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Abstract

Choosing a Natural Language Generation
(NLG) pipeline is difficult when the gener-
ated output must be functionally correct, mea-
surably effective, and inexpensive to produce,
all at once. We propose an evaluation frame-
work for comparing NLG pipelines under these
joint constraints, together with the Inference-
Adjusted Gain (IAG), an architecture-agnostic
metric combining output quality and inference
cost. We instantiate the framework on energy-
aware code refactoring: five systems (LLM-
only, Retrieval-Augmented Generation (RAG),
Knowledge-Augmented Generation (KAG),
Agentic RAG, and Token-Efficient Agentic
RAG (TeaRAG)) share the same 1,368-entry
knowledge base (KB), named GreenKB, back-
bone LLM, and validation protocol across 11
Python programs, including three real GitHub
projects. Only TeaRAG passes the functional
gate on all three GitHub projects, with con-
firmed energy reductions on two; the third re-
mains within measurement noise. Every other
system passes at most one project. A rollback
ablation traces this robustness mainly to orches-
tration rather than retrieval alone. On three syn-
thetic scripts, each run over five seeds, TeaRAG
again achieves the highest IAG: it cuts energy
use by 96 % on average, against 88 % for KAG,
at a higher token cost (3.6k vs. 2.2k tokens).
One synthetic case is unstable across seeds for
every system, leaving the margin over KAG
Narrow.

1 Introduction

The choice of NLG pipeline architecture matters
more as LL.M-based systems move into resource-
sensitive settings. Four families have emerged:
single-pass RAG (Lewis et al., 2021), KAG (Liang
et al., 2024), iterative Agentic RAG (Asai et al.,
2023; Yan et al.,, 2024), and token-bounded
pipelines such as TeaRAG (Zhang et al., 2025).
Each makes a different trade-off between how
much it retrieves, how much it reasons, and how

many tokens it spends doing so. Practitioners still
have no principled way to compare them on tasks
where correctness, output quality, and cost all mat-
ter at once. An excellent output that costs too much
to generate brings no benefit in deployment. We
address this with an evaluation framework for
comparing pipelines under these joint constraints.

We instantiate this framework on energy-aware
code refactoring: given Python code, produce a
functionally equivalent variant that uses less energy.
The task is a useful testbed because all three dimen-
sions can be operationalised quantitatively: auto-
mated tests assess functional correctness, CodeCar-
bon estimates execution energy on the evaluation
host, and token counts capture inference cost (Niu
et al., 2024). RAPL/DRAM counters (Khan et al.,
2018) are used only to construct the physically
measured subset of GreenKB. Because all sys-
tems share the same 1,368-entry GreenKB, back-
bone LLM, and external validation protocol, ob-
served differences primarily reflect pipeline design
(retrieval strategy and orchestration) rather than
knowledge content. This is not a pure retrieval ab-
lation, however, because the systems also differ in
control flow and LLM-call structure. Prior work
uses KB-guided refactoring as a tool (Wu et al.,
2026), but does not ask which retrieval architecture
works best when correctness, quality, and cost all
matter. We address this gap through a controlled
pilot study comparing five configurations on 11
programs.

In this study, output quality refers to the en-
ergy reduction achieved by a functionally valid
refactoring. We address four research questions:
(RQ1) Which architecture achieves the best combi-
nation of functional pass rate and output quality?
(RQ2) Which minimises inference cost at com-
parable quality? (RQ3) Does structured knowl-
edge (KAG) improve quality over flat similarity
retrieval on tasks requiring relational reasoning?
(RQ4) Does performance vary across anti-pattern
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families? We predict that (H1) KAG outperforms
RAG where its taxonomy covers the target pat-
tern, (H2) TeaRAG achieves lower token cost and
latency than Agentic RAG at comparable output
quality, and (H3) no single architecture dominates
all pattern types.

Our contributions are:

* A unified framework for comparing NLG
pipeline architectures under joint correctness,
quality, and efficiency constraints, applicable
to any constrained NLG task.

* The IAG metric, an architecture-agnostic
score combining output quality and genera-
tion cost.

* GreenKB, a 1,368-entry knowledge base we
built by merging heuristic and physically-
measured anti-pattern entries.

* Controlled adaptations of KAG, Agentic
RAG, and TeaRAG to this task, evaluated in
a pilot study on 11 programs with an analysis
of how each architecture fails.

2 Related Work

NLG pipeline architectures. The dominant way
to ground LLM-based NLG in domain knowledge
is RAG (Lewis et al., 2021), which retrieves sup-
porting text by semantic similarity. Similarity
alone, however, ignores relational structure and
the preconditions a transformation must satisfy.
KAG (Liang et al., 2024) replaces simple retrieval
with concept graphs to reason across multiple steps,
relationships, and constraints. Agentic RAG (Asai
et al., 2023; Yan et al., 2024) instead runs several
retrieve-and-reason cycles, typically orchestrated
with LangGraph (LangChain Inc., 2024) or Lla-
malndex (Liu, 2022). Each extra cycle adds token
cost. TeaRAG (Zhang et al., 2025) reduces this cost
by compressing the context and limiting the rea-
soning steps. It was originally designed for open-
domain question answering. To our knowledge, no
prior study has compared all four families on a sin-
gle constrained-generation task under a controlled
protocol.

Constrained NLG and joint evaluation. The
tension between quality and cost is not specific
to code. Data-to-text systems trade faithfulness
against fluency, summarisers trade factual consis-
tency against length, and dialogue systems trade
response quality against latency. Yet evaluation has
mostly scored one dimension at a time, with BLEU,

BERTScore, or task success. Green Al (Strubell
et al., 2019; Schwartz et al., 2020) argues energy
cost should be first-class alongside accuracy, but
this is not yet integrated into joint NLG evaluation:
benchmarks for structured generation (Huang et al.,
2024; Niu et al., 2024) still score quality and cost
separately. Our IAG metric fills this gap. We chose
code refactoring because it makes all three dimen-
sions measurable, which turns it into a controlled
testbed for comparing architectures.

LLMs for constrained code generation and en-
ergy measurement. Code refactoring (Fowler
etal., 1999) is a natural example of constrained gen-
eration. The output must behave exactly like the in-
put, which tests can verify; it should use less energy,
which can be measured using monitoring tools; and
it must keep the original function signature. LLM-
generated code is systematically less efficient than
human code (Huang et al., 2024), and KB-guided
generation beats LLM-only (Wu et al., 2026; Anu-
pam et al., 2026), but prior work treats the pipeline
as a monolithic tool rather than evaluating the re-
trieval architecture. Reliably assessing whether an
energy code smell (Green Code Initiative, 2024;
Pereira et al., 2017; Masanet et al., 2020; Green
Software Foundation, 2023) has been removed re-
quires careful isolation from test-framework and
operating-system noise, plus direct hardware coun-
ters where the host exposes them and a software
estimator such as CodeCarbon (Courty et al., 2023)
where it does not (Section 5.2).

3 Approach
3.1 Task Definition

Each system receives the content of one Python
file and must return a functionally equivalent vari-
ant that consumes less energy. The input ranges
from a single function, for the CodeNet and syn-
thetic cases, to a full multi-function module, for
the real-world GitHub repositories (Section 4.1).
When a functional test suite exists, we use it only
to validate the output afterwards (Section 5); the
pipeline never sees it. We treat the task as con-
strained structured generation: every modified
function must preserve its signature and input/out-
put behaviour, and satisfy all available test as-
sertions. Table 1 summarises the five configura-
tions we evaluate; Figure 1 aligns their pipeline
stages side by side. All five systems call the same
backbone LLM, Mistral-Small-4 (a 119B mixture-
of-experts model, mistral-small-4-119b-2603),
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served through NVIDIA NIM.

ID Name
SO  Baseline

What it does

Unmodified code; serves as
the energy reference

S1  LLM-only The LLM detects and fixes
on its own, with no retrieval

S2 RAG Retrieves similar KB entries
(FAISS), then fixes in one
pass

S3  KAG Retrieves via the concept

graph and injects its con-
straints

Repeats retrieve-and-reason
cycles until a judge is satis-
fied

Same cycles, but with se-
lective retrieval and context
compression

S4  Agentic RAG

S5 TeaRAG

Table 1: The five systems compared, plus the SO base-
line. All share the same backbone and software setup
(Section 5.2).

S1 G .
LLM-only enerate
S2 .
e
S3 Extract Graph G t
KAG signals retrieve enerate
S4 . i Generate
Agentic RAG [Dlagnose})[ Retrieve H Reason

A\

restart if issues remain (up to 3 cycles)

S5 p Selective |_[ Compress Generate
Dice 5 .
TeaRAG [ mgnose}[ retrieve H context H& verlny
T

gl
/

N T T 7/
" restart if issues remain (up to 3 cycles) ~

TDO retry (disabled in this study)

Figure 1: The five pipelines, stage by stage. Test-Driven
Optimization (TDO) reruns the unit tests after each fix
and retries on failure; disabled here so that all systems
face the same validation gate (Section 3.5).

3.2 RAG (System S2)

A first LLM call detects active anti-patterns. A pre-
built FAISS index (NVIDIA nv-embedga-e5-v5
embeddings, chunk size 800, overlap 80) then re-
trieves the four most similar KB entries for each
detected pattern; this step needs no LLM call. A
second, final LLLM call receives all retrieved entries
in a single prompt and produces the fixed code.

3.3 KAG (System S3)

KAG replaces flat similarity search with a struc-
tured knowledge representation. Each entry is

annotated with an anti-pattern concept node (7-
category taxonomy, listed in Appendix A), observ-
able symptoms, precondition predicates, and ex-
pected effect magnitude (from its measured energy
reduction, Section 4.2). Retrieval proceeds in three
steps: extract structural signals from the input code,
project them onto concept nodes, and retrieve ex-
amples together with their preconditions and trans-
formation constraints. Generation is thus grounded
in relational reasoning rather than surface similarity.
Unlike RAG, KAG requires no separate LLM call
for detection. This reduces its call count but also
introduces a confound in the inference-cost com-
parison, since cost differences cannot be attributed
to retrieval alone.

3.4 Agentic RAG (System S4)

Agentic RAG is a LangGraph pipeline with four
stages: diagnose the code, retrieve evidence from
the KB with plain FAISS, reason over that evidence,
and generate the fix. An LLM judge then checks
whether issues remain; if so, the pipeline restarts
from the diagnosis stage, for at most three cycles.
Unlike TeaRAG, nothing limits how many tokens
each cycle may spend.

3.5 TeaRAG (System S5)

TeaRAG bounds both retrieval and reasoning
within a four-step cycle. It first writes a short di-
agnosis: two or three sentences naming at most
two plausible anti-patterns. It then retrieves se-
lectively, using a hybrid FAISS-and-graph search
restricted to entries matching the diagnosed pat-
terns. The retrieved evidence is compressed to a
fixed token budget. Finally, one LLM call produces
the refactored code, and a judge checks whether
issues remain; if any do, the cycle restarts from
the diagnosis step, again for at most three itera-
tions. TeaRAG is cheaper not because it iterates
less, but because each iteration retrieves less and
compresses what it retrieves (Section 6).

Production TeaRAG also includes the Test-
Driven Optimization (TDO) loop of Figure 1,
which reruns unit tests after each fix and retries
on failure. We disable it here, so our gate only
checks syntax, signature, and output equivalence;
this explains the occasional CodeNet regressions
a full TDO pass would catch. TeaRAG’s optional
extra project context is likewise left empty, for a
fair comparison.
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4 Experimental Resources

4.1 Evaluation Corpus

The evaluation corpus comprises 11 programs: 5
CodeNet, 3 GitHub, and 3 synthetic scripts. The
main corpus of Tables 3 and 4 covers the 8 CodeNet
and synthetic programs; the GitHub projects are
evaluated separately (Section 6.5).

Five CodeNet programs. We took the five
largest accepted Python submissions from the IBM
CodeNet dataset (Puri et al., 2021) that still fit in
the LLM’s context window.! To check equivalence,
we replay the original stdin input on the opti-
mised code and compare output hashes. These
competitive-programming submissions carry the
classic algorithmic inefficiencies: redundant com-
putation and quadratic loops.

Three real GitHub projects. We selected
three Python repositories with SEART GitHub
Search (Dabic et al., 2021). Each has at least 30
stars, between 500 and 10000 lines of Python,
and a distinct GitHub topics tag, so the three
cover different domains: ecc-pycrypto (cryptog-
raphy, ~821 lines), yandex-tracker-exporter (ETL,
~2780 lines), and itertable (data processing,
~2 474 lines).

Three synthetic scripts. We wrote three worst-
case scripts ourselves. They serve both as quan-
titative benchmarks and as qualitative case stud-
ies (Section 6.6). Each script targets a different
anti-pattern family: numpy algorithms, sorting and
statistics, and Pandas I/0. We wrote them without
looking at any system’s retrieval index, so no archi-
tecture is favoured by construction. They do draw
on the same broad families that GreenKB covers,
however, so absolute energy reductions are proba-
bly higher than they would be on fully independent
code.

4.2 Shared Knowledge Base (GreenKB)

All systems share GreenKB, a 1,368-entry unified
knowledge base we built by fusing two comple-
mentary corpora:

ENG subset (568 entries, prefix ENG_). We
built this subset from SonarQube/CAST rules, aug-
mented with our own LLM-generated patterns

'small split of https://huggingface.co/
datasets/windchimeran/codenet_python, filtered to
code_size < 5000 bytes to bound input length, ranked by
size descending, top 5 overall (no per-problem deduplication).

(memory management, I/O, Pandas, parallelism,
general design). Energy-gain estimates are heuris-
tic (expert-produced, no physical measurement).
This subset provides fine-grained anti-pattern la-
bels absent from academic benchmarks.

ALG subset (800 entries, prefix ALG_). We built
this subset from before/after Python pairs drawn
from the HumanEval, MBPP, and Mercury prob-
lems (Austin et al., 2021; Du et al., 2024): Qwen3-
32B produced one optimised version per problem,
and we measured both versions with RAPL/DRAM
hardware counters, in microjoules. Each pair there-
fore carries a physically measured Energy Reduc-
tion (ER):

Eorig - Eopt

ER =
Eorig

ey
where Eqi; and Eop are the measured energy of
the original and optimised code. A positive ER
means the optimised version uses less energy. This
equation defines ER for the whole paper; only the
energy meter changes (RAPL/DRAM here, Code-
Carbon for the experiments of Section 5.2).

GreenKB: the merged knowledge base.
GreenKB combines the two subsets: ENG brings
the breadth of engineering patterns, ALG the
reliability of physical measurement. They do not
overlap and share the same schema, so FAISS and
Neo4j index them uniformly, and all five systems
draw on the same base.

For KAG, each entry is additionally indexed in
Neo4j with the concept node, preconditions, and
effect magnitude of Section 3.3; Cypher traversal
then follows relational constraints across several
hops, which flat FAISS cannot.

Table 2 shows the shared entry schema.

Field Content

ID Unique identifier (prefix ENG_ or ALG_)
Language Python

Category Anti-pattern family label

Code before Original Python function

Code after Optimised, validated variant
Explanation Transformation rationale

Energy impact  heuristic estimate / measured ER (uJ)
Source ENG (heuristic) or ALG (measured)
Concept node (KAG) anti-pattern category node
Preconditions (KAG) validity predicates

Table 2: GreenKB entry schema. KAG additionally
indexes concept nodes and preconditions in Neo4j. All
other fields are shared.
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5 Experimental Protocol

5.1 Functional Validation

Every candidate passes a three-step gate before
benchmarking. First, a syntax check with Python’s
ast.parse. Second, signature preservation: the
function must keep its name and argument count.
Third, execution equivalence, which depends on
the kind of program. For CodeNet programs, we
pipe the original input to the optimised code in an
isolated subprocess with a 10-second timeout, and
require the output to match the original exactly. For
the GitHub projects, we re-run the full pytest suite
on the optimised codebase. The synthetic scripts
call random without a seed, so their output differs
from run to run by construction; for them, this last
step only requires the script to run to completion
in an isolated subprocess. A candidate failing any
gate is rejected and excluded from energy bench-
marking. Per-seed failures on the synthetic cases
are handled separately, as described in Section 5.3
and Appendix C.

5.2 Energy Measurement

All energy measurements in this paper come from
CodeCarbon v3.2.8, under Python 3.13, which esti-
mates CPU and RAM energy from execution time,
CPU load, and Thermal Design Power (TDP); the
RAPL/DRAM hardware counters that grounded the
ALG subset (Section 4.2) are not exposed by our
virtualised evaluation host. Because this estimate is
noisier than direct counters, we report for GitHub
the median of 10 repetitions with the interquartile
range (IQR), the spread of the middle half of those
repetitions, and treat any ER within the IQR of a
same-code control as noise, not a gain (Section 6.5).
Each benchmark series starts with one unmeasured
warm-up run of at least 1,000 calls.

On real projects, each pytest invocation costs 1.3
to 3.5 seconds, which drowns out function-level
differences of a few milliseconds. We therefore
benchmark each optimised function in its own pro-
cess and call it between 200,000 and 50 million
times, depending on its runtime, until the signal
stabilises.

For each system we report the energy of the
generated code, its inference cost (tokens, LLM
calls, latency), and its ER (Eq. 1), which tables
give as a percentage.

5.3 The IAG Metric
To jointly assess output quality and generation effi-

ciency, we introduce:

max (0, ER) x 100
1+ logo(T)

IAG = 2)

Here T’ is the total number of tokens, generated
plus retrieved. Both ER and T are computed the
same way: for each of the three synthetic cases
we first take the median over the five generation
seeds, then average the three per-case medians. Ap-
pendix B walks through the full computation.

When a seed fails the functional gate, we drop it
from that case’s median rather than counting it as
zero. In practice only LLM-only loses a seed this
way; counting that failure as zero would lower its
IAG from 17.5 to 16.6, a tie with RAG, and would
leave the top-two ranking unchanged (Appendix C).
We use max (0, ER) rather than the absolute value
so that a system that increases energy (negative
ER) scores zero, instead of being rewarded as if
it had saved the same amount. Every mean ER in
this paper is positive, so this choice changes no
reported number. Replacing log;, with log, leaves
the top-two ranking unchanged. A linear penalty
would not: it would mostly reward LLM-only for
retrieving nothing at all.

GitHub IAG. For the GitHub projects, Eq. 2 uses
the microbenchmark ER of Section 6.5. ER and
T are the median over the three projects, and a
project that fails the gate or stays within noise
counts as zero (it is not dropped, unlike a failed
seed in IAGgy,). In practice, a system needs a con-
firmed gain on at least two of the three projects to
score above zero: with only three projects, IAGgp
behaves more like a pass count than a fine-grained
score.

For IAGgy, we average across cases instead: two
of the three synthetic cases sit at a ceiling, so a
cross-case median would ignore the only case that
separates the systems. It would also swap the top
two (KAG 22.8, TeaRAG 21.8), one more reason
to read the synthetic margin as narrow.

Generalising IAG beyond code. Nothing in
Eq. 2 is code-specific: replace ER by any nor-
malised quality gain (a ROUGE gain in summarisa-
tion, a task-success gain in dialogue, a fluency delta
in data-to-text) and 1" its token cost, IAG transfers
unchanged.
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5.4 Statistical Analysis

The main corpus contains eight programs: the
five CodeNet submissions and the three synthetic
scripts. The two groups play different roles. The
CodeNet programs run too fast for their energy
gains to be measurable (a floor effect, Section 6),
so they probe functional robustness only; all energy
comparisons therefore rest on the three synthetic
scripts. With so few programs, significance tests
would be underpowered, so we treat every compar-
ison as exploratory and report medians and IQRs
rather than p-values.

For each synthetic case, every system generates
and measures its fix five times, once per seed (seeds
42 to 46; see Limitations). We report the median
over the five seeds for each case, and the mean of
the three per-case medians (Tables 4 and 5, Sec-
tion 5.3). CodeNet and GitHub results rest on a
single seed.

6 Results
6.1 Functional Pass Rate (RQ1)

Only TeaRAG clears every syntax and signature
gate. KAG matches it on the test gate, at 7 out of
8, and LLM-only fails mostly by breaking function
signatures (Table 3).

System Syntax Sig. Tests Pass
S1 LLM-only 6/8 4/8 3/8 3/8
S2 RAG 7/8 7/8 5/8 5/8
S3 KAG 7/8 7/8 7/8 7/8
S4 Agentic RAG 7/8 6/8 5/8 5/8
S5 TeaRAG 8/8 8/8 7/8 7/8

Table 3: Functional pass rate on the eight programs of
the main corpus (five CodeNet, three synthetic). GitHub
results appear separately in Section 6.5.

Syntax uses ast.parse; Sig. checks signature
preservation; Tests checks output hash (CodeNet)
or isolated execution (synthetic, Section 5), a case
passing if at least three of five seeds pass.

6.2 Energy and Time Gains (RQ1)

On the three synthetic scripts, mean ER ranges
from 69.9 % for LLM-only to 96.1 % for TeaRAG;
Table 5 gives the per-case breakdown. Two cases,
numpy-multi and sort/stats, are stable across seeds,
with IQRs below 8 points. Pandas/IO is not: its
IQRs range from 16.6 to 488 points (Limitations).
On the five CodeNet programs, the test inputs are
so small that every variant finishes too quickly to

measure, and ER stays near zero for all systems,
the same measurement floor that motivated our
production-scale protocol (Section 5.2). These pro-
grams therefore probe functional robustness, not
energy.

6.3 Inference Cost and IAG (RQ2)

Table 4 reports median token cost, latency, and IAG
per system.

System Tk.gen Tk.ret Calls Lat.(s) IAGyn IAGg
S1 LLM-only 1996 0 2 19.7 17.5 0.0

S2 RAG 1993 4594 2 27.9 16.6 0.0
S3 KAG 1380 2070 1 21.8 20.3 0.0
S4 AgenticRAG 2376 5637 3.5 41.5 18.0 0.0
S5 TeaRAG 2557 2815 6 19.2 21.1 6.1

Table 4: Inference cost and IAG (Eq. 2).

Tk.gen and Tk.ret are generated and retrieved to-
kens, Calls is the number of LLM calls, and Lat. is
latency. All four cost columns are medians over the
eight programs of the main corpus. IAGgy, applies
Eq. 2 to the three synthetic scripts (Section 5.3);
IAGgy, applies it to the three GitHub projects (Sec-
tion 6.5), where a project that fails the gate or stays
within noise counts as zero. LLM-only retrieves
nothing, hence its zero Tk.ret.

6.4 Results by Anti-Pattern Family (RQ3,
RQ4)
Table 5 breaks ER down per synthetic case.

Case S1 S2 S3 S4 Ss
99.7 99.8 99.7 99.7 99.9

numpy multi

sort/stats 99.7 98.2 98.6 98.8 99.6
Pandas /O  10.2* 31.8 66.9 56.7 88.8*
Mean' 69.9 76.6 88.4 85.1 96.1

* Median over four seeds; the fifth failed to run. § Unstable
across seeds (Limitations). T Mean of the three case medians;
this row feeds IAGyy, in Table 4.

Table 5: ER (%) per synthetic case: how much energy
each system’s fix saves. Each cell is the median over
five generation seeds.

6.5 GitHub Project Validation

Table 6 shows, for each system and project,
whether the refactored codebase still passes its test
suite and how many tokens the refactoring cost.
The IAGg column of Table 4 combines these out-
comes with the microbenchmark ER measured be-
low.

This section evaluates functional robustness
and token efficiency. We do not report ER at the
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ecc-pycrypto yandex-tracker itertable
Sys. Pass Tokens Pass Tokens Pass Tokens
S1 v 1430 x 14062 x 1549
S2 v 4373 x 35504 x 4821
3 vi 2310 x 23770 x 1695
S4 v 9354 x 50703 x 14834
S5 v 4950 v 19237 T 23774

1 Tests pass but ER is 1.1 % (within noise): the bit-shift
pattern lies outside KAG’s taxonomy. t Per-file rollback: 4 of
8 files keep their fix; v means no regression (26 passed, 1
pre-existing failure), not a fully green suite. Token counts
vary across runs (Limitations).

Table 6: GitHub validation: pass/fail and token cost
(generated + retrieved) per refactoring.

pytest level: framework overhead dwarfs function-
level differences (Section 5.2).

Production-scale microbenchmarks. The
pytest-level floor could mean two things: no gains,
or gains too small to measure. To decide, we
benchmarked each modified function in isolation,
at production-representative call counts, with
CodeCarbon (Section 5.2). Every system went
through the same standard pipeline, without TDO,
and we benchmarked gate-failed candidates as well,
unlike in IAGgp. On ecc-pycrypto, over 50 million
calls, the bit-shift fix saves 31.3 % for LLM-only,
25.8 % for RAG, 37.9 % for Agentic RAG, and
32.1% for TeaRAG. KAG leaves the operation
unchanged: an ER of 1.1 %, within noise. On
itertable, over 200,000 calls, only the KAG and
TeaRAG variants run at all (the others crash
outright at this scale, despite their pytest-level
results in Table 6) and both stay within noise
(ER 6.3% and 7.4%). On yandex-tracker, only
TeaRAG produces code that runs; over 300,000
calls per function, its three modified functions
reach a median ER of 36.1 %, a confirmed gain.
TeaRAG is thus the only architecture that passes
all three projects. Its gains are confirmed on two
of them, ecc-pycrypto and yandex-tracker, while
itertable stays within noise. Its per-file rollback
keeps 4 of itertable’s 8 files, and on yandex-tracker
it spends 1.8 to 2.6 times fewer tokens than RAG
or Agentic RAG (Table 6).

Maintainability: energy versus readability.
Saving energy can make code harder to read. To
check this, we score every ecc-pycrypto output
with radon’s maintainability index (MI), a 0-100
readability score where higher is better, averaged
per file. The two systems that save the most energy
also lose the most readability: TeaRAG’s MI falls

from 46.5 to 39.0 and Agentic RAG’s to 38.9, be-
cause their fixes wrap the original code in helper
functions. RAG barely moves (45.9), and KAG,
which leaves the code essentially unchanged, keeps
its MI intact. The yandex-tracker fixes show the
same pattern, from 38.5 to 35.7. Readability is
therefore a third dimension, independent of energy
and token cost, that IAG does not capture.

6.6 Qualitative Case Studies

Cases 1 and 2: a shared ceiling. The first two
scripts, four co-occurring numpy anti-patterns and
a quadratic sort, are solved by all five systems:
every median in the first two rows of Table 5 lies
above 98 %, with stable seeds. Even KAG, which
had failed the sort case in an earlier single-seed run
over a signature mismatch, passes on all five seeds
here. Once a pattern is easy to detect syntactically,
retrieval architecture stops mattering.

Case 3 (Pandas 1/0): the discriminating case.
The five Pandas patterns do separate the systems.
Agentic RAG reaches a median ER of 56.7 %,
against 88.8% for TeaRAG, which anchors to
ALG entries and rewrites the computation with
3D numpy broadcasting. Both retrieve a similar
amount of context (median 3,408 vs. 2,894 tokens),
so the gap comes from what they retrieve, not from
how much. This is also the case where every sys-
tem varies most from seed to seed (Limitations),
so we read this ranking as a tendency, not a fixed
value.

7 Discussion

TeaRAG best combines pass rate and quality
(RQ1). TeaRAG ties KAG on pass rate (7/8) but
leads on ER (96.1% vs. 838.4%). On GitHub,
TeaRAG alone passes all three functional gates and
delivers confirmed energy reductions at production
scale, reaching IAGg, =6.1. The others pass at
most one of the three projects (multi-file or API-
sensitive code), scoring IAGg, =0. Robustness and
energy gain only matter together. A system that
passes the tests but saves nothing, as KAG does on
ecc-pycrypto, is not worth deploying; neither is one
that saves energy but breaks the tests, as LLM-only
does. TeaRAG is the only system that delivers both
(see the rollback ablation below).

Ceiling effects leave H1 untested by Cases 1-2
(RQ3 inconclusive). On Cases 1 and 2, every
system lands near a 99 % ceiling (Section 6.6): the
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cases are too easy to tell structured retrieval apart
from flat similarity. The only informative case,
Pandas/IO, lies outside KAG’s taxonomy on paper,
and yet KAG’s median ER of 66.9 % is second only
to TeaRAG’s 88.8 %, although two of its five seeds
regress. This pilot therefore neither confirms nor
refutes H1.

Agentic loops may need execution feedback.
Agentic RAG’s median ER on the Pandas case,
56.7 %, trails TeaRAG’s 88.8 %. One plausible
reason is that, without an execution gate inside the
loop, multi-turn retrieval cannot tell a good trans-
formation from a poor one, but we did not test such
a variant directly. Both figures also vary substan-
tially from seed to seed (Limitations).

Performance varies by pattern family: no uni-
versal winner (closing RQ4, H3 supported). Ta-
ble 5 shows that no ranking holds across patterns.
TeaRAG leads on numpy-multi; LLM-only edges
it on sort/stats by 99.7 % to 99.6 %, a difference
within noise; and KAG is the closest competitor
on Pandas I/O. Combined with the maintainability
results (TeaRAG’s energy lead costs readability),
no system wins on every axis or pattern: TeaRAG
leads robustness and energy, KAG is cheapest, and
readability trades against both.

Cross-file rollback determines robustness on
real code. RAG, LLM-only, and Agentic RAG
all fail itertable for the same reason: one bad
rewrite among the eight files breaks the whole
project, and none of them can roll a single file back.
TeaRAG’s per-file rollback turns the same situa-
tion into a pass, keeping four of the eight files. To
check whether this is an orchestration effect rather
than a retrieval effect, we ran a one-off ablation
on yandex-tracker’s eight candidate files: given the
same per-file rollback, Agentic RAG passes too,
keeping five of eight. The GitHub results therefore
support TeaRAG’s overall pipeline design, not its
bounded retrieval alone.

Inference cost and the TeaRAG advantage
(H2 supported). Compared with Agentic RAG,
TeaRAG retrieves half the context (2,815 vs. 5,637
tokens) and answers in less than half the time
(19.2s vs. 41.5 s), with a better mean ER (96.1 %
vs. 85.1%). It is even slightly faster than LLM-
only (19.2 s vs. 19.7 s) despite making three times
as many calls, because each call is narrower in
scope; it does generate a few more tokens than

Agentic RAG (2,557 vs. 2,376). IAGsy, sum-
marises the picture: 21.1 for TeaRAG, 18.0 for
Agentic RAG, 16.6 for RAG. KAG comes within
0.8 point, at 20.3, and at a lower token cost than
either, but only on the synthetic subset. On GitHub,
only TeaRAG scores above zero (IAGg, 6.1 against
0.0 for KAG).

Amortisation: is generating the fix worth it?
IAG says nothing about whether a fix’s savings
ever repay the cost of generating it. TeaRAG’s
three yandex-tracker fixes save 26.8 J over 300,000
calls each (Section 6.5), and cost 19,237 tokens to
produce. The savings therefore repay the gener-
ation cost only if producing one token costs less
than about 1.4 mJ. Published estimates of per-token
inference energy (Dauner and Socher, 2025) sit
orders of magnitude above this threshold, so at
the benchmarked volumes the fixes do not yet pay
for themselves. The generation cost is paid once,
however, while the savings grow with every call:
energy-aware refactoring amortises on hot paths
called far more often.

Transfer to other NLG tasks. Our framework
needs three things from a task: a way to reject
wrong outputs, a quality gain, and a token count.
Code makes the first one easy, since a test either
passes or fails. Other NLG tasks have their own
way to reject outputs: a data-to-text description that
invents or omits facts, a summary that contradicts
its source, a dialogue turn that fails to complete the
task. With such a check in place, IAG applies as
described in Section 5.3. The one difference is that
these checks are less exact than a test suite, so the
pass rate becomes an estimate rather than a count.

8 Conclusion

We presented, to our knowledge, the first controlled
comparison of four knowledge-grounded NLG
pipeline architectures and an LLM-only baseline
for energy-aware code refactoring under joint cor-
rectness, quality, and efficiency constraints. With
one knowledge base, one backbone LLLM, and one
protocol shared across 11 programs, we find that
performance is driven as much by orchestration as
by retrieval strategy.

Three findings stand out. First, only TeaRAG
passes all three GitHub gates, with confirmed
energy gains on two projects; every other sys-
tem passes at most one. The rollback ablation
shows that this robustness comes from an orches-
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tration mechanism that other pipelines could adopt;
TeaRAG’s own edge is its lower context use and
latency. Second, over five seeds per synthetic case,
TeaRAG obtains the best IAGgy, at 21.1, with KAG
close behind at 20.3. Third, two of the three syn-
thetic cases prove too easy to separate KAG from
RAG, and the discriminating one, Pandas/IO, is
unstable across seeds, leaving H1 open.

Both the findings and the IAG metric extend
beyond code, to any knowledge-grounded, cost-
constrained NLG system; future work includes
other languages, larger codebases, and dynamic
routing between KAG and TeaRAG.

Limitations

This pilot covers Python only, leans towards al-
gorithmic patterns, and needs replication at larger
scale. All results rest on a single backbone LLM.
The synthetic gate only checks that the script runs
(Section 5); a follow-up check at sub-function level
found semantic divergences in 3 of the 75 gen-
erated fixes, none produced by TeaRAG. Our en-
ergy numbers are software estimates on isolated
functions, not hardware measurements of whole
programs: our virtualised host exposes no RAPL/-
DRAM counters, and pytest-level gains drown in
framework overhead (Section 5.2). As a safeguard,
any ER smaller than the run-to-run spread of un-
changed code counts as noise. Sub-second runs exe-
cute in a separate process to keep the tracker’s over-
head out of the reading. Finally, generation is non-
deterministic even at a fixed seed, because NVIDIA
NIM’s GPU kernels vary between runs (Yuan et al.,
2025); the Pandas/IO case is bimodal across seeds;
GitHub and CodeNet results rest on a single seed;
and the LL.M judge used in the agentic loops was
not itself validated.

Data and Code Availability

This work was conducted as part of an indus-
trial R&D project.  GreenKB, the per-case
synthetic and CodeNet result files underlying
Tables 3-6, the IAG computation script, and
the five system implementations (RAG, KAG,
Agentic RAG, TeaRAG, LLM-only) are avail-
able at https://github.com/Youssef-0ub/
inlg2026-rag-refactoring and archived on
Zenodo (https://doi.org/10.5281/zenodo.
22656427) under an MIT licence (code) and
CC BY 4.0 (data). The three GitHub projects used
as real-world targets are third-party open-source

repositories (Ethical Considerations) and are not
redistributed.

Ethical Considerations

This work uses LLMs to generate code refactor-
ings. Each output is evaluated using the appli-
cable functional gate: pytest for GitHub projects,
output-hash equivalence for CodeNet, and success-
ful isolated execution for synthetic scripts. Be-
cause the synthetic execution gate is weaker, we do
not treat it as proof of full semantic equivalence,
as discussed in the Limitations. Energy measure-
ments are comparative, controlled-environment
values, not ground-truth carbon or deployment
recommendations. We built GreenKB from pub-
licly available benchmark datasets (MBPP, Mer-
cury, HumanEval) and open-source static analysis
rules (SonarQube/CAST) under their respective
open licenses. The real project repositories (ecc-
pycrypto, itertable, yandex-tracker-exporter) are
MIT or Apache-licensed open-source projects se-
lected without author involvement.
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A KAG Anti-Pattern Taxonomy

Table 7 lists the 7-category taxonomy used to struc-
ture the shared anti-pattern detection prompt (all
five systems) and to build KAG’s concept nodes
(Section 3.3): KAG projects each detected anti-
pattern onto one of these categories before retriev-
ing examples, preconditions, and transformation
constraints attached to that concept node.

Category Scope

Algorithms Sorting, search, traversal complexity
Data structures  List/dict/set/heap choice

Loops Nested loops, redundant iteration
Memory Unnecessary allocations, copies

/0 File reads, network calls
Computation Redundant/repeated arithmetic
Libraries Suboptimal standard-library usage

Table 7: The 7-category anti-pattern taxonomy shared
by the detection prompt and KAG’s concept graph (Sec-
tion 3.3).
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B Per-Case Synthetic ER and Token Cost

Table 8 lists, for each synthetic case and each sys-
tem, the median ER and the median total token
count 7" over the five generation seeds. These are
the raw values behind Table 5 and behind IAGgy,
in Table 4, and they suffice to reproduce both.

The recipe has two steps. First, average each
system’s three median ER values: for TeaRAG, the
mean of 99.9, 99.6, and 88.8 is 96.1, which is the
mean row of Table 5. Second, average the three
median token counts the same way and apply Eq. 2:
for TeaRAG the mean 7' is 3,560, so IAGgy, =
96.1/(1 + log 3,560) ~ 21.1, the value reported
in Table 4. The same two steps give KAG its 20.3
(mean ER 88.4, mean T’ 2,236).

Case Sys. ER (%) T
numpy multi S1 99.7 904
S2 99.8 4047
S3 99.7 2116
S4 99.7 4076
S5 99.9 2784
sort/stats S1 99.7 751
S2 98.2 3900
S3 98.6 1300
S4 98.8 7232
S5 99.6 3641
Pandas I/O  S1 10.2* 1364
S2 31.8 4688
S3 66.9 3292
S4 56.7 4792

S5 88.8% 4256

Table 8: Median ER and median total tokens 7" for each
synthetic case and system, over the five generation seeds.
x and § as in Table 5.

C IAGg, When a Failed Seed Counts as
Zero

When a seed fails the functional gate, Section 5.3
drops it from that case’s median. One could object
that dropping failures flatters the failing system.
This appendix therefore recomputes IAGgy, under
the harsher rule: a failed seed stays in the median
and counts as zero, as if the fix saved no energy at
all. Table 9 compares the two rules, from the same
per-seed data as Appendix B.

Only LLM-only ever fails the gate (one Pandas
I/0 seed). Under the zero rule its mean ER weakens
from 69.9 % to 66.5 % and its IAGgy, drops from
17.5 to 16.6, a tie with RAG instead of a small
lead. Every other system keeps its score, since
none of their seeds fail. The choice of rule therefore

changes nothing above LLM-only: TeaRAG stays
first and KAG second either way, and Agentic RAG
stays ahead of LLM-only in both settings.

System Failed seed dropped  Failed seed = 0
S1 LLM-only 17.5 16.6
S2 RAG 16.6 16.6
S3 KAG 20.3 20.3
S4 Agentic RAG 18.0 18.0
S5 TeaRAG 21.1 21.1

Table 9: IAGgy, (Eq. 2) under the two treatments of a
gate-failing seed. The left column is the rule used in
Table 4; only LLM-only is affected, because it is the
only system with a failed seed.
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