Is Knowledge Distillation Actually Greener?
A Case Study in Machine Translation
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Abstract

Knowledge distillation (KD) is a technique to
compress a larger teacher system into a smaller
student. In machine translation, KD is com-
monly evaluated through translation quality and
inference efficiency, without jointly accounting
for the environmental costs of producing and
deploying the distilled system. We evaluate rep-
resentative KD methods both on bespoke MT
models and LLMs, by considering both transla-
tion quality and computational cost, using the
Machine Learning Life Cycle Assessment tool,
which accounts for costs throughout the KD
model life cycle. Our key finding is that the
deployment volume required to amortize KD is
serving-dependent and can shift by several or-
ders of magnitude under batching. We include
actionable guidance for selecting, developing,
and evaluating KD methods under quality and
compute-induced constraints.

1 Introduction

Knowledge distillation (KD) is a standard family of
algorithms that transfers knowledge from a larger
teacher model to a smaller student model (Hin-
ton et al., 2015). Because students are smaller
and cheaper to run, KD is presented as a way
to reduce inference cost and enable deployment
in resource-constrained settings (Luccioni et al.,
2024). However, KD introduces costs that are of-
ten ignored. Compressing the model can reduce
translation quality relative to the teacher (Gumma
et al., 2023), and adds compute costs beyond stan-
dard training (Zhang et al., 2018): sequence-level
KD requires inference from the teacher over the
full dataset, whereas logit-level approaches require
repeated teacher forward passes or precomputed
teacher distributions. Although prior work has
quantified selected computational or environmental
costs of KD, such analyses typically cover only
parts of the distillation and deployment life cycle
and often emphasize task quality or inference ef-
ficiency. As a result, existing evaluations provide
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Figure 1: Motivating footprint decomposition for 16M
student on EN—IS. At low served volume X, teacher
training and distillation costs dominate KD footprints;
at larger volume, inference costs dominate and cheap
student inference can offset distillation overhead. For
scale, X roughly corresponds to the number of words
in the novel Harry Potter and the Prisoner of Azkaban.

an incomplete picture of the process, making it dif-
ficult to decide whether KD should be applied or
which KD method should be used. Figure 1 shows
the central trade-off: KD can increase emissions
at low deployment volume as teacher training and
distillation are fixed production costs, whereas com-
pact students can become favorable once inference
dominates. This frames KD selection as an amor-
tization problem: KD is not automatically greener
because the student is smaller; KD is only envi-
ronmentally beneficial if the student serves enough
volume to offset its production footprint.

We study this question in machine translation
(MT). MT offers the benefits of standardized
datasets, established evaluation metrics, and repro-
ducible training pipelines, allowing us to isolate
the life cycle impact of KD. We adopt the Ma-
chine Learning Life Cycle Assessment framework
(MLCA, Morand et al., 2024) to evaluate the en-
vironmental impact of performing KD in terms of
carbon footprint. Our contributions are as follows:

1. We propose a life cycle aware evaluation pro-
tocol for KD in MT, decomposing environ-
mental impact into teacher training, distilla-
tion, and inference, while accounting for op-
erational and amortized embodied emissions.
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2. We benchmark representative KD methods by
evaluating both translation quality and carbon
impact, emphasizing stark differences in car-
bon impact for equal-performance methods.

3. We evaluate across student capacity, language
pair, corpus size, and teacher-cost accounting.
We experiment with both bespoke encoder—
decoder MT models and decoder-only LLMs.

4. We quantify deployment-volume break-even
points and show that they are serving-
dependent and can shift by several orders of
magnitude under batching.

2 Life Cycle Accounting for Distillation

This section introduces the distillation regimes and
carbon-accounting framework used throughout the
paper. We first distinguish the two dominant KD
families considered in our experiments and then
describe how their training, preprocessing, and in-
ference costs are incorporated into our life cycle
assessment.

2.1 Distillation Methods and Life Cycle Costs

We compare the two dominant families of KD
for MT: sequence-level KD and word-level KD.
Sequence-level KD, commonly denoted as Seq-
KD (Kim and Rush, 2016) first decodes synthetic
targets from the teacher and then trains the student
on them, so its additional cost comes mainly from
teacher-side generation (often with beam search).
Word-level KD, referred to as Word-KD (Kim and
Rush, 2016), instead trains the student to match the
teacher’s token-level predictive distribution on the
training targets. In its online form, this requires re-
peated teacher forward passes during student train-
ing and access to teacher logits. Offline variants
also exist: they precompute and store teacher dis-
tributions, often as top-K logits or probabilities,
before student training. This shifts part of the
Word-KD cost from training to teacher-side pre-
processing and storage, but it does not remove the
need to run the teacher over the distillation corpus.

These two regimes therefore create different life
cycle profiles: Seq-KD pays an upfront synthetic-
generation cost, whereas Word-KD pays for teacher
scoring either during training or in a preprocessing
stage. See Appendix B for objectives and notations.

2.2 How to Assess Costs using MLCA

Methodology. To estimate the environmental im-
pact of ML solutions throughout their entire life

cycle, we adopt the Machine Learning Life Cy-
cle Assessment framing (MLCA, Morand et al.,
2024), which adapts the Life Cycle Assessment
methodology (LCA) for ML systems. MLCA
aims at being as comprehensive as possible by ac-
counting for data center overheads and embodied
emissions from hardware manufacturing. Unlike
FLOPs, MLCA estimates the environmental impact
of executing computation by accounting for run-
time, hardware utilization, data-center overhead,
electricity mix, and embodied hardware impacts;
similar FLOP counts do not imply similar carbon
footprints (Fernandez et al., 2025).

MLCA decomposes the assessment into phases
through which a product or service incurs environ-
mental impacts, from a software and a hardware
point of view. From a software point of view, the
phases correspond to the different tasks involved
in the ML service, such as data acquisition, stor-
age, training, and inference. From a hardware
point of view, it includes mainly (i) production
(raw material extraction, manufacturing and trans-
port of hardware), (ii) use (most of the electricity
and energy consumption of the equipment while
the hardware runs the tasks), and (iii) end-of-life
(the processes of reuse, recycling, or disposal of
the hardware) (Ligozat et al., 2022).

Each phase of the life cycle has impacts on differ-
ent environmental indicators, such as greenhouse
gas emissions, water footprint, or abiotic resource
depletion. Since our study focuses on reducing en-
ergy consumption, the main gain is expected to be
in terms of carbon footprint (Ligozat et al., 2022).
Therefore, we assess greenhouse-gas emissions in
COs-equivalents (COqe), a standard unit that con-
verts the warming effect of different greenhouse
gases into the equivalent amount of COs.

Functional unit and System Boundary. MLCA
requires defining a functional unit (FU) and a sys-
tem boundary (International Organization for Stan-
dardization, 2006a,b). The FU specifies the ques-
tion the MLCA aims to answer, while the system
boundary defines the scope of impacts assessed.
Our FU is defined as “What are the impacts of
producing an MT system that serves X translation
requests (or decoded target tokens) over one year
at a specified quality level?"

From a software point of view, the bound-
ary used in this study is restricted to the data-
center server side of the KD pipeline as shown
in Figure 2. We define the compute phases ¢ €
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Figure 2: System boundary of the MLCA highlighted
by the red dashed line.

{TRAIN, DISTILL, INFER }. End-user devices, net-
work transfer, and data acquisition/storage are ex-
cluded, as the study adopts a compute-centric sys-
tem boundary; these components are outside the
scope and assumed invariant across the systems
compared. From a hardware point of view, we
cover embodied (production) and operational (use-
phase) impacts as recommended by MLCA; the
end-of-life phase is difficult to estimate due to lim-
ited data on the end-of-life treatment of most equip-
ment (Ficher et al., 2025). Appendix D reports the
full accounting assumptions.

Phase-level carbon accounting. For each phase
¢ and device e, we estimate footprint as the
sum of operational and amortized embodied emis-
sions (Luccioni et al., 2024; Berthelot et al., 2024):

I¥) = PUE x E® x EGM,

Operational Emissions

éqﬁ)

plorod) _ te”
* c tlife,e X AURe

Embodied Emissions

Here, E£¢) is the electricity consumed by phase
¢, PUE accounts for data-center overhead, EGM,
is the grid emission factor, Fe(pmd) is the manu-
facturing footprint of device e, tg‘b) is the phase
runtime, tjife . is hardware lifetime, and AUR, is
the active utilization rate. The total footprint of a
system is obtained by summing over phases and

devices. See Appendix D for details.

Teacher-cost allocation. A central modeling
choice in life cycle accounting for KD is what
fraction of the teacher production footprint Ay €
[0, 1] should be assigned to a distilled student. In

the main MT experiments, we use a conserva-
tive teacher-included allocation with Ay = 1: the
teacher training footprint is assigned to the distilled
system. This reflects a setting where the teacher
is solely trained for the purpose of producing a de-
ployable student.! In the LLM case study, we use
sunk teacher-cost allocation, i.e., A7 = 0, since the
exact pretraining footprint of the LLM teacher is
unavailable and cannot be reconstructed reliably.

Break-even deployment volume. For a de-
ployed system m, we write total footprint at served
token volume X as Iy (X) = Il 4 + X - ¢{jpep
where I7[ ; is the fixed production footprint, in-
cluding the allocated teacher cost and any distil-
lation overhead, and ¢\ is the per-token infer-
ence footprint. For a distilled student S compared
with a teacher 7T, the break-even volume can be
trivially computed by solving for X. Below that
volume, the fixed cost of distillation is not amor-
tized. Since KD and No-KD deploy the same stu-
dent architecture, they have the same per-token
inference footprints and therefore no deployment-
volume break-even. Their comparison is instead
quality-constrained: KD is justified only if its ad-
ditional production footprint yields the required
quality gain.

Although this amortization relation is simple, its
practical value depends on quantities that are rarely
reported in efficiency-oriented KD work: the fixed
production footprint I},;,4, the per-token inference
slope ¢infer, and the resulting break-even volume
X across methods. Our contribution is therefore
not the identity itself, but its empirical instantiation
in a controlled MT setting.

This amortization analysis does not require re-
training models for every deployment scenario.
Once training, distillation, and inference phases are
profiled on a given hardware stack, their energy and
emissions can be estimated from a small number
of measurements and simple scaling with served
volume.? The computational cost of running the
amortization analysis itself is negligible compared
with training and distillation, and does not mate-
rially affect the conclusions. Consequently, this
profiling framework can be seamlessly integrated
into standard model evaluation pipelines.

'Tf the same teacher is reused to produce K students, its
production footprint could instead be amortized with A\r =
1/ K, lowering the fixed cost of each distilled system.

“This is consistent with large-scale empirical studies such
as Luccioni et al. (2023).
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Figure 3: Global Pareto frontiers across student sizes and language pairs, in terms of COMET and production
footprint of the models (i.e., footprint of training the teacher and distilling). Shaded regions show COMET
confidence intervals (paired bootstrap, N = 1000, 95% CI); dashed lines denote teacher COMET.

3 Experimental Setup

We benchmark MT distillation methods jointly in
terms of translation quality and carbon impact. To
keep comparisons focused and reproducible, we
fix the data sources, tokenization, model family,
optimization setup, and evaluation protocol across
methods, and vary only the KD method, student
capacity, and language pair.

See Appendices A and C for data documenta-
tion, model configurations, software details, and
computational budget.

Data and Evaluation We use the parallel cor-
pora released for the WMT 2024 General MT con-
strained track (Bojar et al., 2014).3 We evaluate
three translation directions, from English (EN) to
Icelandic (IS), Hindi (HI) and Spanish (ES). These
directions differ in corpus size: EN—IS uses the
released 23M sentence pairs, while EN—HI and
EN—ES are uniformly sampled to 13M and 6M
sentence pairs, respectively. This allows us to study
how corpus size affects the production footprint
of distillation and the resulting footprint—quality
trade-offs. We evaluate translation quality on FLO-
RES+ devtest (Gordeev et al., 2024) and report
COMET (Rei et al., 2020).*

We distill on the same data used for training

Shttps://www2.statmt.org/wmt24/mtdata/
*We use Unbabel/wmt22-comet-da.

the teacher. While distillation does not require
the teacher and student to be trained on identical
corpora (Aji and Heafield, 2021), this allows us to
isolate the effect of the KD method and factor out
the impact of dataset choice.

Models, Baselines, and KD Methods We adopt
the Transformer (TF) architecture (Vaswani et al.,
2017) for both teachers and students. We use a TF-
Big teacher and two student architectures: TF-Base
(moderate compression) and TF-Tiny (aggressive
compression). Architectural details and parame-
ter counts are reported in Table 4 in Appendix C.
For each language pair and student size, we com-
pare three deployment scenarios: (i) No-KD base-
line, where a compact model (i.e., the same size
as the student) is trained directly on parallel data
and used for all inference, (ii) Teacher baseline,
where a large model is trained and used for all
inference, and (iii) KD pipeline, where a large
teacher is trained, a smaller student is distilled, and
inference is served by the student. We evaluate
representative KD methods from the two dominant
KD regimes described in detail in Appendix B. In
this study, we evaluate variants of Word-KD (Kim
and Rush, 2016): Sel-KD (Wang et al., 2021), and
TIE-KD (Zhang et al., 2023); and Seq-KD (Kim
and Rush, 2016): Seq-Inter (Kim and Rush, 2016),
and Seq-Rep (Zhang et al., 2018); all described in
Section 6 and Appendix B.
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Carbon Footprint Measurement All experi-
ments are run on a single NVIDIA V100 GPU
to keep comparisons controlled and sidestep dis-
tributed training overhead.> For each phase, we
log wall-clock time, utilization statistics, and en-
ergy use, enabling comparable energy and carbon
estimation across KD methods. We profile teacher
training, distillation, and inference separately so
that the footprint of each phase can be attributed
to the corresponding system component. See Ap-
pendix D for parameters selected and sensitivity
analysis.

4 Results

Figure 1 shows the basic amortization pattern; here,
we focus on two questions: which KD methods
lie on the footprint—quality frontier, and at what
served volume their production footprint is amor-
tized. Appendix E reports complementary results
to this section, including footprint decompositions
and break-even values.

4.1 What KD method should we pick?

We first assess which KD methods are worth pro-
ducing before considering deployment volume.
Method selection is framed as a trade-off between
translation quality and the upfront production foot-
print, which includes teacher training and KD over-
head but excludes inference.

Figure 3 shows footprint—quality Pareto frontiers.
Each point corresponds to a checkpoint, with pro-
duction footprint plotted on the z-axis and COMET
on the y-axis. The global Pareto frontier highlights
configurations for which no other point achieves
both higher COMET and lower footprint, helping
avoid suboptimal quality—impact trade-offs.

The No-KD baseline has the lowest production
footprint in general because it avoids teacher train-
ing allocation and distillation overhead. There-
fore, KD is worthwhile over No-KD only when
the quality gain justifies its additional production
footprint; marginal COMET improvements may
therefore be unattractive when the No-KD model
already approaches the required quality level. Fig-
ure 3 shows that KD method choice depends on stu-
dent capacity, language pair, and dataset size. The
latter directly shifts the production-footprint axis:
EN—IS uses the largest corpus, so teacher decod-
ing is most expensive, while the smaller datasets re-

SWe tested 4-GPU distillation; in our setting, the additional

device footprint outweighed runtime gains, making the config-
uration dominated by single-GPU distillation (Appendix F).
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Figure 4: Amortization of distillation cost vs. inference
volume under unbatched sentence-level inference for
EN — IS. Markers denote break-even points where
students become less costly. Dotted horizontal guides
contextualize the footprint. Dotted vertical guides con-
textualize token volume.®

duce the upfront costs of distillation. This strongly
impacts Seq-KD variants, whose target-generation
cost scales with the number of source tokens de-
coded by the teacher. For the 65M student, word-
level methods generally provide the best trade-
offs, often reaching teacher-level quality. In this
moderate-compression regime, token-level super-
vision is often sufficient to recover quality while
avoiding the fixed decoding cost of Seq-KD. For
the 16M student, capacity becomes a stronger bot-
tleneck, and Seq-KD methods can become more
competitive when synthetic targets simplify the
learning problem. This effect is clearer on the
smaller datasets, where the target-generation foot-
print is lower. However, EN—IS shows the limits
of this strategy: here, the 16M student gains lit-
tle over No-KD and remains below the teacher;
additional distillation yields diminishing returns.

Overall, no KD method is universally dominant.
Word-KD variants are generally preferable for mod-
erate compression while Seq-KD variants become
attractive for smaller students when their quality
justifies the synthetic generation footprint. Dataset
size not only rescales the carbon footprint; it can
also change which KD family is competitive.

4.2 When do the inference costs justify KD?

The decomposition in Figure 1 suggests that KD be-
comes environmentally viable only above a work-
load threshold. To determine this threshold, we
turn our life cycle accounting into an amortization
problem, where we model the inference impact of
a deployed model to be approximately linear in the
number of translated tokens.
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Sentence-level Inference We first report infer-
ence costs under a simplified serving setting, where
the model translates one sentence at a time. Fig-
ure 4 shows that KD becomes environmentally
preferable only after a specific usage threshold. KD
students have a higher intercept than the teacher
because of distillation overhead, but a lower slope
because student inference is cheaper. Below the
break-even point, fixed production costs dominate;
above it, inference savings can compensate for the
upfront cost. The 16M student breaks even earlier
because of its lower inference slope, but this comes
at a stronger quality ceiling as shown in the previ-
ous section. Seq-KD variants usually require larger
served volumes because teacher decoding increases
Ip,r0q Without changing inference cost. In sum, KD
is only beneficial if the student satisfies the quality
requirement and is deployed at sufficient volume.

Batch Inference MT systems commonly batch
requests to improve hardware utilization. To quan-
tify the effect on amortization, we measure infer-
ence footprint over fixed workloads of 32K-1M
target tokens across multiple batch sizes, repeat-
ing each setting three times, and fit the resulting
footprint—volume relationship for each model and
serving configuration. We then combine these in-
ference curves with the fixed production footprints
to compute break-even volume against the teacher.

16M 65M
Batch size SEQ-INTER WORD-KD TIE-KD WORD-KD
256 386.97TM 285.07M  733.37M 1.09B
1024 973.63M 717.23M 2.34B 3.49B
4096 1.28B 942.02M 1.38B 2.06B
16000 1.60B 1.18B 2.51B 3.75B
Table 1: Break-even inference volume against the

teacher under different batch sizes for selected Pareto-
optimal configurations (EN — I5).

Table 1 shows that batching shifts break-even
from the token range observed under sentence-level
inference to hundreds of millions or billions of to-
kens, as it improves both teacher and student in-
ference, reducing the student’s relative per-token
advantage. The trend is not perfectly monotonic
across batch sizes as measured utilization and run-
time vary across configurations. Break-even should
therefore be estimated under the target serving con-
figuration rather than treated as an intrinsic prop-
erty of a distilled model.

®All contextual guides are illustrative and depend on de-
vice, electricity mix, preprocessing, and tokenizer.

4.3 What about LLM-based MT?

Finally, we test whether the same life cycle logic
holds in a decoder-only LLM setting. Unlike the
encoder—decoder experiments, we use sunk teacher-
cost accounting (A7 = 0), since the pretraining
footprint of LLM teachers is generally unavailable.
This scoped case study tests whether the same life
cycle logic holds under more favorable assump-
tions and is not intended as a complete benchmark
of LLM distillation for MT.

We distill Qwen3-8B (Yang et al., 2025)7 and
Qwen3-4B teachers into a Qwen3-0.6B student on
EN—IS and EN—ES using 100K sampled sen-
tence pairs.® For Seq-KD, the teacher generates
synthetic translations. Unlike the previous exper-
iments, Word-KD is offline; therefore, teacher to-
ken distributions are precomputed before student
training and then reused during distillation. Full
details are reported in Appendix G. This provides a
complementary evaluation setting with a different
model architecture and distillation implementation
from the main experiments.

The results support the same conclusion as the
main MT experiments. Distillation improves over
the Qwen3-0.6B baseline in all settings, especially
for EN—IS, where the baseline is weak. Notably,
the Qwen3-4B Word-KD student outperforms its
teacher on EN—IS. This may reflect task-specific
adaptation of the student and the regularizing effect
of KD rather than greater general capability (Xu
et al., 2025; Gordon and Duh, 2019).

However, even under sunk teacher-cost account-
ing, KD still incurs measurable production costs
from teacher-side preprocessing and student train-
ing. Offline Word-KD is a higher-supervision but
higher-cost regime: it gives the student richer token-
level teacher information than Seq-KD, but it also
requires offline teacher-distribution extraction and
leads to a higher student-training footprint. In most
settings, this extra cost buys larger COMET gains;
however, for Qwen3-8B on EN—IS, offline Word-
KD costs more while giving similar COMET to
Seq-KD. Thus, offline Word-KD is not uniformly
preferable. More broadly, lower inference cost
alone is not sufficient: LLM distillation should be
evaluated jointly through quality, production foot-
print, and expected deployment volume.

7ht'cps ://huggingface.co/collections/Qwen/qwen3
$Word-/-logit-based KD requires teacher and student mod-
els to share vocabulary, which is the case in the Qwen3 family.
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Teacher Pair COMET score I‘“S””(gCOQe) Break-Even
A . Tokens (M)
Teacher Base Method Student A Base KD train Distilled data

Seq-KD 7788 +1.82 18.76 1234

owemssp o 80% T wowkp 8076 4470 9197 1047:38 1309

Seq-KD 4818 +19.88 48.96 10.45

EN=IS 5177 2830 worakD 4799 +19.69 7953 854.22 10.81

Seq-KD 7802 +1.96 17.31 11.05

owemap B 7606 WordKD 8006 4400 9748 9BII0 1 0g

Seq-KD 3899  +10.69 2573 8.65

EN=IS 424l 2830 worakDp 4636 +1806 8092 7672 906

Table 2: Qwen3 distillation results under sunk teacher-cost allocation. KD train is the carbon footprint of student
distillation. Distilled data tracks target generation for Seq-KD and offline teacher-distribution compute for Word-KD.

5 Discussion

A key takeaway from our machine translation ex-
periments is that the perceived efficiency of KD
depends on what is used to evaluate the system. If
we only consider inference costs, distillation looks
uniformly beneficial because the cost of handling a
request with a student model is lower. However, un-
der MLCA accounting, KD introduces a fixed, up-
front footprint (encompassing both teacher training
and distillation overhead) that dominates total emis-
sions at low served volume X (Appendix E.1). The
resulting quality—footprint trade-offs and break-
even volumes are specific to the MT settings stud-
ied here. The life cycle accounting framework it-
self is not MT-specific and can be applied to other
KD settings, although these quantities must be re-
estimated for each task and deployment regime.

Therefore, whether to use KD fundamentally
depends on the deployment: cost savings are not in-
herent to KD, but depend on the downstream work-
load. Studies that report only translation quality
(or only inference efficiency) can lead to systemati-
cally different conclusions under life cycle-aware
evaluation. Benchmarking KD under an explicit
functional unit tied to served volume makes the
trade-off operational: for MT, KD is green only
when deployed at scale, under a quality constraint,
and with a method whose distillation overhead does
not erase its inference savings.

Across settings, we observe a consistent shift.
For small X, total emissions are driven by one-time
costs, so pipelines without distillation overhead
(Teacher-only, No-KD) have lower carbon foot-
print. As X grows, the inference term dominates,
and smaller students gain an advantage through
a lower per-token slope; KD becomes favorable
once inference savings amortize the initial over-
head. Practically, this means that for one-off trans-
lation (single document / single novel-scale usage),

KD is rarely justified from an emissions perspec-
tive, whereas for sustained usage (repeated service
or high-throughput pipelines), KD can reduce life
cycle emissions while meeting a quality constraint.

In practice, whether KD becomes environmen-
tally preferable at a realistic deployment volume
depends strongly on the serving configuration. Un-
der sentence-level inference, break-even can occur
at relatively modest volumes, whereas batching can
shift the threshold to hundreds of millions or bil-
lions of target tokens. Break-even volume should
therefore be estimated under the expected produc-
tion serving regime rather than inferred from model
size or unbatched measurements alone.

Student size controls both break-even volume
and attainable quality. Extreme compression low-
ers inference costs and shifts break-even to smaller
X, but our 16M results suggest the presence of a
capacity bottleneck. The 65M student better pre-
serves teacher-level quality while retaining substan-
tially lower inference emissions than the teacher,
yielding the strongest quality—amortization balance.
This highlights the trade-off between the transla-
tion quality and the number of parameters of the
models.

The LLM case study supports the same con-
clusion under a more favorable sunk teacher-
cost allocation. Excluding teacher pretraining
lowers the fixed cost assigned to KD, but does
not remove teacher-side preprocessing or student-
training costs. In this setting, offline Word-KD
provides richer token-level supervision and often
improves COMET more than Seq-KD, but it also
incurs a higher production footprint. Thus, it is
worthwhile only when the quality gain justifies the
additional cost.

Our analysis assumes full access to the teacher
to either decode synthetic targets (Seq-KD) or
query token distributions during training (Word-
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KD). This assumption is not valid for closed-source
or hosted models, where logits are unavailable
and teacher queries are rate-limited. In such set-
tings, Seq-KD variants are the only viable distil-
lation methods. This raises a broader question
about environmental responsibility under access
constraints. When Word-level KD methods are
infeasible, higher upfront emissions of Seq-KD
become an unavoidable cost of relying on closed-
source teachers. From a life cycle perspective, this
shifts part of the environmental burden from algo-
rithmic choice to access policy. Restricting access
to the model may implicitly force practitioners to-
ward higher-emission distillation pipelines, even
when lower-footprint alternatives would be prefer-
able under open-teacher assumptions. Quantifying
and attributing this constrained-choice penalty is
an important future direction.

Actionable guidance for MT practitioners. Our

results suggest a simple decision procedure:

1. Decide with a functional unit. Specify the
intended translation token volume X; if low, use
the teacher. KD lowers impact only if its upfront
footprint is amortized by inference servings at the
target X.

2. Start with a baseline. Establish a No-KD MT
baseline to determine the minimum footprint sys-
tem and quantify the quality gap KD must justify.

3. Prefer low-overhead KD to reduce upfront
emissions. When KD is required to meet a transla-
tion quality target with the lowest production foot-
print, avoid sequence-level methods unless they
meet foreseeable quality gains or operational con-
straints.

4. Report and select from Pareto-optimal con-
figurations. Treat model selection as a multi-
objective problem: choose checkpoints on the
global footprint—quality Pareto frontier and report
uncertainty (e.g., confidence intervals), so as to pre-
vent future work from incurring extra emissions
without meaningful quality improvements.

5. Report environmental impact alongside task
quality when presenting a distilled model or a new
KD method. This enables a clear comparison with
prior works and strengthens claims of performance
when newly devised methods result in better stu-
dents. It also allows practitioners and users to align
model choices with sustainability constraints, and
not rely solely on task performance metrics.

6 Related Work

Knowledge Distillation for Machine Translation
KD is widely used to compress neural MT systems,
S0 as to retain a large teacher model’s translation
quality while reducing inference costs (Kim and
Rush, 2016). Methods mostly fall into two main
regimes: sequence- and word-level distillation.

Seq-KD trains the student on teacher-generated
translations rather than on gold references (Kim
and Rush, 2016). Teacher outputs provide
smoother targets, improving student generaliza-
tion, but can also propagate errors, motivating
selection and filtering strategies. Common vari-
ants include choosing the best teacher hypothesis
via (i) sequence interpolation (Seqg-Inter; Kim and
Rush, 2016), by generating multiple hypotheses
per source sentence and selecting the candidate
that best aligns with the reference typically using
sentence-level BLEU or (ii) sequence replacement
(Seq-Rep; Zhang et al., 2018) by replacing low-
quality synthetic targets with reference translations.

Word-KD aligns student and teacher token dis-
tributions via KL divergence. Though effective,
recent work has shifted toward selective distilla-
tion to mitigate noise transfer. Wang et al. (2021)
estimate the difficulty of a token and perform KD
supervision only on this token (Sel-KD; Wang et al.,
2021), while TIE-KD (Zhang et al., 2023) focuses
on the teacher’s most confident predictions.

Remarkably in MT, KD methods are mostly only
evaluated in terms of translation quality, while only
accounting for the inference costs with respect to
the teacher.

Prior work has begun to quantify aspects of the
computational and environmental costs of KD, in-
cluding training energy, carbon emissions, and in-
ference efficiency. In MT, Zhang et al. (2023)
improve transparency by reporting BLEU along-
side training-time overhead for their KD method,
but do not quantify the environmental impact of
distillation or compare life cycle costs across KD
methods. Beyond MT, Niemann et al. (2025) report
training and inference energy in semantic segmen-
tation, but do not account for embodied hardware
emissions. Rafat et al. (2023) quantify GFLOPs,
energy consumption, and carbon emissions asso-
ciated with KD, but do not quantify downstream
inference costs. Yuan et al. (2024) compare the
inference energy, runtime, and resource utilization
of original and distilled models, but do not measure
the costs of distillation itself. These studies there-
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fore consider only subsets of the distillation and de-
ployment life cycle. To our knowledge, prior work
has not jointly accounted for allocated teacher pro-
duction, teacher-side generation or logit extraction,
student training, and inference within a common
life-cycle framework that includes both operational
and amortized embodied emissions, nor explicitly
related these quality—footprint trade-offs to deploy-
ment volume through break-even analysis. This
motivates an accounting framework that captures
environmental impacts across both model produc-
tion and deployment.

Environmental Impact Accounting in ML This
gap in understanding the costs of KD is particu-
larly surprising given the growing prominence of
Green Al. Concerns about the environmental im-
pact of training large machine learning models have
motivated calls to report computational and car-
bon costs alongside performance metrics (Strubell
et al., 2019). Existing tools estimate energy con-
sumption through hardware telemetry (Anthony
et al., 2020; Courty et al., 2024; Henderson et al.,
2020) or by modeling it from hardware characteris-
tics such as TDP and runtime (Lannelongue et al.,
2021; Lacoste et al., 2019). Most of this work
emphasizes operational energy and COqe emis-
sions during training. This narrow scope overlooks
embodied impacts from hardware manufacturing
and data-center overheads, which can be substan-
tial (Gupta et al., 2022; Luccioni et al., 2023). For
example, Luccioni et al. (2023) showed that ac-
counting for hardware production and infrastruc-
ture significantly alters BLOOM’s total footprint.

Machine Learning Life Cycle Assessment
(MLCA; Morand et al., 2024) adapts LCA to ML
by accounting for impacts across the model’s en-
tire life cycle. MLCA integrates operational en-
ergy estimates with amortized production impacts
of compute hardware and reports across multiple
impact categories beyond COze. However, mul-
tiple challenges to this accounting persist, due to
limited data availability and uncertainty for spe-
cialized hardware and end-of-life scenarios (Ficher
et al., 2025). Berthelot et al. (2024) apply a similar
LCA methodology for the digital service support-
ing deployed Al systems by treating the system as a
multi-component service encompassing terminals,
networks, hosting, model training and inference,
and data management, and propose multi-criteria
reporting with allocation rules that separate opera-
tional energy from embodied impacts.

7 Conclusion

KD is widely adopted to reduce the inference
cost of MT systems, yet it is commonly evaluated
through translation quality alone. We argued that
this practice can be misleading under sustainabil-
ity constraints, as KD introduces a non-negligible
upfront footprint that must be amortized by down-
stream usage. To make this trade-off explicit, we
employed the MLCA methodology for MT distilla-
tion, decomposing emissions into teacher training,
distillation and inference, and accounting for both
operational and amortized embodied emissions.

Our results suggest that KD use hinges on
(1) whether the target translation quality can be
achieved without distilling and (2) the target token
volume expected to be translated by the student
model. We recommend to train and assess a No-KD
baseline (lowest carbon footprint and baseline for
COMET). If this baseline does not meet the quality
level, then we recommend to consider applying KD
by assessing the volume of inference expected from
the model. In practice, if the student model serves a
small volume of tokens, KD is not environmentally
justified, and we recommend to use the teacher
instead. At larger volumes, KD can reduce life cy-
cle emissions beyond a task-dependent break-even
point, turning distillation into an amortization prob-
lem. As for selecting an appropriate KD method,
our results show that no single KD family domi-
nates across all settings. Word-level methods often
provide strong footprint—quality trade-offs under
moderate compression, while sequence-level meth-
ods can become competitive for aggressively com-
pressed students when synthetic targets yield larger
quality gains. Finally, aggressive compression low-
ers inference emissions and can justify applying
KD in terms of carbon footprint, but may impose a
quality ceiling, as observed for the 16M students.
Future work should also examine synthetic-data
filtering for Seq-KD. From a life cycle perspective
such filtering is useful only if it reduces the amount
of teacher generation required; filtering after the
full synthetic corpus has already been generated
may improve quality, but does not remove the main
decoding footprint. Overall, our MT experiments
show that KD is not inherently greener: given the
rapid developments of the Al industry amid an
already tense climate situation, our research com-
munity has to put greater care into assessing how
methods such as KD can actually help and when
they fail to meet environmental constraints.
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Limitations

Hardware and deployment scope. Our measure-
ments use a single NVIDIA V100 GPU and one
data-center setting, with the grid emission factor,
PUE, utilization assumptions, and hardware man-
ufacturing footprint described in Section 2.2 and
Appendix D.1. To address this, we report a sen-
sitivity analysis for key accounting assumptions
in Appendix D.3. We use a single GPU to keep
comparisons controlled and avoid communication
overhead; we report a preliminary four-GPU exper-
iment in Appendix F.

Architecture coverage. The main MT experi-
ments use TF-Big as the teacher and TF-Base/Tiny
as students, allowing for a controlled comparison
across KD methods. However, this does not cover
all possible teacher—student architectures. Further-
more, we limit our study to transformers as prior
work shows they outperform recurrent models in
KD for MT (e.g., higher BLEU scores (Zhang et al.,
2018)). Varying the architectures would introduce
additional factors such as convergence behavior,
capacity scaling, and optimization stability. How-
ever, our accounting framework is architecture-
agnostic. In practice, most KD approaches in MT
have identical teacher and student architecture fam-
ilies (de Gibert et al., 2026), supporting our choice
to avoid architectural variation.

Teacher-size selection. We use TF-Big as the
main teacher. A larger 385M-parameter teacher
did not improve COMET in our setting, consis-
tent with the dependence of MT scaling benefits on
data regime and possible quality saturation (Gor-
don et al., 2021; Zhang et al., 2023, 2018). We
therefore do not study teacher scaling systemati-
cally. A more systematic study of teacher scaling
and KD efficiency is outside the scope of this study.

LLM comparability and teacher-cost allocation.
The LLM experiment is preliminary and not di-
rectly comparable to the fully accounted encoder—
decoder experiments. It uses Qwen3 models, LoRA
adaptation, a 100K-sample distillation corpus, and
sunk teacher-cost allocation because teacher pre-
training emissions are unavailable, whereas the
main MT experiments use teacher-included alloca-
tion. Real deployments may lie between these ac-
counting extremes when teachers are reused across
students, tasks, or language pairs, which would al-
ter fixed production costs and break-even volumes.
The LLM results should therefore be interpreted

as a test of the same life cycle logic under more
favorable assumptions rather than as a complete
benchmark of LLM distillation for MT.

Training-run variability. We train each KD con-
figuration once. The paired-bootstrap confidence
intervals reported for COMET quantify uncertainty
over the evaluation set, but do not capture variation
induced by training initialization or data ordering.
Consequently, our experiments do not establish the
stability of quality differences across training seeds.
Repeating the full experimental matrix across mul-
tiple seeds would provide stronger evidence on this
dimension and is left for future work.

Evaluation coverage. Our experiments do not
cover truly low-resource MT. Such settings may
involve weaker teachers, greater sensitivity to data
and optimization, less reliable automatic evaluation,
and different production costs. In addition, we use
COMET as the main translation-quality metric. Al-
though COMET is widely used for MT evaluation,
it does not capture all dimensions of translation
quality, such as terminology consistency, robust-
ness, hallucination, toxicity, or human preference.

Ethics and Impact Statement

The environmental impact of machine learning
models is complex to assess throughout the life
cycle of software and hardware used to run it. It is
a critical dimension of model evaluation that helps
assess the feasibility and sustainability of models
in addition to task performance. This study pro-
vides a comprehensive assessment of knowledge
distillation for machine translation that contributes
a comparative evaluation of distillation methods
as well as a discussion of translation quality vs.
environmental impacts trade-offs.

This work is positioned within the purview of
responsible science and sustainable computing by
encouraging a broader scope of ML evaluation to
drive development and deployment decisions. By
providing guidelines for assessing the environmen-
tal impact trade-offs associated with different archi-
tectures, language pairs and level of use, this study
fosters awareness and transparency within the MT
and ML communities at large. While our empirical
findings are specific to the MT settings studied here,
the life cycle accounting framework can be applied
to other KD settings by re-estimating production
and inference costs under the relevant functional
unit and deployment regime.
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A Dataset Documentation

We use the constrained-track parallel corpora re-

leased for WMT 2024. Figure 5 reports the original

parallel-corpus sources used for each language pair.

We remove characters outside the scripts required
for each language pair while preserving decimal

digits, punctuation, and whitespace. For EN—IS,
we use the cleaned training corpus without down-

sampling. For EN—HI and EN—ES, we uniformly
down-sample to 13M and 6M sentence pairs with

seed 42 from the corresponding cleaned corpora.

EN-ES

EuroPat-v3 —
UNPC |
Wikititles-2014 —
WikiMatrix-FB —
DGT-2019
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WikiMatrix-v1
DGT-v4
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IE_Sports
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Figure 5: Size, in millions of sentence pairs, of the

parallel-corpus sources for each language pair.

After observing the substantial cost of training

the EN—IS setup, these sizes were chosen to cre-

ate three distinct corpus scales while keeping the

full set of teacher-training and distillation experi-

ments feasible on a single GPU. Using the complete
7613


https://aclanthology.org/2020.eamt-1.61/
https://aclanthology.org/2020.eamt-1.61/
https://dl.acm.org/doi/10.5555/3295222.3295349
https://dl.acm.org/doi/10.5555/3295222.3295349
https://doi.org/10.18653/v1/2021.acl-long.504
https://doi.org/10.18653/v1/2021.acl-long.504
https://doi.org/10.18653/v1/2025.findings-acl.261
https://doi.org/10.18653/v1/2025.findings-acl.261
https://arxiv.org/abs/2505.09388
https://doi.org/10.1145/3644815.3644966
https://doi.org/10.1145/3644815.3644966
https://doi.org/10.1145/3644815.3644966
https://aclanthology.org/2018.iwslt-1.4/
https://aclanthology.org/2018.iwslt-1.4/
https://doi.org/10.18653/v1/2023.acl-long.448
https://doi.org/10.18653/v1/2023.acl-long.448

EN—HI and EN—ES corpora would substantially
increase both teacher training and distillation costs.
We additionally verified that the resulting teachers
remain competitive with similarly sized OPUS-MT
systems (Tiedemann and Thottingal, 2020).

B Knowledge Distillation Objectives

Notations. We consider autoregressive MT:
given a source sentence x, a model produces a
target sequence y = (y1,...,yr) by predicting
each token y; conditioned on the source x and the
prefix y ;. Let D = {(x®,y@)}N | be a paral-
lel corpus, where ' is a sentence in the source
language and 7 is the translation in the target
language. Knowledge distillation (KD) transfers
knowledge from a larger teacher to a smaller stu-
dent (Bucilua et al., 2006; Hinton et al., 2015); in
MT, the two standard KD families are word-level
(distribution matching) and sequence-level (syn-
thetic targets) (Kim and Rush, 2016).

We denote by 0z and fg the parameter vectors
of teacher and student. For a model of parameters
0, the model’s next-token distribution at time step
t for a specific example (x,y) can be expressed as:

po = p(ys | X, y<1;0) .

Sequence-level KD (Seq-KD). Seqg-KD (Kim
and Rush, 2016) trains the student on teacher-
generated translations. For each source sentence
x, we decode a single high-probability teacher
output y and form a synthetic corpus D =
{(x®, Y.

The synthetic target approximates the teacher
argmax, y ~ arg maxy pg. (y | x), typically com-
puted with beam search. At each time step ¢, beam
search maintains a set of B partial hypotheses,
expands them using the teacher next-token distri-
bution, and keeps the top-B candidates by accu-
mulated log-probability (optionally with a length
penalty); the final output ¥ is the highest-scoring
completed hypothesis. Since decoding cost scales
with B, this stage can dominate the distillation
compute.

Training is done through standard cross-entropy
with teacher forcing:

M
Z Z 7-[’(53% ) pae)

(x,y)eD t=1

Lop(0s; D) =

Seq-KD is therefore an offline hard-distillation
regime: the teacher supplies one-hot synthetic tar-

gets, and additional compute is primarily incurred
during teacher-side decoding.

Word-level KD (Word-KD). Word-KD (Kim
and Rush, 2016) trains the student to match the
teacher’s token-level distribution at each time step.

The dataset-level KD objective can be described
as:

ly|

> > Dxu(pes |l pog)

(x,y)eD t=1

Lxp(0s;0z) =

In practice, student training combines teacher su-
pervision with standard likelihood training on
ground-truth targets using an interpolation hyper-
parameter v € [0, 1]:

Lworp-kp(0s;07) = (1 —a)Lcr(0s) + aLkp(fs;0z)

In the online form, teacher distributions are com-
puted during student training, requiring repeated
teacher forward passes. In offline variants, teacher
distributions are precomputed and stored, often as
top- K logits or probabilities. This shifts part of
the cost to a preprocessing stage but still requires
running the teacher over the distillation corpus.

C Model, Tokenization, and Training
Details

Shared setup. Table 3 summarizes the settings
shared by the main encoder—decoder MT exper-
iments. All KD methods are implemented in
Fairseq, which allows us to reuse a single teacher
checkpoint across distilled students and main-
tain consistent decoding, training, and evaluation
pipelines across KD variants. We train one shared
SentencePiece tokenizer (Kudo and Richardson,
2018) per language pair with a 32K BPE vocab-
ulary and reuse it for teacher, No-KD, and KD
runs. This avoids confounding KD comparisons
with segmentation differences and is required for
word-level KD, where teacher and student token
distributions must be defined over the same vocab-
ulary. We enable byte fallback to improve coverage
of rare characters and out-of-vocabulary symbols.

Model architectures. Table 4 reports the teacher
and student configurations for the main MT ex-
periments. We use a Transformer-Big teacher and
two student capacities: Transformer-Base for mod-
erate compression and Transformer-Tiny for ag-
gressive compression. The 65M student retains
31.1% of the teacher parameters, while the 16M

7614



Component Setting

Framework Fairseq (Ott et al., 2019)
Optimizer Adam (Kingma and Ba, 2015)
Learning-rate schedule  Inverse square root

Tokenizer SentencePiece BPE

Vocabulary size 32K shared source—target vocabulary

Validation set FLORES+ dev

Test set FLORES+ devtest

Quality metric COMET, Unbabel/wmt22-comet-da
Early stopping Based on FLORES+ dev performance
Hardware Single NVIDIA V100 GPU

Table 3: Shared experimental settings across the main
encoder—decoder MT experiments.

student retains 7.65%. This design lets us com-
pare KD behavior under both quality-preserving
and capacity-constrained compression regimes.

Teacher Students
Model TF Big TF Base TF Tiny
Encoder layers 6 6 6
Decoder layers 6 6 2
Embedding dim 1024 512 256
FFN dim 4096 2048 1536
Attention heads 16 8 8
Parameters (M) 209 65 16
Params % (w.r.t. Teacher) - 31.1% 7.65%
Compression Ratio - 3.21 13.06

Table 4: Teacher and student configurations and com-
pression ratios.

KD implementations and code release. Table 5
reports the source code for each method. For meth-
ods without a maintained public implementation
matching our Fairseq pipeline, we provide our own.

Method Implementation
Teachers / No-KD GitHub

Seq-KD (Kim and Rush, 2016) GitHub
Seq-Inter (Kim and Rush, 2016)  GitHub*
Seqg-Rep (Zhang et al., 2018) GitHub*
Word-KD (Kim and Rush, 2016)  GitHub

Sel-KD (Wang et al., 2021) GitHub

TIE-KD (Zhang et al., 2023) GitHub

Carbon accounting GitHub*

Table 5: Implementation sources and release plan. An
asterisk (*) indicates implementations developed by the
authors based on the corresponding published methods.

D Carbon Accounting Details

D.1 Accounting Equations

MLCA evaluates the environmental impact of the
system within the defined boundary, aiming to ad-

dress the FU. As mentioned previously, we estimate
the carbon footprint over the life cycle of the ma-
chine translation system. For each compute phase
¢ € {TRAIN, DISTILL, INFER} and device e, we
estimate the total environmental impact for each
system as the sum of operational and embodied

emissions: [ = Z¢ Ze(fl(l(sbg,e Ty )

emb,e

Operational Emissions. The environmental im-
pact of operational emissions L(ff%e (COqe) corre-
sponds to the greenhouse-gas emissions associated
with the electricity used to run the workload of the
phase ¢ on device e (Berthelot et al., 2024). It is
estimated by first measuring the workload’s elec-
tricity consumption of running phase E(@)(kWh)
on device e °. Since the data-center hosting the
device also spends energy on cooling and infras-
tructure, this energy is scaled with the Power Usage
Effectiveness (PUE) of the data-center (Brady et al.,
2013). Finally, this effective energy is converted
to emissions by multiplying by the grid emission
factor at the data-center location g, denoted EGM,
(kgCO2e/kWh), reflecting the carbon footprint of
the grid the device is plugged into '°.

Embodied Emissions The environmental impact
of the embodied emissions for device e, denoted

I éil)h .» 1s estimated by amortizing the manufac-

turing footprint of the device Fe(pmd) (kgCOqe)
over its expected lifetime (fyf) proportionally

to the time the device is used in phase ¢ (t,(;z))),
and adjusted by its active utilization rate AUR, €
(0, 1] (Luccioni et al., 2024; Berthelot et al., 2024).

D.2 Parameter Values

We use parameters consistent with prior
MLCA/LCA work (Luccioni et al., 2023;
Berthelot et al., 2024). We assume an active uti-
lization rate of 0.8 during training and distillation,
and 0.2 during evaluation and inference, shown
in Table 6. We assume a hardware lifetime of
5 years. The grid emission factor is set to the
value corresponding to the data-center location
(in our case, we used Puhti from CSC, which is

"When direct energy measurements are unavailable, £(®)
is approximated from the average GPU power draw P @) (kW)
and wall-clock runtime ¢(%) (hours): E®) n p(@) 5 () (La-
coste et al., 2019; Henderson et al., 2020).

Because the electricity mix used by a specific data center
is rarely disclosed, the workload is assumed to draw from the
local grid of the data center’s physical location, and publicly
available regional emission factors are used to approximate
EGM, (Lacoste et al., 2019).
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located in Finland), EGM, = 0.033 kgCO2e/kWh.
The PUE is set to the value reported by the data
center, 1.24. For embodied emissions, we assume
a manufacturing footprint of 150 kgCOze per GPU,
consistent with Falk et al. (2025).

Parameter Value Emissions
GPU type NVIDIA V100 All
Hardware lifetime tife, e 5 years Embodied
AUR, training/distillation 0.8 Embodied
AUR, evaluation/inference 0.2 Embodied
Manufacturing footprint F*°Y 150 kgCO2e/GPU  Embodied
PUE 1.24 Operational
Grid emission factor EGM, 0.033 Operational
kgCO2e/kWh

Table 6: Carbon-accounting parameters used in the
MLCA computation.

D.3 Sensitivity Analysis

We report sensitivity analysis on the environmental
impact of producing models, where the primary
costs are one-time and MLCA assumptions directly
affect relative footprints. Figure 6 presents a one-
way sensitivity analysis of the carbon footprint of
producing different models under plausible ranges

of key MLCA parameters.
—— Seq-KD (65M)  —— No-KD (65M)
—— Word-KD (65M) —— Teacher
EGM_g b W +49.5
(0.02-0.6 kgCOze/kWh)| 37
Embodied footprint| 48
(100.0-600.0 kgCO,e/GPU)| 4
-0.3
AUR| 02
0.4-0.9)| g
Hardware lifetime| 0.7
(26280-70080 hours)| 34
PUE -0
a.1-2.0)| §: ;
-10 0 10 20 30 40 50 60

Carbon Impact Change /yain (A kgCO,e)

Figure 6: One-way sensitivity analysis of carbon impact
for different setups. Bars represent the deviation (A
kgCOse) from the best baseline when shifting parame-
ters to the ranges indicated on the y-axis.

Grid carbon intensity is the dominant source of
uncertainty, producing the largest absolute devia-
tions across all methods (consistent with Dodge
et al. (2022)). In contrast, active utilization rate,
hardware lifetime, and PUE induce relatively small
changes to the carbon computation, as they af-
fect only the amortized embodied component. Im-
portantly, the relative ordering of methods does
not change across all parameter ranges: the No-

KD model has the lowest production footprint,
followed by the teacher, Word-KD, and Seq-KD.
Larger models and distillation pipelines exhibit
higher absolute sensitivity due to longer training
times, but parameter uncertainty alters magnitudes
rather than conclusions.

E Full Main MT Results

E.1 Total Footprint Decomposition

We quantify the total environmental impact for a
fixed volume of X tokens, as described in Sec-
tion 2.2. Figure 7 reports the carbon footprint de-
composed into teacher training, distillation over-
head, and inference emissions for EN—IS.

65M Students (X=100K)

1.0M)

16M Students (X

ol ny ny S O ny ny
& ¢ ; g p p
& &,\é & & 4,0'& R 4
&

B /tr5in (Training) B [iprer (Inference) B /gisiy (Distillation)

Figure 7: Total footprint (kgCOqe) for all setups for a
fixed served volume X for EN — [S. Non-teacher
models are ordered by COMET score on FLORES+
devtest; scores are omitted for simplicity.

We present the results with two representa-
tive workloads: X=100K (roughly the size of a
novel'') and X=1.0M (corresponding to repeated
usage, e.g., translating multiple novels). Since the
No-KD baseline corresponds to training a model
without KD, it does not involve teacher and distil-
lation costs, unlike all other systems considered.

Under this unbatched sentence-level serving con-
figuration, at X=100K, total emissions are largely
determined by one-time costs. The emissions of
the teacher and the No-KD baseline are the low-
est as they both do not incur distillation emissions.
For small translation workloads, KD is environ-
mentally costly and difficult to justify over using
the teacher. At X=1.0M, inference costs are the

"For reference, Harry Potter and the Prisoner of Azkaban

has roughly 106,821 words, while Le Tour du monde en quatre-
vingts jours has around 70,000 words.
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dominant costs for the teacher model. Using a com-
pact student substantially reduces Iinser(X), and
KD can achieve lower total emissions than serving
the teacher despite incurring the one-time distilla-
tion costs. This implies that KD can reduce total
environmental impact once inference volume is
high enough to amortize the fixed distillation cost.

E.2 Break-Even Deployment Volumes

Table 7 reports the served token volume at which
each distilled student has lower carbon emissions
than the teacher. Break-even deployment vol-
umes are reported in millions of decoded target to-
kens. An asterisk indicates methods that lie on the
footprint—quality Pareto frontier. For non-frontier
methods, the break-even point is computed using
the checkpoint with the highest COMET score.
Bold values indicate the Pareto-optimal method
with the lowest break-even volume for each lan-
guage pair and student size.

Method EN—ES EN—HI EN—IS
M tokens M tokens M tokens

16M student

Seq-Inter 0.057* 0.052* 0.595*
Seq-Rep 0.037* 0.104* 0.382
Sel-KD 0.469 0.461 0.130
Seq-KD 0.152* 0.181* 0.407
TIE-KD 0.952 0.791 0.350
Word-KD 1.006 0.748 0.439"
65M student

Seq-Inter 0.199* 0.091" 0.907
Seq-Rep 0.160 0.236" 1.301
Sel-KD 1.126* 0.976 0.306
Seq-KD 0.343* 0.502* 1.468
TIE-KD 2.243 1.396 0.671*
Word-KD 1.516 1.862 1.002*

Table 7: Unbatched sentence-level break-

even deployment volumes for distilled students.
Lower values indicate that the upfront distilla-
tion footprint is amortized after fewer translated
tokens.

The table shows why break-even analysis must
be interpreted together with quality. The 16M stu-
dents usually break even earlier because they have
lower inference footprints, but it comes with qual-
ity ceilings. The 65M students require more served
tokens to amortize production costs, but they have
better translation quality. The lowest break-even
method is therefore not automatically the best de-
ployment choice; the selected checkpoint must also
satisfy the required COMET level, and lie on or
close to, the footprint—quality Pareto frontier.

F Distributed Distillation

We evaluate whether distributing distillation across
four GPUs changes the footprint—quality trade-off.
In our setting, distributed distillation does not im-
prove the Pareto frontier: the carbon impact of
distillation increases by an average factor of ap-
proximately 3 for 65M students and 5 for 16M
students. Runtime gains are insufficient to offset
the additional operational and embodied footprint
of using more devices. Therefore, the four-GPU
setting is dominated by the single-GPU setup and
is excluded from the main Pareto analysis.

G Decoder-Only LLLM Case Study

This appendix reports implementation details for
the decoder-only LLM case study. The COMET
scores, carbon footprints, and break-even values
are reported in the main text.

G.1 Setup and Teacher-Cost Allocation

We distill from Qwen3-8B and Qwen3-4B teachers
into a Qwen3-0.6B student. All models are from
the same Qwen3 family, which ensures a shared
tokenizer and vocabulary. This is required for word-
level/logit-based KD because teacher and student
distributions must be defined over the same token
vocabulary.

We evaluate EN—IS and EN—ES. For each di-
rection, we sample 100K sentence pairs from the
filtered WMT 2024 data used in the main experi-
ments. This is five times the sample size used in
CycleDistill (Halder et al., 2025). The same sam-
pled subset is used for Seq-KD and Word-KD so
that the methods differ only in the teacher signal
provided to the student. Sampling is deterministic
and approximately uniform over the filtered file:
we count the total number of lines, set the interval
as Niotal/Nsample. and select examples at rounded
interval positions while preserving the original cor-
pus order.

Unlike the main encoder—decoder experiments,
this case study uses sunk teacher-cost allocation,
Ar = 0. This means that the pretraining footprint
of the Qwen3 teacher is not assigned to the dis-
tilled student. We use this allocation because the
full pretraining footprint of the open LLM teach-
ers is unavailable and cannot be reconstructed reli-
ably. The reported production footprint therefore
includes teacher-side distillation preprocessing and
student adaptation, but not teacher pretraining.
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G.2 Distillation and Training Details

For Seq-KD, the teacher generates synthetic target
translations for the sampled source sentences using
greedy decoding. The student is then trained on the
resulting synthetic parallel corpus.

For Word-KD, we use offline token-level dis-
tillation on only the top-K teacher logits. Fol-
lowing Halder et al. (2025), we store the top-20
teacher probabilities and token indices for each
generated target position during teacher genera-
tion. The probabilities are quantized to 8-bit val-
ues and saved together with the corresponding to-
ken indices. The generated translations, references,
source sentences, and file pointers are stored in a
metadata file, while the top-20 arrays are stored
separately as NumPy files.

This design avoids querying the teacher during
every student-training step and avoids storing full-
vocabulary logits, making Word-KD cheaper in
both compute and storage than its online version.
However, the savings come from replacing the full
teacher distribution with a sparse top-K approxi-
mation: the student receives high-probability alter-
natives, but not the complete long-tail distribution.

The Qwen3-0.6B student is adapted with LoRA
adapters. Table 8 reports the shared LoRA hyperpa-
rameters used in the decoder-only LLM case study.
We build on the CycleDistill training code (Halder
et al., 2025) and modify it to support FLORES-
based validation and early stopping.

Hyperparameter Value
Student model Qwen3-0.6B
Adaptation method LoRA

q_proj, k_proj, v_proj, o_proj,

Target modules : . .
gate_proj, up_proj, down_proj

LoRA rank r 32
LoRA scaling arora 64
LoRA dropout 0.05
Learning rate 107
Per-device batch size 2
Gradient accumulation 16

Maximum sequence length 2048

Table 8: LoRA adaptation hyperparameters for the
decoder-only LLM case study.

For decoder-only LLM generation, we use a
fixed translation prompt for all language directions:

Translate the
{source_language} source
{target_language}.

Only output the translation.
explain.

{source_language}: {source_text}
{target_language}:

following
text to

Do not

The placeholders {source_language},
{target_language}, and {source_text}
are replaced with the corresponding language
names and source sentence. This prompt is used
consistently across this case study.

G.3 Comparability Caveat

The LLM case study is intended as a scoped
extension, not as a directly comparable bench-
mark against the main encoder—decoder MT ex-
periments. It differs in four important ways: it
uses decoder-only Qwen3 models rather than Trans-
former encoder—decoder MT models; it uses LoRA-
based adaptation rather than full-model training;
it uses a much smaller sampled distillation subset
rather than multi-million-sentence corpora; and it
uses sunk teacher-cost allocation because teacher
pretraining emissions are unavailable. At the same
time, this setting reflects a more practical deploy-
ment scenario: practitioners often start from an ex-
isting open LL.M, adapt it with parameter-efficient
fine-tuning, and treat the teacher pretraining cost as
already sunk rather than retraining a teacher from
scratch. For these reasons, the case study is used
to test whether the same life cycle logic appears
under a more realistic and favorable teacher-cost
assumption.

H Artifact Licenses

We use publicly available research artifacts un-
der their respective licenses and terms of use, in-
cluding the WMT 2024 constrained-track corpora,
FLORES+, COMET, Fairseq code, SentencePiece,
Qwen3 models, and CycleDistill code.
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