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Abstract

We study how a small machine translation
model should allocate a fixed data budget be-
tween parametric training and retrieval memory.
We define a shared 100M-token corpus-access
ledger that charges pretraining, fine-tuning,
and retrieval-datastore tokens alike. Using
~42M-parameter models, we compare three
uses of the same per-pair datastore across 12
directed pairs of English, Chinese, Japanese,
and Korean: leaving it unused, training on
it, or retrieving from it into the prompt. We
evaluate retrieval additivity across all 12 pairs
and analyze retrieval-conditioned behavior in
a four-pair core set. Retrieval shows no con-
sistent additive gain over simply not using
the datastore, a result that persists under an
off-budget dense retriever and pools up to ap-
proximately 1000x larger. On the four-pair
core set, retrieval-trained models are never-
theless highly context-dependent: removing
retrieved examples causes large score drops,
while replacing them with query-unrelated,
count-matched same-pair examples recovers
nearly the full score. This suggests that the
learned dependence is primarily on exemplar-
shaped context rather than on query-specific
information carried by the retrieved neigh-
bors. Our training and evaluation code is
available at https://github.com/kheesu/
retrieval-without-relevance.

1 Introduction

Retrieval-augmented systems are often evaluated
by holding a model’s training data fixed while
granting access to an additional datastore. Such
comparisons show whether retrieval helps with
extra corpus access, but not whether the same
data would be more useful if incorporated into the
model’s parameters. Prompt-level retrieval intro-
duces a second attribution problem: any observed
effect may arise from the information in the se-
lected neighbors or from the model’s dependence

The model needs an example,

not the nearest neighbor

Same retrieval-trained model; only the prompt context changes
Chinese—English - 100k fine-tuning pairs

SOURCE (ZH)
XABNRUGERBIRMH T KENEEMME, BTN
ERRARE R,

REFERENCE

This provides us with a lot of information and material
to build simulation models which help us to understand
processes in our mind.

NEAREST RETRIEVED EXAMPLE (1 OF 3 IN PROMPT)
“We believe that it provides the basis for a good
compromise.”

No datastore = retrieved = random > example removed

NO DATASTORE (S-only) separately trained, no retrieval
This provides a great deal of information and materials
to help us understand the processes of the brain.
RETRIEVED EXAMPLE (Retrieve-D) nearest example in prompt
This provides a large number of information and
materials to help us understand the processes of the
brain.

RANDOM EXAMPLE (Random-context) unrelated, same slot
same as Retrieved example except “number” - “amount”

EXAMPLE REMOVED (No-context) context slot deleted
That is, for example, for instance, in the context of
the biennium, and for example in the biennial process.

CORPUS chrF (FLORES test, 3 seeds)
No datastore 34.8 - Retrieved example 34.4
Random example 34.4 - Example removed 18.1

Figure 1: Query-matched neighbor identity is unnec-
essary in this example, but exemplar-shaped context
is required. For a held-out FLORES zh—en exam-
ple, the retrieval-trained RETRIEVE-D model translates
correctly whether conditioned on its nearest datastore
match or on a query-unrelated, count-matched same-pair
example, but degenerates once the demonstration slot
is removed. An independently trained S-ONLY model
matches these outputs without ever seeing the datastore.
Selection protocol in Appendix H.

on the presence of exemplar-formatted context. It
therefore remains unclear whether retrieval func-
tions as useful external memory or merely changes
the prompt interface that the model learns to ex-
pect.

We study these questions in machine transla-
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tion, where parallel sentence pairs can be used di-
rectly either for supervised training or as retrieved
prompt context. Using ~42M-parameter decoder-
only models, we evaluate all 12 directed pairs
among English, Chinese, Japanese, and Korean un-
der a shared 100M-token corpus-access budget cov-
ering pretraining, fine-tuning, and datastore tokens.
The budget is the BabyLLM Challenge’s 100M-word
data limit (Warstadt et al., 2023), extended so that a
retrieval datastore is charged like any other corpus
(Section 3.2); we ask the challenge’s question—
what a fixed, small corpus is best spent on—for
a system that can hold data outside its weights.
For each pair, the same datastore is either left un-
used, incorporated through supervised training, or
retrieved into the prompt. To distinguish neighbor
information from interface dependence, we addi-
tionally evaluate the retrieval-trained checkpoints
after removing the retrieved context or replacing it
with count-matched random examples.

This evaluation yields three main findings. First,
prompt-level retrieval exceeds the no-datastore con-
trol by at most +0.5 chrF across 36 pair—budget
cells and is non-positive in 30. This pattern persists
with a dense retriever and retrieval pools approxi-
mately three orders of magnitude larger. Training
on the datastore, by contrast, usually performs best
in the most data-scarce regime, improving over the
no-datastore control by +5.8 to +18.1 chrF on 10
of 12 pairs at the 1k-pair budget, with gains dimin-
ishing as supervised data increases.

Second, on the four-pair core set where we
ran inference-time probes, retrieval-trained mod-
els nevertheless depend strongly on their prompt
interface: removing context causes losses of up
to 16.4 chrF, whereas query-unrelated same-pair
examples—count-matched on all four pairs and ex-
actly length-matched on en<+zh—recover nearly
the full score. The models therefore learn to require
exemplar-shaped context rather than to use relevant
neighbors.

Third, whenever retrieval outperforms training
on the datastore, the latter falls below the no-
datastore control, showing how baseline degrada-
tion can be mistaken for retrieval value. Our claims
are limited to prompt-level retrieval in small MT
models trained from scratch.

Our contributions are:

e a shared corpus-access ledger and no-
datastore control for comparing training and
retrieval under a fixed data budget;

* evidence across 12 directed translation pairs
that prompt-level retrieval shows no consis-
tent gain over leaving the datastore unused,
whereas incorporating the datastore through
fine-tuning primarily helps when supervision
is scarce;

* random-context controls on the four-pair core
set, plus an exact length-matched control
on en<>zh, showing strong dependence on
retrieval-shaped context but weak dependence
on query-relevant neighbors; and

* an artifact-qualified attribution analysis illus-
trating how a degraded datastore-trained base-
line can produce an apparent retrieval gain.

2 Related Work

Retrieval as external memory. kKNN-LM (Khan-
delwal et al., 2020) and kNN-MT (Khandelwal
et al., 2021) interpolate a parametric model with a
nearest-neighbor datastore at the token level; RAG
(Lewis et al., 2020) and REALM (Guu et al., 2020)
retrieve passages into a generation or masked-LM
objective; RETRO (Borgeaud et al., 2022) condi-
tions a language model on retrieved chunks during
pretraining; and MassiveDS (Shao et al., 2024)
treats datastore scale itself as an axis of improve-
ment. These results are typically reported without
charging the datastore against the model’s training
data budget, so a gain from retrieval and a gain
from more data are not distinguished. We adopt
the substitution framing but make the accounting
explicit: under a fixed corpus budget, datastore
tokens are charged to the same ledger as training
tokens, so retrieval competes with training for data
rather than adding to it.

Retrieval-augmented machine translation.
Translation memory and example retrieval have
a long history in MT: neural systems have retrieved
and fused matched translation-memory segments
(He et al., 2021), retrieved monolingual target-side
memory (Cai et al., 2021), and used contrastive
retrieval to select memory examples (Cheng et al.,
2022). Hao et al. (2023) show that naively retrieved
translation examples can backfire in low-resource
settings, motivating our no-datastore and random-
content controls rather than an assumption that re-
trieval is neutral-or-better by default. Dictionary-
augmented NMT (Ghazvininejad et al., 2023) tar-
gets rare or unseen words specifically; we adapt
this as a secondary, more narrowly scoped arm.

Random demonstrations as a control. Min
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/FLORES-200"
P m‘\ held out |

one 100M-token ledger per directed pair

P: Wikipedia pretraining (78—-84M tokens)

S fine-tuning pairs, 1k C 10k C 100k (+1k val.)
D: datastore, disjoint from S, capped to remainder
L: dictionary (secondary arm, App. F)

Condition S D Context
S-ONLY train — none
TRAIN-ON-D train train none
RETRIEVE-D train  prompt  top-3 retrieved

NO-CONTEXT RETRIEVE-D ckpt none

RANDOM-CONTEXT RETRIEVE-D ckpt 3 random same-pair

Figure 2: Data pools and conditions. Top: resources
accessible to each condition are charged against a single
100M-token ledger; the diagram shows the pretraining
pool P, fine-tuning pool S, datastore D, and (dictionary
arm only) lexicon L. Bottom: how each condition uses
S'and D. All conditions share P through one pretrained
base per pair. NO-CONTEXT and RANDOM-CONTEXT
are inference-only probes on the trained RETRIEVE-D
checkpoint.

et al. (2022) show that in-context learning is often
insensitive to the correctness of demonstration la-
bels: replacing gold labels with random ones barely
hurts few-shot performance, implicating the format,
input distribution, and label space of the demonstra-
tions rather than their content. This complements
work that instead retrieves or selects demonstra-
tions to improve in-context learning (Liu et al.,
2022; Rubin et al., 2022); our random-context
control asks the analogous relevance question for
neighbor identity in a retrieval-conditioned regime
and finds the same qualitative answer.

3 Evaluation Framework

3.1 Allocation Systems and Contrasts

Each directed pair has three disjoint data pools,
all charged to one ledger (Figure 2): a pretraining
pool P, a parallel fine-tuning pool S, and a par-
allel datastore D. We compare three uses of D:
leaving it unused (S-ONLY), incorporating it into
supervised fine-tuning (TRAIN-ON-D), or using it
for prompt-level retrieval during fine-tuning and in-
ference (RETRIEVE-D). The three trained systems
share the same architecture, tokenizer, and frozen
decoding configuration (Section 4), but differ in
how they use the datastore. NO-CONTEXT and
RANDOM-CONTEXT reuse the trained RETRIEVE-
D checkpoint and modify only its evaluation-time
context.

RETRIEVE-D — S-ONLY measures the additive
value of making the datastore available through re-
trieval. TRAIN-ON-D — S-ONLY measures the
effect of incorporating it into supervised fine-
tuning, while TRAIN-ON-D — RETRIEVE-D is
the direct allocation contrast. NO-CONTEXT mea-
sures dependence on the trained prompt inter-
face, whereas RANDOM-CONTEXT tests whether
that dependence requires query-relevant neighbors.
These contrasts assume a shared accounting of data,
which we define in the next section.

3.2 Shared data ledger

All model-facing data are charged to one ledger:
pretraining tokens, supervised fine-tuning tokens,
datastore tokens, and dictionary tokens.

B. = N(P)+N(S.)+IP N(D)+IF N(L) < 100M,

where N (X) is the number of BPE token occur-
rences in the deduplicated records of resource X,
counted over both source and target sides; P, S.,
D, and L are the pretraining, fine-tuning, datas-
tore, and dictionary resources; and I”, I'* indicate
whether condition ¢ has access to D, L at all. This
ledger is our extension of the BabyLM data budget
(Warstadt et al., 2023) to systems that hold data
outside the weights; its relation to the official word-
based rule is discussed in the Limitations section.
Token occurrences are charged once per accessible
resource per condition, so an epoch-trained model
and a repeatedly queried datastore are comparable.
This makes retrieval an allocation decision rather
than an extra-data decision: the same datastore to-
kens can be left unused, used for training, or held
in a lookup table. We keep these uses mutually
exclusive across our five conditions so that no con-
dition both trains on D and retrieves from it. The
ledger’s own accounting would not forbid a com-
bined condition, and we leave that hybrid to future
work.

3.3 Retrieval and prompting

RETRIEVE-D’s retriever uses TF-IDF over the data-
store’s source side, with language-aware tokeniza-
tion for all languages, shared with the dictionary
arm of Appendix F (kiwipiepy using the default
model for Korean, jieba with its default dictionary
for Chinese, and fugashi with the unidic-lite dic-
tionary for Japanese), and prepends the top-k=3
retrieved examples to the source sentence before a
translation marker and the target; the fine-tuning
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loss is computed on target tokens only, so retrieval
shapes conditioning without itself being a predic-
tion target. This lexical retriever is budget-clean
by construction; we additionally report a LaBSE
(Feng et al., 2022) dense retriever as an off-budget
upper-reference and find it indistinguishable from
the lexical retriever (Section 5.3). The rationale
for treating LaBSE as off-budget and the prompt
template are given in Appendix C.

4 Experimental Setup

Languages and pairs. We study English (en), Chi-
nese (zh), Japanese (ja), and Korean (ko), evaluat-
ing directed translation across all 12 directed pairs:
both directions of en<>zh, en<+ja, en<+ko, zh<+ja,
zh<ko, and ja<rko. A core set of four pairs
(en<>zh, ko<»zh) receives the full 3-seed design
(S-ONLY, TRAIN-ON-D, RETRIEVE-D, plus the
two inference-only probes) and anchors the main
results; the S-ONLY control is extended to the re-
maining 8 pairs to test generalization (Section 5.1);
and a breadth grid crosses TRAIN-ON-D, a sec-
ondary dictionary-retrieval arm (DICT-RETRIEVE;
Appendix F), and a LaBSE-retriever RETRIEVE-D
over all 12 pairs for external validity (Appendix B).
Chinese is normalized to Simplified throughout.
Cross-pair comparisons are descriptive only, since
data sources and domains differ by pair.

Data. Each directed model is charged for pre-
training, fine-tuning, and datastore tokens under
the 100M-token ledger of Section 3.2. Pretrain-
ing uses language-specific Wikipedia. Parallel
data are pair-specific: the Korean-pivot CJK pairs
(ko<>zh, ko<+ja) use AI-Hub corpora; en<+ko com-
bines AI-Hub with WikiMatrix (Schwenk et al.,
2021); en<»zh combines MultiUN (Eisele and
Chen, 2010), WikiMatrix, and Tatoeba; and en<—+ja
and zh<+ja use WikiMatrix alone. Within each pair,
fine-tuning examples and the retrieval datastore are
disjoint; for the Korean-pivot CJK pairs they addi-
tionally come from different registers of the same
corpus (literary books for fine-tuning, broadcast
captions for the datastore), a mismatch Section 5.4
returns to. The test set is FLORES-200 devtest
(NLLB Team et al., 2022) (1,012 sentences per
pair), held out and not counted against the bud-
get; a confirmatory re-evaluation additionally uses
FLORES-200 dev (997 sentences per pair), like-
wise held out and off-budget (Section 5.2, Ap-
pendix E). Datastores are token-capped per pair
so that every trained system remains within budget.

Full provenance, licenses, exact source mixtures
and counts, per-pair budget accounting, and the
contamination audit are in Appendix A.

Model. Every condition and pair uses the same
architecture: a GPT-2-style (Radford et al., 2019)
decoder-only Transformer, 8 layers, 512 hidden,
~42M parameters, trained from scratch, with a
corpus-driven 32k-vocabulary BPE (Sennrich et al.,
2016) tokenizer trained on the pretraining corpus.
Each translation pair is fine-tuned from a pretrained
base whose BPE covers the pair’s scripts; all con-
ditions for a directed pair share the same base, so
any difference between conditions is attributable to
how the datastore is used rather than to architecture
or tokenization. Pretraining is capped at 78—84M
tokens per base so that pretraining, fine-tuning, and
datastore tokens jointly fit under the 100M-token
ledger (Appendix A).

Training and decoding. Supervised fine-tuning
budgets are nested, 1k C 10k C 100k pairs, with
a shared held-out validation split. Training uses 3
fine-tuning seeds per core-set cell, and the breadth
grid uses 3 seeds throughout; in the extended no-
datastore control (Section 5.1) the TRAIN-ON-D
and RETRIEVE-D arms use 3 seeds, the S-ONLY
control uses 3 seeds on a subset of borderline cells
and a single seed elsewhere (Appendix C), and
other descriptive sweeps are single-seed where
noted. All conditions, budgets, and seeds share
one frozen decoding configuration (beam search,
beam width 4), so decoding differences can never
confound a cross-condition comparison. Because
TRAIN-ON-D runs the same number of epochs over
S U D, it receives more optimizer updates and
cumulative token exposure than the other trained
conditions. All seed variation is in supervised fine-
tuning; every condition for a given pair shares one
pretraining run, so cross-seed confidence intervals
capture fine-tuning randomness and understate total
run-to-run variance, and results are conditional on
one pretrained base per pair (see Limitations). Op-
timizer settings, checkpoint selection, beam-search
details, the seed-allocation rule for the extended
S-ONLY control, and a repetition-control decision
made before the evaluation grid ran are given in
Appendix C.

Metrics and significance. The headline met-
ric is plain chrF (Popovi¢, 2015) (sacreBLEU
(Post, 2018) CHRF, word_order=0); BLEU (Pa-
pineni et al., 2002), TER (Snover et al., 2006),
COMET (Rei et al., 2020), and chrF++ (Popovié,
2017) are secondary and reported in Appendix D,
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pair  budget S-only Train-D Retr-D Rand-ctx No-ctx ATrain ARetr
zh-en 1k 17.9 36.0 16.7 17.3 156 +18.1 —1.2
zh-en 10k 26.9 35.8 25.4 24.9 16.9 +89 —1.5
zh-en 100k 34.8 36.6 344 34.4 18.1 +19 —-03
en-zh 1k 3.8 16.9 3.6 2.5 22 +131 0.2
en-zh 10k 9.9 16.9 9.1 8.4 4.4 +7.0 —0.8
en-zh 100k 15.9 17.7 15.8 15.5 5.0 +1.8 —-0.2
ko-zh 1k 5.0 37 4.6 4.3 33 —-13 -04
ko-zh 10k 10.0 8.3 9.8 9.7 4.9 —-1.7 -02
ko-zh 100k 14.4 13.5 14.3 14.3 5.1 -09 -02
zh-ko 1k 6.0 5.4 6.0 5.7 4.4 —0.6 0.0
zh-ko 10k 11.3 6.4 11.0 11.0 6.4 —-49 -03
zh-ko 100k 15.1 14.1 14.9 14.8 4.1 —-1.0 -02

Table 1: Core-set attribution results (3-seed means, plain chrF). S-only = S-ONLY, Train-D = TRAIN-ON-D, Retr-D
= RETRIEVE-D, Rand-ctx = RANDOM-CONTEXT, No-ctx = NO-CONTEXT (Figure 2). ATrain = Train-D — S-only;
ARetr = Retr-D — S-only. Deltas are computed from unrounded seed means. ko<+zh TRAIN-ON-D values use the
original datastore; values after removing its markup artifact are in Appendix G. All twelve ATrain 3-seed Student-¢

95% Cls exclude zero; six of twelve ARetr CIs do, all negative (Appendix D).

where the core-set results are also confirmed metric-
robust. Primary contrasts are within-pair paired
deltas on the same FLORES sources, aggregated
across seeds with Student-t 95% confidence inter-
vals, with false-discovery-rate control across the
family of per-seed tests (Appendix D).

The dictionary-retrieval arm is confined to the ap-
pendices (Appendix F; Table 7) because coverage
collapsed with budget and a tokenizer mismatch
prevented a clean retrieval-quality interpretation.

5 Results

Unless otherwise stated, all scores are plain chrF on
FLORES-200 devtest (n = 1,012), decoded with
the frozen configuration of Section 4, and reported
as 3-seed means; single-seed cells are marked ex-
plicitly.

5.1 Retrieval adds no value over the
no-datastore control

Table 1 compares the no-datastore control (S-
ONLY) with TRAIN-ON-D (datastore baked into
weights) and RETRIEVE-D (datastore retrieved,
budget-clean lexical retriever), together with the
two inference-only probes.

Retrieval does not beat the no-datastore control
on the core set. ARETRIEVE-D lies between
—1.5 and 0.0 chrF in every core-set cell. This
holds for the budget-clean lexical retriever, for the
LaBSE upper-reference, and under every secondary
metric (Appendix D). Holding the datastore in a
retriever is at best neutral, and typically slightly
negative, relative to not having the datastore at all.

TRAIN-ON-D gains diminish with additional su-
pervision. On en<>zh, ATRAIN-ON-D is +13 to
+18 chrF at 1k and shrinks monotonically to +1.8
and +1.9 at 100k, never turning negative. ko<>zh
is the outlier: ATRAIN-ON-D is negative at ev-
ery budget (—0.6 to —1.7), with one deeper, seed-
unstable cell (zh-ko 10k, —4.9) partly traced to a
datastore artifact in Appendix G.

The null generalizes to all 12 pairs. Extending
the S-ONLY control to the remaining 8 pairs (Ta-
ble 2) yields ARETRIEVE-D < +0.5 chrF in all
24 new cells; 21 of 24 are < +0.1. Across all 36
pair—budget cells, 30 deltas are non-positive and 34
are at most +0.2. In these 24 cells RETRIEVE-D is
the LaBSE variant from the breadth grid, since the
lexical retriever is instantiated only on the core set;
the extension therefore tests the qualitative pattern
rather than the budget-clean accounting. Where
both retrievers were run, they differ by at most 0.1
chrF (Section 5.3). The largest positive delta (en-ja
at 1k, +0.5) survives a 3-seed re-run (S-ONLY range
across seeds 0.11; per-seed A +0.42 to +0.50) but
sits at an absolute chrF of /5, well below usable
translation quality. Nowhere does retrieval beat the
no-datastore control at a budget where the systems
are usable.

5.2 Context is required; retrieval relevance is
not

The analysis in this section uses only the four core
pairs, on which the inference-time probes were run;
the eight-pair extension of Section 5.1 tests the null,
not the mechanism.
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pair budget ~ ATRAIN-ON-D ARETRIEVE-D

en-ja 1k/10k/100k +12.4/+7.6/+2.0 +0.5/—-0.9/-0.3
ja-en 1k/10k/100k +15.7/+9.2/+2.1 —0.1/—-1.6/—-0.6
en-ko 1k/10k/100k +10.3/+6.4/+1.7 +0.1/—-0.7/-0.1
ko-en 1k/10k/100k +16.6/+89/+2.2 +0.3/—-1.7/-0.7

ja-ko 1k/10k/100k +9.8/+3.3/+1.0 —0.4/—-0.3/-0.3
ko-ja 1k/10k/100k +8.0/+2.1/+0.4 —0.7/-0.3/0.0
ja-zh  1k/10k/100k  +5.8/+3.4/+1.0 —-0.4/+40.1/+0.1
zh-ja 1k/10k/100k +6.9/+4.9/+0.7 —-0.3/0.0/+0.2

Table 2: No-datastore control extended to the remaining
8 pairs, all vs. S-ONLY (plain chrF). TRAIN-ON-D and
RETRIEVE-D are 3-seed means; S-ONLY is 3-seed on
the 10 borderline cells and single-seed elsewhere (Ap-
pendix C). RETRIEVE-D here is the LaBSE-retriever
variant (Section 5.3). With Table 1 this covers all 12
directed pairs.

Removing context collapses performance.
Stripping retrieved context from the trained
RETRIEVE-D checkpoints (NO-CONTEXT, same
frozen decoding) costs 16.4 chrF at zh-en 100k
(34.4 — 18.1), 10.8 at en-zh 100k, 9.2 at ko-zh
100k, and 10.8 at zh-ko 100k (Table 1). The model
is strongly conditioned on retrieval-shaped input;
it is not ignoring the datastore.

Replacing query-matched neighbors with ran-
dom same-pair examples costs almost nothing.
RANDOM-CONTEXT feeds the same checkpoints
count-matched random datastore pairs and recov-
ers essentially the full RETRIEVE-D level at 10k
and 100k: within 0.3 chrF on every 100k cell and
within 0.7 at 10k. At 1k the gaps are larger rela-
tive to the low absolute scores but mixed in sign:
—1.1 on en-zh, +0.6 on zh-en. The dependency
decomposes cleanly:

S-ONLY =~ RETRIEVE-D =~ RANDOM-CONTEXT
> NO-CONTEXT.

The model therefore depends strongly on the
retrieval-trained exemplar format, while the iden-
tity of the query-matched neighbor contributes lit-
tle. Importantly, RANDOM-CONTEXT draws ex-
amples from the same directed language pair: it
breaks query relevance while preserving language-
pair identity and parallel-example structure. We
therefore interpret this control as evidence against
strong dependence on nearest-neighbor relevance,
not as evidence that arbitrary context would suffice.
“Exemplar-shaped context” should accordingly be
read as the retrieval-time format together with what-
ever pair-level information same-pair exemplars
carry; separating the two would require cross-pair
or non-parallel contexts, which we did not run (see

Limitations). For a model fine-tuned into the de-
pendency, this parallels the random-demonstration
result of Min et al. (2022). The ordering also holds
under BLEU, TER, and COMET (Appendix D);
the headline is not a chrF artifact.

The result survives exact length matching.
RANDOM-CONTEXT matches the number of re-
trieved exemplars but not their length, so we con-
firm the result with a length-matched control (LM-
RANDOM): in a confirmatory re-evaluation on
FLORES-200 dev, with the same checkpoints and
frozen decoding, the three retrieved exemplars are
replaced by random datastore pairs whose rendered
BPE length exactly matches the retrieved ones’
(Appendix E). The 100k ordering replicates on
this confirmatory split: RETRIEVE-D—S-ONLY
stays within [—0.19, 4-0.13] chrF on all four core-
set pairs, RANDOM-CONTEXT stays within —0.2 of
RETRIEVE-D, and NO-CONTEXT again collapses
(Table 8, Appendix E). At 100k, LM-RANDOM
sits only 0.14 (en—zh) and 0.25 (zh—en) chrF be-
low RETRIEVE-D, against losses of 10.9-16.9 chrF
on these two pairs when context is removed: most
retrieval-conditioned performance does not depend
on neighbor identity even with exemplar length
held fixed. On zh—ko dev, a sizable fraction of
stripped-context outputs are empty strings rather
than fluent-but-wrong translations (Appendix E);
NO-CONTEXT reflects dependence on the retrieval-
conditioned interface, not productive use of re-
trieved information.

5.3 Robustness: retriever quality and
datastore size

Two potential confounds could explain the null
of Section 5.1: a retriever that is too weak, or a
datastore that is too small.

Retriever quality. Table 3 compares the budget-
clean lexical retriever against the off-budget
LaBSE-dense reference on five cells. Differences
range from —0.07 to +0.09 chrF, within cross-seed
variation. Two consequences follow: the budget-
clean retriever gives up nothing measurable relative
to the off-budget one, so no accounting exception
for a pretrained retriever is needed; and the non-
additivity of Section 5.1 is not attributable to re-
triever weakness in these cells. This is consistent
with the null being about neighbor relevance rather
than retriever strength (Section 5.2), though it does
not bound an oracle or task-trained retriever.
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Figure 3: RETRIEVE-D chrF vs. datastore size | D| (log scale, single seed per point), fixed S = 10k, against the
S-ONLY control. Every curve stays below its control level across a ~1,000x range of | D|; only the in-domain zh-en

lexical sweep shows a mild, plateauing slope.

pair budget lexical LaBSE lex.—LaBSE
zh-ko 10k 10.97 11.02 —0.05
zh-ko 100k 14.90 14.98 —0.07
ko-zh 100k 14.25 14.25 0.00
zh-en 100k 34.44 34.46 —0.02
en-zh 100k 15.75 15.66 +0.09

Table 3: RETRIEVE-D with the budget-clean lexical re-
triever vs. the off-budget LaBSE-dense upper-reference
(3-seed, plain chrF). Two decimals are reported because
the contrasts are below 0.1 chrF.

Datastore size. Table 4 and Figure 3 report
inference-only sweeps on fixed RETRIEVE-D
checkpoints (S = 10k), growing the datastore
from 1k pairs to the full disjoint pool (off-budget
by construction). We sweep both retrievers on zh-
en, whose datastore is partly Wikipedia-derived
(WikiMatrix) and therefore closest in domain to
FLORES, and the lexical retriever on ko-zh, whose
broadcast-caption datastore is off-domain. Every
curve sits below the no-datastore control at every
size. The only monotone gain is the zh-en lexical
sweep (+0.76 chrF over a 1,150x pool increase,
plateauing); the dense retriever is flat (0.2, non-
monotone), and the ko-zh sweep is flat (£0.1 over
~900x). Even the largest tested datastore does not
reach the no-datastore control. This is unsurpris-
ing given Section 5.2: if neighbor identity barely
matters, better neighbors drawn from a larger pool
cannot help.

5.4 Apparent retrieval wins decompose into
baseline harm

The budget-matched allocation contrast, TRAIN-
ON-D vs. RETRIEVE-D, is misleading without the
no-datastore control. Table 5 lists every one of
the 36 pair—budget cells in which RETRIEVE-D
significantly beats TRAIN-ON-D (3-seed Cls ex-
clude zero): the six ko<»zh cells. The contrast
is significantly negative in the remaining 30. All
six decompose the same way: RETRIEVE-D ~ S-
ONLY (retrieval adds nothing), while TRAIN-ON-D
falls below the control level (training on the data-
store actively hurts). The apparent retrieval gain
is therefore an avoided baseline loss, not added re-
trieval value: “retrieval beats weights” here means
that retrieval avoids a harm that baking-in caused,
and for these cells the best allocation is to spend
no budget on the datastore at all.

The general form is that when a baseline’s treat-
ment can be harmful, a comparison against that
baseline conflates the competitor’s gain with the
baseline’s loss. Confidence intervals that exclude
zero do not rule this out: significance validates the
contrast that was run, not the attribution inferred
from it.

Domain match does not explain the sign pattern.
Across all 12 pairs at the 1k budget, ATRAIN-ON-
D is positive on 10 of 12 (+5.8 to +18.1); only
ko<>zh is negative. This invites a domain read-
ing: en<>zh’s WikiMatrix/MultiUN datastore is
in-domain for FLORES and gains, while ko<+zh’s
AI-Hub captions are off-domain and lose. We spec-
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sweep |D| 1k 10k 100k 500k full pool S-ONLY control
zh-en, lexical 2494 2498 2545 25.63 25.70 (1.15M) 26.93
zh-en, LaBSE-dense  24.70 24.65 24.56 24.75 — 26.87
ko-zh, lexical 9.77 974 9.69 9.83 9.73 (907k) 10.06

Table 4: Datastore-size sweep on fixed RETRIEVE-D checkpoints (S = 10k, plain chrF). Each sweep uses a single
fine-tuning seed and the S-ONLY column reports that seed’s control (seed 1 for the two lexical sweeps, seed 2 for
the LaBSE sweep), which is why the two zh-en rows show different control values. The LaBSE full-pool point was

not run (—).

cell Retr—Train 95% CI Retr—S Train—S reading

ko-zh 1k +0.91 [0.28, 1.53] —04 —1.3 baseline harm
ko-zh 10k +1.49 [1.13, 1.86] —0.2 —1.7 baseline harm
ko-zh 100k +0.73  [0.39, 1.06] —0.2 —0.9 baseline harm
zh-ko 1k +0.60 [0.18, 1.02] 0.0 —0.6 baseline harm
zh-ko 10k +4.60 [3.76,5.45] —-0.3 —4.9 baseline harm
zh-ko 100k +0.81 [0.44,1.18] —0.2 —1.0 baseline harm

Table 5: Decomposing every positive Retrieve-D vs.
Train-D delta among all 12 pairs (paired 3-seed Student-
t 95% Cls; all six ClIs exclude zero). The six positive
cells are core-set cells with the lexical retriever; the
contrast is significantly negative in the remaining 30
cells, which include the LaBSE-retriever extension (Ta-
ble 2). Retr = RETRIEVE-D, Train = TRAIN-ON-D, S =
S-ONLY.

ified domain predictions for the four undirected
extension pairs before examining their results (pos-
itive for en<>ja and zh<ja, negative for ja<rko,
borderline for en<+ko; Appendix B), and the pre-
diction fails: ja<+ko, trained against the same off-
domain caption store as ko<»zh, gains +9.8/+8.0
chrF at 1k, the opposite of the predicted sign. The
full grid instead supports a budget-gated boost from
extra bitext of nearly any register—Ilarge when data-
starved, fading to +0.4 to +2.2 by 100k without
flipping sign—with ko<+zh a pair-level outlier (Ap-
pendix G), not evidence of a domain law. Full
predictions and outcomes are given in Appendix B.

Caveat. All six ko<»zh cells in Table 5 use
RETRIEVE-D checkpoints trained and evalu-
ated with artifact-bearing datastore context; only
TRAIN-ON-D was rerun after cleaning (Ap-
pendix G), which isolates the weights-memory
pathway but not the conditioning pathway. The risk
concentrates in zh-ko 10k, where cleaning shifted
TRAIN-ON-D by +2.2 chrF (3-seed mean) and al-
tered seed-level stability; the other cells shift by at
most 0.3 chrF. The decomposition is therefore di-
agnostic rather than fully clean causal evidence for
ko< zh, but the central RETRIEVE-D-vs.-S-ONLY
result of Section 5.1 is unaffected.

6 Discussion

Dependency without value. The substitution
thesis (Borgeaud et al., 2022; Khandelwal et al.,
2021; Shao et al., 2024) predicts that datastore to-
kens can do the work of tokens trained into weights.
Under our shared-ledger accounting, the prediction
fails in a specific way: retrieval provides no consis-
tent additive gain across the 12 pairs (Section 5.1),
yet on the four core pairs where we probed it, it is
not ignored either (Section 5.2). Retrieval training
creates an input dependency whose system-level
payoft is zero: the model learns to need the inter-
face and, with it, recovers only the level of a model
trained never to need it. “Small models ignore re-
trieval” is the wrong summary; retrieval induces
dependency without value.

Relation to BabyLM. We make no cognitive
claims. Our question is the BabyLM question
posed at the systems level: given a corpus on the
scale the challenge treats as developmentally plau-
sible, is that corpus better spent internalized in the
weights or kept as consultable memory? For trans-
lation with ~42M parameters, the answer is that
consultable memory is not used as memory: the
model internalizes the retrieval interface but shows
little dependence on the query-specific content of
the retrieved neighbors, and the data would have
been more useful in the weights whenever it was
useful at all. Two further points connect to the
workshop’s aims: the ledger extends BabyLLM’s
data accounting to systems that hold data outside
the weights, and the English—Chinese—Japanese—
Korean setting exercises the budget on scripts and
language pairs beyond English.

Consequences for evaluation design. A
retrieval-MT comparison that reports a retrieval-
augmented system against a datastore-trained
baseline, without a no-datastore control, cannot
distinguish a genuine retrieval gain from an
avoided baseline loss (Section 5.4). The risk
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is largest exactly where noisy or mismatched
datastores and small fine-tuning sets are common.
We therefore recommend reporting a no-datastore
control alongside any retrieval system evaluated
against a datastore-trained baseline.

7 Conclusion

We asked how a small machine translation model
should spend a fixed corpus budget when the same
parallel data can either be trained into its weights
or retrieved into its prompt. Under a shared 100M-
token ledger that charges pretraining, fine-tuning,
and datastore tokens alike, we compared leaving a
pair-specific datastore unused, training on it, and re-
trieving from it, across 12 directed pairs among En-
glish, Chinese, Japanese, and Korean, with ~42M-
parameter models trained from scratch.

Three findings follow. First, prompt-level re-
trieval never exceeds the no-datastore control by
more than +0.5 chrF across 36 pair-budget cells
and is non-positive in 30; the null persists under
an off-budget dense retriever and retrieval pools up
to ~1,000x larger. Second, training on the same
datastore is the better use of the budget when super-
vision is scarce (+5.8 to +18.1 chrF at 1k pairs on
10 of 12 pairs), with gains fading to +0.4-2.2 chrF
by 100k. Third, on the four-pair core set, retrieval-
trained models are nonetheless strongly dependent
on their prompt interface: removing context costs
up to 16.4 chrF, while query-unrelated same-pair
examples—count-matched on all four pairs and ex-
actly length-matched on en<+zh—recover nearly
the full score. Retrieval induces dependence with-
out value.

These findings carry a diagnostic consequence:
every cell in which retrieval “beats” training on
the datastore is one where training fell below the
no-datastore control, so the apparent win is an
avoided baseline loss rather than added retrieval
value. Our claims are limited to prompt-level re-
trieval in small models trained from scratch and to
same-pair relevance-breaking controls. They moti-
vate two reporting practices for retrieval evaluation
under constrained corpus access: a no-datastore
control that separates retrieval gains from baseline
harm, and a relevance-breaking control that sepa-
rates use of retrieved information from dependence
on the retrieval-conditioned interface.

Limitations

Mechanism. Our negative result is scoped to
prompt-level (in-context) injection. It does not
cover kNN-style distribution interpolation (Khan-
delwal et al., 2021), whose stronger coupling might
extract value where prompting does not.

Controls. RANDOM-CONTEXT and LM-
RANDOM draw replacement exemplars from the
same directed pair, so they break query relevance
while preserving language-pair identity and
parallel structure. They rule out dependence
on query-specific neighbor information, not on
same-pair exemplars as such; contexts drawn from
another language pair, from non-parallel text, or
with shuffled source—target alignment would be
needed to separate format from pair-level content,
and we did not run them. LM-RANDOM was run
on en<>zh at the 100k budget only.

Model, task, and data. All experiments
use ~42M-parameter decoder-only Transformers
trained from scratch, evaluated on machine trans-
lation prompting with these specific datastores.
Larger or differently pretrained models could be-
have differently.

Seeds. Each pair uses one pretraining seed; all
seed variation is in fine-tuning. Cross-seed inter-
vals therefore capture fine-tuning randomness and
understate total run-to-run variance.

Accounting. Results are conditional on our
corpus-access ledger (Section 3.2), which charges
BPE-token occurrences once per accessible re-
source. It departs from the official BabyLLM rule
in two ways: we count tokens rather than words,
because word boundaries are ill defined for Chi-
nese and Japanese; and we charge fine-tuning and
datastore tokens, not only pretraining tokens. Dif-
ferent accounting choices would shift the allocation
contrasts.

Excluded arms and open outliers. A secondary
dictionary-retrieval arm is disclosed but excluded
from retrieval-quality and mechanism conclusions:
its coverage collapses with fine-tuning budget, and
a tokenizer mismatch confounds the CJK-source
evaluations (Appendix F). The ko<+zh pair’s resid-
ual gap from its control level remains an unex-
plained pair-level outlier (Appendix G). It does
not bear on the central RETRIEVE-D-vs.-S-ONLY
result, but the baseline-harm decomposition of Sec-
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tion 5.4 is drawn entirely from this pair and is qual-
ified accordingly.
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A Data Sources and Budget Accounting

Pretraining data source. Wikipedia
(wikimedia/wikipedia, 20231101 snapshot,
CC-BY-SA-4.0), restricted to the pretraining base’s
languages and capped to the per-language budget.

Parallel data sources. Each pair has one dedu-
plicated parallel pool, shuffled with a fixed seed
and aligned across the two directions, from which
the nested fine-tuning splits and the datastore are
carved disjointly. The per-pair composition is:
ko<»zh and ko<+ja use AI-Hub Korean-pivot MT
corpora (=1.01M and ~1.04M pairs respectively),
with the literary-book subcorpus supplying the fine-
tuning splits and the broadcast-caption subcorpus
supplying the datastore pool; en<rko merges the
AI-Hub book subcorpus (150,543 pairs) with Wiki-
Matrix (Schwenk et al., 2021) (112,124) into a
pool of 262,667; en<++>zh merges MultiUN (Eisele
and Chen, 2010) (capped at 500,000), WikiMa-
trix (681,382), and Tatoeba (74,606) into a pool of
1,255,636 after cross-source deduplication; en<>ja
uses WikiMatrix alone (545,302); and zh<—ja uses
WikiMatrix alone (256,579), as constructing zh—ja
pairs by pivoting through the Korean- or English-
sided corpora proved infeasible (the candidate cor-
pora share almost no pivot-side sentences). Wiki-
Matrix pools use the LASER margin > 1.04 re-
lease; the Chinese side of the web-sourced pools is
converted to Simplified with OpenCC before split-
ting.
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Dictionary data sources. The dictionary re-
sources are krdict (ko<»>zh: 108,686 entries;
ko<ja: 168,532), CC-CEDICT (en—zh: 152,467),
JMdict (en—ja, capped at 200k), and psyche
(the psyche/dictionary_koen Hugging Face
dataset, https://huggingface.co/datasets/
psyche/dictionary_koen, CC-BY-SA-4.0; de-
rived from the National Institute of Korean Lan-
guage’s Korean Learners’ Dictionary and Standard
Korean Language Dictionary) (en—ko: 125,906).
Reverse directions are constructed by swapping
the source and target columns. For zh<sja, we
construct a directional Wiktionary lexicon from
Kaikki/Wiktextract using English sense-aligned
translation tables and the Chinese-language sec-
tion of Japanese Wiktionary (Han-only, OpenCC-
normalized; 46,999 entries). Coverage is adequate
for zh—ja but approximately 0.7% for ja—zh. The
dictionary analysis therefore covers 10 of the 12 di-
rected pairs; zh<>ja is evaluated only with TRAIN-
ON-D and RETRIEVE-D in both directions: the
constructed lexicon is usable in one direction only,
so we treat zh<+ja as a pair without a usable open-
license dictionary and drop the dictionary fam-
ily (DICT-RETRIEVE, RANDOM-DICT, ORACLE-
DICT) for both directions, including zh—ja despite
its adequate coverage; both directions are marked
— in the dictionary columns of Table 7.

Evaluation data. FLORES-200 devtest (NLLB
Team et al., 2022) contains 1,012 sentences per
pair; directed pairs are constructed from the shared
multilingual sentence IDs. FLORES is held out
and excluded from the data budget. Exact dedupli-
cation and a LaBSE-based semantic audit found no
exact overlaps or flagged near-duplicates between
FLORES and the training resources.

Budget construction. Each pair uses nested
fine-tuning subsets of 1k, 10k, and 100k examples,
a 1k validation split, and a pair-specific datastore
D. For each directed model, the budget is

P+ S5+ D +dict < 100M

when measured with that model’s 32k BPE over
both sides of the deduplicated parallel and dictio-
nary records. FLORES is excluded. Pretraining is
capped at approximately 78—84M tokens, depend-
ing on the pair. The datastore is capped by token
count rather than pair count. An initial 200k-pair
cap produced totals of 101.8M tokens for en<+»zh
and 100.7M for en<+>ja because these corpora con-
tain longer sentences. The final data construction

sets |D| to 100M — P — S — dict using a prefix of
the shuffled pool shared by both directions of the
pair. This yields 10.0M datastore tokens (166,794
pairs; 99.83M total) for en<+zh and 9.5M datastore
tokens (182,921 pairs; 99.84M total) for en<>ja; all
other pairs were already within budget. This correc-
tion affects only TRAIN-ON-D and RETRIEVE-D,
which access D; the dictionary conditions are inde-
pendent of D.

Pretrained base selection. Each directed pair is
fine-tuned from a pretrained base whose tokenizer
covers both scripts (e.g., the ko—zh base for {ko,
zh}). Under the fixed pretraining budget, a bilin-
gual base receives approximately 42M tokens per
language; trilingual and four-language bases (ap-
proximately 28M and 21M tokens per language)
were also pretrained but are not used in any re-
ported result; all reported results use the six bilin-
gual bases. Held-out pretraining loss decreased
from 7.47 to 3.99 for the ko—zh base and from 7.33
to 3.81 for the ja—ko base.

B Full Experimental Grid and Additional
Results

Table 6 lists the full experimental grid, including
the dictionary family and its inference-only con-
trols, with internal run labels and roles.

Domain-match analysis. We evaluated whether
the sign of ATRAIN-ON-D is explained by domain
match between the datastore and FLORES. Before
examining the eight-pair extension, we assigned
positive effects to the in-domain en<>ja and zh<+ja
pairs, negative effects to the off-domain ja<>ko
pair, and borderline effects to en«+ko. Table 2 does
not support this prediction: ja<+ko, which uses the
same off-domain caption datastore as ko<>zh, im-
proves by +9.8/+8.0 chrF at the 1k budget. Across
the full grid, TRAIN-ON-D generally provides a
large low-budget gain that decreases with addi-
tional fine-tuning data. ko<+zh remains the only
pair family with consistently negative deltas and is
analyzed separately in Appendix G.

Additional 100k-budget results. The breadth
grid evaluates { TRAIN-ON-D, DICT-RETRIEVE,
RETRIEVE-D-LaBSE} across 12 directed pairs (10
for the dictionary conditions), three fine-tuning
budgets, and three seeds; RANDOM-DICT and
ORACLE-DICT are added at inference. Because
this grid does not contain S-ONLY, it is descriptive
with respect to retrieval additivity. Table 7 reports
the 100k-budget cells.
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Name Label  Prepended context Retriever Role Train?

S-only Cs — none; no datastore at all (fine- — no-datastore control yes
tuned on S only)

Train-on-D Cco — none; datastore baked into — weights memory yes
weights (fine-tuned on S'U D)

Retrieve-D Cc2 nearest parallel-sentence exam- lexical TF-IDF over D; external phrasal mem- yes
ple(s) LaBSE-dense comparison ory

No-context C2—ret — context stripped from the — dependence probe inference
trained Retrieve-D model

Random-context C2-rand count-matched random datas- random, relevance-broken neighbor-relevance con- inference
tore pairs trol

Dict-retrieve C1 dictionary entries (src — tgt) for exact lookup + frequency gate lexical memory (sec- yes
rare source words ondary)

Random-dict C3 random dictionary entries (no random, count-matched to prompt-length control inference
source-word overlap) Dict-retrieve

Oracle-dict C4 dictionary entries whose target oracle (eval-only) upper bound for Dict- inference

appears in the reference

retrieve

Table 6: Full condition grid, internal labels, and roles. RANDOM-DICT and ORACLE-DICT reuse the DICT-
RETRIEVE checkpoint and modify only the inference-time retriever. Reference-dependent oracle retrieval is isolated

from all training code (Appendix I).

pair TRAIN-ON-D  DICT-RETRIEVE ~ RETRIEVE-D (LaBSE) RANDOM-DICT ORACLE-DICT
zh-en 36.6 33.1 34.5 32.1 343
ja-en 344 31.0 31.7 30.3 32.0
ko-en 35.6 32.6 32.7 319 332
en-zh 17.7 15.8 15.7 15.8 15.8
en-ja 18.4 16.4 16.1 16.4 153
en-ko 16.3 14.5 14.5 14.5 13.7
ko-zh 135 13.2 143 11.8 13.8
zh-ko 14.1 13.4 15.0 11.5 144
ko-ja 233 21.6 229 19.1 22.3
ja-ko 223 14.6 21.0 12.3 18.3
zh-ja 15.5 — 15.0 — —
ja-zh 13.3 — 12.5 — —

Table 7: Breadth grid at the 100k budget (3-seed means, plain chrF). The RETRIEVE-D—TRAIN-ON-D confidence
interval excludes zero for every pair; the contrast is negative on 10 pairs and positive only on ko<+zh.

C Training, Decoding, and Prompt
Construction

Training. Models are pretrained from scratch
in bfl6 for a fixed number of steps (10 epochs
over the packed pretraining corpus at an effec-
tive batch of 64 sequences of 512 tokens, i.e.
23,960-25,690 steps depending on the base). Fine-
tuning uses 10 epochs, batch size 32 (16 with
two gradient-accumulation steps), bf16, dynamic
padding, and target-only loss. TRAIN-ON-D is
optimized over S U D, whereas S-ONLY and
RETRIEVE-D are optimized over S; consequently,
TRAIN-ON-D receives more optimizer updates and
cumulative token exposure. Optimization uses
AdamW (Loshchilov and Hutter, 2019) (81 = 0.9,
B2 = 0.95, € = 10~%, weight decay 0.01), learning
rate 10™4, cosine decay, 6% warmup, and gradi-
ent clipping at 1.0. Checkpoints are evaluated and
saved every 200 steps, and the checkpoint with the

lowest validation loss is selected. The learning rate
and epoch count were chosen from a small sweep
on one TRAIN-ON-D cell and then fixed for all ex-
periments. A 100k-budget S-ONLY fine-tuning run
required approximately 56 minutes on an NVIDIA
A6000; wall-clock time varies with the training
conditions and objectives.

Seed allocation for the extended S-ONLY con-
trol. In the 8-pair extension (Appendix B), TRAIN-
ON-D and RETRIEVE-D use 3 seeds throughout;
the S-ONLY control itself uses 3 seeds on the 10 bor-
derline cells, defined as every extension cell whose
initial single-seed ARETRIEVE-D was > —0.1
chrF, and a single seed on the remaining 14 cells,
where the deltas are far from zero.

Decoding. All systems use beam search
with beam width 4, early stopping, length
penalty 1.0, no sampling, repetition penalty 1.0,
no_repeat_ngram_size=3, and at most 256 new
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Figure 4: Datastore effects under parametric training and prompt-level retrieval across all 12 directed pairs. Each
panel shows TRAIN-ON-D—S-ONLY and RETRIEVE-D—S-ONLY at one fine-tuning budget. The left side uses
the lexical retriever on the four-pair core set; the right side uses the LaBSE variant from the eight-pair extension
(Table 2). The figure combines the deltas in Tables 1 and 2.

tokens. The no-repeat constraint was selected in a
pilot on ko—zh TRAIN-ON-D at the 100k budget
after observing degenerate loops. It reduced looped
outputs from 27/1,012 to 0 and outputs reaching
the 256-token limit from 20 to O; chrF increased
from 13.72 to 14.47 and BLEU from 14.07 to 14.53.
The setting was then fixed for all reported evalu-
ations. Because the pilot used FLORES devtest,
Section 5.2 additionally reports confirmatory re-
sults on FLORES dev.

Prompt construction and retrieval depth.
The primary TF-IDF retriever uses no externally
pretrained parameters and therefore satisfies the

corpus-access accounting. LaBSE is evaluated sep-
arately as an externally pretrained dense compari-
son. Each training instance is rendered as retrieved
context, followed by the source sentence, a transla-
tion marker, and the target; loss is computed only
on target tokens. Sentence-retrieval prompts con-
tain the top k = 3 datastore examples. Concretely,
each instance is rendered as

<|translate|> [SRC] — [TGT]

Examples:

1. [<srci>] — [<tgt;>]

2. [<srce>] — [<tgto>]

3. [<srcs>] — [<tgts>]
<|src|> <source>
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<|tgt|> <target>

where SRC and TGT are upper-cased language codes,
the exemplars are numbered 1., 2., 3. and ren-
dered as bracketed [source] — [target] lines
with the arrow U+2192, and <| tgt|> is the transla-
tion marker; the order is exemplars, source, marker,
target, with the target following the marker on the
same line. RANDOM-CONTEXT replaces them with
three count-matched random examples under the
same template. Context construction is determin-
istic for a fixed seed, and random controls use per-
sentence deterministic sub-seeds. Figure 1 displays
only the highest-ranked example for readability,
whereas all reported scores use the complete k = 3
prompt.

D Maetrics and Statistical Analysis

Metrics. The headline metric is plain chrF
(sacreBLEU CHRF, word_order=0), with BLEU,
TER, COMET (Unbabel/wmt22-comet-da), and
chrF++ (word_order=2) as secondary metrics, us-
ing language-aware tokenization for BLEU (sacre-
BLEU tokenize=zh for Chinese targets; character-
level, tokenize=char, for Japanese and Korean).
All metrics are computed from saved per-sentence
predictions in a single scoring pass per metric
across every system.

Metric consistency audit. An initial grid colla-
tion labeled chrF++ values as chrF for one subset
of systems, whereas the attribution systems used
plain chrF. Because the metrics differ by 2—4 points
on English and Chinese targets, all systems were
rescored from saved per-sentence predictions us-
ing a single implementation. Recomputed chrF++
reproduced the original values for all 486 evalu-
ated cells, confirming that the discrepancy was a
labeling error rather than a prediction mismatch.
All values reported in the paper use the rescored
metrics.

Metric robustness on the core set. Rescoring
the four core conditions with BLEU, TER, and
COMET preserves the qualitative ordering in Sec-
tion 5.2. At the 100k budget, RETRIEVE-D—S-
ONLY is at most +0.02 BLEU and +0.007 COMET
for every pair, NO-CONTEXT is 0.19-0.28 COMET
below RETRIEVE-D, and RANDOM-CONTEXT is
within 0.016 COMET of RETRIEVE-D.

Significance. Primary contrasts are within-
pair paired deltas on the same FLORES sources:
the attribution deltas RETRIEVE-D—S-ONLY
and TRAIN-ON-D—S-ONLY, the allocation delta

RETRIEVE-D—TRAIN-ON-D, and the dependence
delta RETRIEVE-D—NO-CONTEXT. For each con-
trast we aggregate per-seed deltas across the 3 seeds
with a Student-¢ 95% confidence interval (signifi-
cant iff the interval excludes zero) and control the
false discovery rate across the family of per-seed
tests (Benjamini and Hochberg, 1995); the FDR-
adjusted results agree in sign and significance with
the Student-¢ intervals reported in the tables (no test
changes status under correction). Per-run paired
bootstrap intervals were also computed but not pre-
served, so only the Student-¢ and FDR results are
reported. Cross-pair comparisons are descriptive
only, since data sources and domains differ across
pairs.

E Confirmatory Evaluation on
FLORES-200 Dev

Motivation for length matching. RANDOM-
CONTEXT matches the number of exemplars but
not their rendered length. At the 100k budget,
mean prompt length under RETRIEVE-D versus
RANDOM-CONTEXT is 158 versus 249 tokens
for en—zh and 183 versus 251 for zh-en. LM-
RANDOM therefore matches the three exemplar
lengths exactly.

Run provenance. The confirmatory runs are
inference-only evaluations of preserved check-
points using the decoding configuration in Ap-
pendix C. Each run records hashes for the check-
point, tokenizer, datastore, and evaluation data. On
audited zh—en 100k cells, the S-ONLY, RETRIEVE-
D, RANDOM-CONTEXT, and NO-CONTEXT paths
reproduced all 1,012 saved devtest hypotheses byte-
for-byte. TRAIN-ON-D was reproduced within
0.06 chrF at corpus level; its saved hypotheses were
generated with a different batch size and are there-
fore not byte-comparable.

Confirmatory split. FLORES-200 dev was ob-
tained from the official NLLB release. As a data-
integrity check, the corresponding devtest files re-
produce the original evaluation files exactly after
trailing-whitespace normalization. A repository au-
dit found no FLORES-dev download, cache, config-
uration, code path, or notebook reference predating
this analysis; we therefore treat dev as an unused
confirmatory split.

LM-RANDOM construction. For each dev
source, ordinary lexical retrieval produces three
exemplars, each rendered into the prompt as a num-
bered [source] — [target] line; the rendered
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pair  S-only Train-D Retr-D Rand-ctx LM-Rand No-ctx ATrain ARetr
zh-en 35.04 36.78  35.17 35.04 3492 1830 +1.75 +0.13
en-zh 15.97 17.82  15.83 15.64 15.69 496 +193 —-0.14
ko-zh 14.21 13.04  14.02 13.95 — 464 —1.17 —-0.19
zh-ko  14.79 1410 14.90 14.74 — 378 —0.67 +0.11

Table 8: Confirmatory re-evaluation on FLORES-200 dev (n = 997, S = 100Kk, plain chrF; conditions as in Figure 2,
LM-Rand = LM-RANDOM). S-ONLY, RETRIEVE-D, RANDOM-CONTEXT, NO-CONTEXT are 3-seed means;
LM-RANDOM additionally averages five random draws per seed. TRAIN-ON-D is available for seeds 2—3 only
(its checkpoint was inadvertently deleted before the re-evaluation; its saved devtest predictions survive and enter
Table 1) and is reported descriptively. ATrain is the mean paired delta over those two seeds, so it does not equal
the difference between the displayed 3-seed S-ONLY mean and the 2-seed TRAIN-ON-D mean; both paired deltas
have the same sign in every pair (e.g., en-zh +1.95/4-1.91), but we do not treat the two-seed interval as a stable
uncertainty estimate. All ko<+zh retrieval-conditioned cells inherit the datastore markup artifact of Appendix G (the
checkpoints were not retrained) and are not clean causal comparisons, though the observed ordering is stable across

splits.

lines are tokenized with the checkpoint’s own BPE
to give a length vector £ = ({1, /2, ¢3). Replace-
ments are drawn from the same per-pair datastore
to minimize ||¢ — ¢'||1, preferring exact per-position
matches, and excluding the true retrieved examples,
any normalized self-match of the source, and du-
plicates within a prompt, the same exclusion rules
as RANDOM-CONTEXT. With ~167k candidate
pairs per datastore, an exact length-vector match
was found for 100% of the 29,910 prompts (me-
dian and maximum L distance 0), and the realized
mean prompt length is identical to RETRIEVE-D'’s.
Five draws per sentence and checkpoint seed use
deterministic hash-derived seeds; draw-level vari-
ability is small (per-seed draw standard deviation
< 0.11 chrF) and is reported separately from seed
variability. One caveat: the draw seed includes the
checkpoint seed, so different fine-tuning seeds see
different random exemplars, and the across-seed in-
terval for LM-RANDOM—RETRIEVE-D includes
residual context-sampling variation in addition to
fine-tuning-seed variation.

NO-CONTEXT empty outputs. On zh—ko dev,
238-346 of 997 stripped-context outputs are empty
strings (across the three seeds); the other pairs
produce none. Empty hypotheses are preserved
in the saved predictions and included in all met-
ric computations. Removing context creates an
out-of-distribution prompt mismatch, so the NO-
CONTEXT score collapse partly reflects generation
failure; we read NO-CONTEXT as demonstrating
dependence on the retrieval-conditioned interface,
not productive use of retrieved information (consis-
tent with the list-marker degeneration on zh—en
documented in Appendix H).

F Dictionary Retrieval Analysis

Design. DICT-RETRIEVE tokenizes the source sen-
tence (language-aware: kiwipiepy for Korean, jieba
for Chinese, fugashi for Japanese), looks up exact
lowercased dictionary matches, keeps only rare
words, and caps at a fixed number of entries. “Rare’
is a rank-based bottom-quartile gate: within the ac-
tive fine-tuning budget split, unique source words
are ranked by frequency and the rarest 25% are
eligible. This same rare-word set drives both the
retrieval gate and the rare-word-accuracy metric
used in evaluation, so the two are consistent by
construction.

’

Coverage by fine-tuning budget. Eligibility is
defined relative to each fine-tuning subset and also
requires dictionary coverage. Under training-time
augmentation of the fine-tuning split, the fraction
of sentences receiving at least one entry falls from
approximately 30—60% at 1k to below 3% at 100k
across the ten directions with a usable lexicon;
the evaluation-time densities reported below for
English-source directions (2.4 entries per sentence
at 1k) measure the same gate on FLORES. The
lowest-frequency quartile of the larger vocabular-
ies contains many hapax forms, proper nouns, and
typographical variants not covered by the fixed lexi-
cons. Coverage is already minimal at 1k for ja—en
(0.022 entries per sentence) and ja—zh (0.007); the
latter is excluded from the dictionary family, to-
gether with zh—ja, because the family is dropped
for the zh<ja pair as a whole (Appendix A).

Evaluation-time tokenizer = mismatch.
Training-time augmentation used the intended
language-specific tokenizers. During evaluation,
however, the frequency map was reconstructed
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with an English tokenizer. Its keys do not match
Korean, Chinese, or Japanese lemmas, which
disables the rarity gate for the seven CJK-source
directions. These directions therefore receive
approximately five entries per sentence on nearly
all examples at every budget. English-source
directions follow the intended density schedule
(2.4, 0.6, and 0.08 entries per sentence at 1k,
10k, and 100k). ORACLE-DICT is gated by the
reference and remains approximately budget-
independent; RANDOM-DICT matches the realized
DICT-RETRIEVE count in each cell, so their direct
contrast remains paired.

Interpretable subset. The en—CJK directions
are the only dictionary conditions for which the
training and evaluation tokenizers agree. At the
1k budget, where injection is non-trivial, all three
pairs satisfy ORACLE-DICT > DICT-RETRIEVE >
RANDOM-DICT (e.g., 4.20, 4.12, and 3.58 chrF for
en—-zh). At 10k and 100k, the intended gate injects
too few entries for a reliable retrieval-quality com-
parison. The CJK-source directions instead contain
a train—evaluation context-density mismatch of up
to approximately 50x at 100k. This mismatch is
associated with template copying in ja—ko at 100k
(53.7% of outputs) and with inversions between
ORACLE-DICT and DICT-RETRIEVE in some cells.
We therefore exclude all affected CJK-source dic-
tionary conditions from retrieval-quality and mech-
anism claims in the main text.

G ko<«>zh Datastore Artifact Analysis

ko<+zh is the only pair family for which TRAIN-
ON-D is below S-ONLY at every budget. We iden-
tified a leading-> markup artifact in approximately
50% of ko<»zh datastore target sentences; the arti-
fact is absent from the fine-tuning subsets and FLO-
RES. It enters TRAIN-ON-D as a training target
and enters RETRIEVE-D and RANDOM-CONTEXT
only as conditioning context. To isolate its effect
on parametric training, we retrained TRAIN-ON-
D after removing the marker from D. S-ONLY
does not access D, and the retrieval-conditioned
checkpoints were not retrained. Table 9 reports the
resulting TRAIN-ON-D—S-ONLY deltas.

At zh—ko 10k, cleaning increases the mean
delta by 2.2 chrF: two seeds recover to within 1.6
chrF of S-ONLY, while one remains in the low-
performing regime. In the other five cells, cleaning
changes the delta by at most 0.3 chrF. Residual
deficits of approximately 0.4—1.7 chrF remain in

pair  budget dirty cleaned moved
ko-zh 1k -13 =16 =0
ko-zh 10k -17 =17 =0
ko-zh 100k —09 —1.0 =0
zh-ko 1k —-06 —04 =0
zh-ko 100k —10 —1.1 =0
zh-ko 10k —49 =27 +22

Table 9: A = TRAIN-ON-D — S-ONLY before and
after removing the leading-> marker from the ko<+zh
datastore (plain chrF). The zh—ko 10k row is placed
last for emphasis. The cleaned 10k cells are 3-seed
means; the cleaned 1k and 100k cells are single-seed.
At zh—ko 10k, all three original runs have chrF 6.2—
6.7; two of three cleaned runs recover to the range of
neighboring cells (their mean A is —1.6), while the third
does not, giving the 3-seed mean of —2.7. Deltas and
movements are computed from unrounded means.

the other five cells; zh—ko at 10k remains 2.7 chrF
below S-ONLY because one cleaned seed does not
recover. Because the retrieval-conditioned check-
points were not retrained, their ko<>zh results re-
main artifact-bearing and are interpreted as diag-
nostic rather than fully controlled comparisons.

H Qualitative Example Selection

Reported values. The score strip in Figure 1 re-
ports three-seed mean corpus chrF for zh—en at
S = 100k: 34.8 for S-ONLY, 34.4 for lexical
RETRIEVE-D, 34.4 for RANDOM-CONTEXT, and
18.1 for NO-CONTEXT; TRAIN-ON-D is omitted
from the figure and reported in Table 1. The dis-
played sentence outputs are from seed 1. All figure
values use the lexical retriever; the ko<>zh alloca-
tion contrasts are reported in Table 5.

Selection procedure. For each of the 1,012
zh—en devtest items, we compute sentence-level
plain chrF averaged over seeds for S-ONLY,
lexical RETRIEVE-D, RANDOM-CONTEXT, and
NO-CONTEXT. An item is eligible when (i)
|RETRIEVE-D — RANDOM-CONTEXT| < 10,
(ii)) min(RETRIEVE-D, RANDOM-CONTEXT) —
NO-CONTEXT > 20, (iii) |RETRIEVE-D —
S-ONLY| < 10, and (iv) the reference contains
8-30 words. These criteria yield 200 items with a
median context-removal gap of 26.7 chrF. Figure 1
uses the item nearest this median (index 677; gap
26.9). The figure shows only the highest-ranked of
the three retrieved examples.

No-context output pattern. Among the 1,012
zh—en NO-CONTEXT outputs, 232 (23%) contain
repeated list markers such as “(iii) (i) (iv)...”.
Most remaining outputs are fluent but unrelated
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to the source, as in the displayed example.

I Validation and Reproducibility Checks

Control checks. For the dictionary analysis, we
verify at the 1k budget that oracle retrieval is at
least as accurate as non-oracle dictionary retrieval
on the rare-word metric and that random dictio-
nary context does not reproduce the same gain.
These checks are interpreted only for the English-
source directions because the CJK-source condi-
tions contain the tokenizer mismatch described in
Appendix F.

Budget validation. Before training, P + S +
D + dict is computed with the directed model’s to-
kenizer over both sides of the deduplicated records.
The datastore is then capped at 100M — P— S —dict.
This validation identified initial pair-count-based
datastores for en<>zh and en<+ja that exceeded the
limit by 0.7-1.8M tokens; Appendix A reports the
corrected token caps.

Oracle isolation. ORACLE-DICT uses the ref-
erence translation and is restricted to evaluation.
Module-level, constructor-level, and AST checks
prevent the oracle component from being imported
or instantiated by the training pipeline.

Determinism. Given a fixed seed, the aug-
menter produces identical context for a given
source sentence across runs. RANDOM-CONTEXT
and RANDOM-DICT each use a per-sentence deter-
ministic sub-seed, so their controls are themselves
reproducible.

Saved predictions. All metrics are computed
from stored per-sentence hypotheses. This permits
consistent rescoring across metrics and enabled the
metric-label and dictionary-gate audits described
in Appendices D and F.
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