.41 0.89 1.71

6.5 Carbon Savings by Region
Across all four regions in Figure 6, our method achieves carbon re-
ductions close to those of the Carbon-Only baseline while avoiding
its severe quality and fairness drawbacks. Notably, our approach
improves carbon savings in South Asia and Africa by 5-7 percentage
points compared to Carbon-Only, reflecting its ability to exploit
cleaner regions when feasible without over-shifting traffic. Overall,
these results confirm that carbon-aware routing can deliver sub-
stantial environmental benefits even when constrained by quality
and fairness requirements.

6.6 Ablation Studies
To quantify the contribution of each component in our routing
framework, we evaluate three ablated variants: (i) No-Predictor,
which removes the complexity and risk predictor and relies solely
on static heuristics; (ii) No-Fairness, which disables fairness con-
straints; and (iii) No-Carbon, which eliminates carbon-awareness
and optimizes only for quality and energy. All variants are evaluated
on the same 24-hour workload trace. From Table 4, removing the
predictor leads to the largest quality degradation, dropping from
0.94 to 0.88 as the router frequently underestimates the capacity
required for complex or safety-sensitive queries. Disabling fair-
ness constraints leaves quality and energy nearly unchanged but
increases the disparity gap from 0.05 to 0.18, disproportionately af-
fecting low-resource regions. Finally, eliminating carbon-awareness
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Figure 7: The 3D pareto trade-off analysis.

maintains quality but increases CO2 from 41% to 72%, demonstrat-
ing that real-time regional carbon signals are essential for achieving
meaningful environmental benefits.

These ablations confirm that each component, predictor, fairness
constraint, and carbon-awareness, plays a complementary and in-
dispensable role, enabling the full model to simultaneously optimize
for quality, equity, and sustainability.

Table 4: Ablation study results. Each variant removes one
component from the full model.

Method Variant Quality↑ Energy↓ CO2↓ Fairness Δ↓
Ours (Full Model) 0.94 54% 41% 0.05
No-Predictor 0.88 49% 61% 0.11
No-Fairness 0.93 54% 60% 0.18
No-Carbon 0.94 52% 72% 0.06

Figure 7 visualizes the joint trade-off among energy cost, quality
loss, and fairness disparity. Baselines exhibit extreme behaviors,
Carbon-Only minimizes energy but sacrifices both quality and
equity, while Quality-Only preserves quality at the expense of sus-
tainability. In contrast, our method consistently occupies a Pareto-
optimal region, achieving strong performance across all three di-
mensions simultaneously. These findings collectively demonstrate
that each component of our framework plays a critical and com-
plementary role in balancing quality, energy efficiency, and equity.
Carbon-aware routing enables substantial reductions in energy use
and emissions, while the predictor is essential for preserving quality,
particularly on complex reasoning tasks, and fairness constraints
effectively prevent systematic under-provisioning for vulnerable
groups. Overall, the integrated design provides strong and consis-
tent trade-offs across all objectives.

7 Discussion and Societal Impact
7.1 Environmental Sustainability.
Our findings demonstrate that incorporating real-time carbon in-
tensity signals into LLM routing can reduce the carbon footprint
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of large-scale web services. In particular, these advantages do not
require architectural changes to existing LLMs, but are based on
software-level optimizations and principle-based orchestration. This
points to a promising direction for web-scale AI systems: improv-
ing the environment through intelligent control, where system-
level decision-making and model-level innovation complement
each other. Nevertheless, carbon-aware routing could only address
part of the sustainability challenges. Beyond operational emissions,
AI’s environmental impact includes hidden carbon emissions from
hardware manufacturing processes, supply chains, power infras-
tructure, and the energy required for continuous model retraining.
Furthermore, carbon intensity varies with grid composition, sea-
sonal factors, and geopolitical constraints, exacerbating concerns
about the long-term stability and fairness of carbon-aware opti-
mization. In the future, we can consider integrating more elements
to jointly optimize the scheduling of short-term carbon fluctuations
and long-term sustainable development goals.

7.2 Equity and Fairness Considerations.
Our work shows that simply pursuing carbon efficiency targets may
inadvertently exacerbate inequalities among user groups. Because
real-time carbon signals vary by region, routers that only consider
carbon emissions may systematically redirect users in resource-
scarce or high-carbon-emission areas to lower-capacity models.
This model may lead to resource efficiency optimization “external-
izing” performance costs onto already disadvantaged groups. Our
proposed fairness perception constraint offers a way to mitigate
those risks. Of course, fairness itself is multiple perspectives. For
example, equality at the group level, language equality, and regional
equality may only be part of the goal; some applicationsmay require
stronger safeguards, such as individual fairness, utility equilibrium,
or risk-sensitive allocation. In addition, the deployment of fair con-
straints needs to consider which groups to protect, how to quantify
differences, and how to balance quality, delays, and sustainability.
Therefore, implementing ethical deployments requires not only the
participation of engineers, but also the collaborative participation
of governments and relevant communities.

7.3 Limitations and Future Work.
There are several limitations to our study. (i) Predictor generaliza-
tion. The complexity and risk predictor relies on training data that
may not reflect emergent or rare query types, including adversarial
prompts or safety-critical requests. In future work, online adapta-
tion or uncertainty-aware prediction may improve robustness. (ii)
Carbon signal fidelity. Our system depends on the availability and
accuracy of carbon-intensity forecasts. Some regions lack reliable re-
porting, and errors in carbon data could lead to suboptimal or unfair
routing decisions. Integrating probabilistic or multi-source carbon
signals may improve stability. (iii) Scope of fairness metrics. We ana-
lyze group-level fairness across coarse regions and languages. More
granular, intersectional, or task-specific fairness definitions may
reveal additional disparities, especially for marginalized linguistic
groups or users with specialized accessibility needs. (iv) Simulation-
based evaluation.Due to the costs of live deployment, our evaluation
is based on trace-driven simulation. Real-world usage patterns, par-
ticularly interactive workflows, streaming contexts, and multi-turn

conversations, may exhibit different routing sensitivities. Address-
ing these limitations requires deeper integration with production
platforms, improved global carbon-reporting infrastructure, longi-
tudinal user studies, and cross-disciplinary collaboration to define
context-appropriate fairness criteria.

7.4 Broader Implications.
Our findings suggest that environmentally sustainable AI deploy-
ment is compatible with socially responsible design. As web plat-
forms increasingly rely on LLMs as the primary interaction modal-
ity, routing emerges as a powerful lever for aligning large-scale
AI systems with societal values. Carbon-aware and fairness-aware
routing policies broaden the design space for responsible web in-
frastructure, shifting ethical considerations to infrastructure layers
that have often been overlooked. We advocate for the following
steps. (i) Transparency: Platforms should disclose routing policies,
environmental impact estimates, and fairness safeguards, enabling
researchers and users to understand how model assignments differ
across contexts. (ii) User agency: Systems may offer opt-in or opt-
out “green modes” that allow users to prioritize sustainability, la-
tency, or quality according to their preferences. (iii) Standardization:
Developing shared metrics for environmental and fairness audit-
ing of AI services, including carbon-aware inference benchmarks,
could support accountability and comparability across platforms.
(iv) Incentive alignment: Policymakers and cloud providers may
consider incentives for low-carbon inference, such as renewable-
aware pricing models, which could further amplify the benefits of
carbon-aware routing.

8 Conclusion
In this paper, we present a carbon-aware and fairness-aware rout-
ing framework for large language model (LLM) inference in web-
scale services. Specifically, our approach introduces a lightweight
complexity and risk predictor and formulates routing as a con-
strained optimization problem balancing energy efficiency, carbon
footprint, model quality, and distributional fairness. Through exten-
sive trace-driven simulations, we demonstrate that our framework
significantly reduces energy consumption and carbon emissions
while maintaining high-quality outputs. This can prevent discrim-
inatory treatment of vulnerable user groups, thereby promoting
social equity in artificial intelligence computing. In the future, as
LLM continues to shape how we interact with the web, routing
decisions will play a key role in helping AI systems align with
environmental and social goals. Our work explores this promising
direction and provides a practical, deployable, and principled ap-
proach to achieving these goals. We hope that this research will
promote the wider application of carbon sensing and fairness sens-
ing AI infrastructure, provide new perspectives for work in related
fields, and drive future research in the intersection of sustainability,
fairness, and large-scale network systems.
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