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Abstract
A fable is a short narrative whose purpose is
to convey a moral lesson. While semantically
related, morals and fables differ fundamentally
in form: morals are abstract and propositional,
while fables express the same idea through char-
acters and plot. In this work, we ask how well
this conceptual relationship is captured in the
latent representations of embedding models. To
study this, we introduce MoraLink, a bench-
mark for moral-to-fable retrieval in which mod-
els must retrieve the correct fable for a given
moral. We find that off-the-shelf embedding
models struggle with this task, and that aug-
menting fable documents with LLM-generated
moral-style summaries substantially improves
retrieval, highlighting document representation
as a major bottleneck. Contrastive fine-tuning
further improves performance, and we release
MoraLink as a challenging testbed for probing
how well embedding models capture the ab-
straction gap between a moral principle and the
narrative that embodies it.

1 Introduction

Humans can connect abstract principles to concrete
narratives even when the two share almost no lexi-
cal overlap. Consider the moral “Do not trust flat-
terers” and Aesop’s fable of the Fox and the Crow
(adapted version in Figure 1)—a reader immedi-
ately recognizes that this principle is embodied in
the story, despite sharing almost no common words.
Specifically, the fox tricks the crow into dropping
its cheese through insincere praise.

The ability to align abstract principles with con-
crete narrative realizations is core to semantic un-
derstanding and to analogical reasoning.

A natural question is whether large language
models (LLMs) internalize similar conceptual
links, and whether these representations can be
leveraged for tasks such as moral reasoning, story
generation, and analogical inference. Understand-
ing the extent to which LLMs capture the relation-

Query moral: Do not trust flatterers.

Relevant fable: A Fox once saw a Crow fly
off with a piece of cheese in its beak and
settle on a branch of a tree. “That’s for me,
as I am a Fox,” said Master Reynard, and
he walked up to the foot of the tree. “Good-
day, Mistress Crow,” he cried. How well
you are looking to-day: how glossy your
feathers; how bright your eye. I feel sure
your voice must surpass that of other birds,
just as your figure does; let me hear but
one song from you that I may greet you
as the Queen of Birds. The Crow lifted
up her head and began to caw her best,
but the moment she opened her mouth the
piece of cheese fell to the ground, only to
be snapped up by Master Fox.

Figure 1: Example of a moral-to-fable retrieval scenario.

ship between abstract principles and their narrative
realizations may thus open new avenues for ex-
ploiting the rich conceptual knowledge latent in
pretrained models.

Modern dense retrieval models have advanced
well beyond keyword matching, but most bench-
marks focus on topical or paraphrastic similar-
ity. Retrieval under extreme abstraction mismatch,
where a concise abstract query must match docu-
ments conveying the same concept through narra-
tive, has received little attention.

In this work, we introduce MoraLink, a bench-
mark for conceptual semantic retrieval under ex-
treme lexical divergence. The task is formulated
as moral-to-fable retrieval: given a short moral
statement, the system must retrieve fables that
convey the same moral. MoraLink is built on
the MORABLES dataset (Marcuzzo et al., 2025),
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which contains 709 paired fables and morals drawn
from Western literary traditions, including the col-
lections of Aesop, Phaedrus, and Abstemius. Fa-
bles are much longer than their morals, with min-
imal lexical overlap, so retrieval cannot rely on
surface matching and instead requires conceptual
alignment between abstract principles and narrative
content.

We evaluate a wide range of embedding models
spanning multiple architectures and scales. Such
models often rely on lexical overlap rather than
deeper semantic equivalence (Wang et al., 2022a;
Miao et al., 2023; Shi et al., 2023), and indeed
struggle to retrieve the original fables directly de-
spite strong results on conventional benchmarks.
To better understand the underlying challenge,
we investigate several representation-level inter-
ventions: document-side abstraction via LLM-
generated moral summaries, instruction-augmented
embeddings, and contrastive fine-tuning on human-
written and synthetic fables. These interventions
substantially improve retrieval in the zero-shot set-
ting, and fine-tuning further narrows the gap, yet a
large discrepancy remains, with the best configura-
tion achieving 0.479 MRR@10.

Together, these findings suggest that the primary
challenge in MoraLink is semantic-level alignment
rather than lexical divergence alone. More broadly,
this setting reflects a broader class of retrieval prob-
lems in which queries and documents are conceptu-
ally related but operate at different levels of abstrac-
tion, including analogy-based search, description-
based retrieval, and RAG systems that must connect
abstract intents with concrete evidence.

Our contributions are as follows:

• We introduce MoraLink, a new moral-to-fable
retrieval benchmark to evaluate the alignment
between abstract moral statements and concrete
narrative realizations.

• We show that embedding models struggle to
retrieve original fables directly, while LLM-
generated moral summaries and task-specific con-
trastive fine-tuning substantially improve perfor-
mance.

• We provide a systematic evaluation of modern
embedding-based retrieval systems across di-
verse architectures and scales, revealing a sig-
nificant persistent gap.

To facilitate further research, we release the

MoraLink1 benchmark and generated summaries
under the CC-BY-NC-4.0 license, together with
the prompts, moral-grouping guidelines, evalua-
tion code, and reproduction instructions under the
Apache 2.0 license.

2 Related Work

2.1 Moral Narratives as a Challenge for
Language Models

Moral reasoning remains a longstanding challenge
in natural language processing (NLP), as it requires
models to map concrete narratives onto abstract
principles. Early benchmarks such as ETHICS
(Hendrycks et al., 2020) and Delphi (Jiang et al.,
2021) evaluate whether language models can pre-
dict human moral judgments over short descrip-
tions of everyday scenarios, rules, or social norms.
Related resources, such as Social Chemistry 101
(Forbes et al., 2020) and Moral Stories (Emelin
et al., 2021), further examine norms, intentions,
actions, and consequences in socially grounded
situations. Together, prior results on these bench-
marks suggest that language models can approxi-
mate moral judgments in constrained settings, but
they usually operate over short, explicit situations
rather than extended narratives whose lesson must
be inferred indirectly.

Related to our work, several studies examine
moral meaning in stories. STORAL (Guan et al.,
2022) extends this direction by linking stories with
moral lessons and enabling moral story generation
and evaluation. More recently, MORABLES (Mar-
cuzzo et al., 2025) focuses specifically on fables
and abstract moral reasoning, asking models to se-
lect the correct moral for a given fable from a set of
candidate morals, including adversarial distractors
designed to probe robustness. MoraLink extends
this setting by replacing closed moral selection
with retrieval over an open corpus.

A related challenge appears in figurative lan-
guage. Recent work shows that LLMs can
identify idiomatic expressions through prompting
(Hashiloni et al., 2025; Hefetz et al., 2025), but re-
main vulnerable in challenging contexts (Hashiloni
et al., 2026b). IdioLink (Hashiloni et al., 2026a)
formulates idiom understanding as a retrieval prob-
lem, showing that embedding models struggle to
retrieve meaning-equivalent texts when the query

1Code: https://github.com/Intellexus-DSI/
MoraLink; data: https://huggingface.co/datasets/
Intellexus/MoraLink.
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and target differ lexically. MoraLink asks a sim-
ilar question in a different domain: can models
connect texts that share the same meaning despite
little surface vocabulary overlap? Unlike IdioLink,
MoraLink operates at the level of full narratives,
linking a short moral principle to the fable that
expresses it.

2.2 Text Retrieval and Embedding Models

Neural embedding models map queries and docu-
ments into a shared vector space, enabling retrieval
beyond lexical matching (Reimers and Gurevych,
2019; Izacard et al., 2022). Large-scale bench-
marks such as BEIR (Thakur et al., 2021) and
MTEB (Muennighoff et al., 2023) have standard-
ized evaluation across diverse retrieval and embed-
ding tasks. Modern models such as E5 (Wang
et al., 2022b, 2024b), BGE (Xiao et al., 2024),
NV-Embed (Lee et al., 2025), and Linq-Embed-
Mistral (Choi et al., 2024) improve performance
through contrastive training, curated data, instruc-
tion tuning, and hard-negative mining. Instruction-
following retrievers use natural-language task de-
scriptions to steer models toward task-specific no-
tions of relevance (Su et al., 2023), and FollowIR
(Weller et al., 2025) evaluates whether retrieval
models can follow such instructions in realistic set-
tings.

Despite these advances, most retrieval bench-
marks focus on settings where relevant queries
and documents remain semantically close. More
recently, BRIGHT (Su et al., 2025) shows that
strong retrieval models still struggle when rele-
vance requires deeper reasoning rather than surface
semantic matching. MoraLink is closest to this
line of work, targeting a specific form of semantic
mismatch: a short moral states a general princi-
ple, while the relevant fable expresses it indirectly
through characters, events, and consequences.

3 The MoraLink Dataset

3.1 Problem Formulation

MoraLink is a moral-to-fable retrieval benchmark.
We denote by Q the set of queries (moral state-
ments) and by C the corpus of documents (fables).
Figure 1 shows an example query and document
from our dataset. We define Rq ⊆ C, the relevance
set associated with a query q ∈ Q, consisting of
all fables that express the same underlying moral
principle as q. Given a query q ∈ Q, a retrieval
system produces a ranked list over all fables f ∈ C.

The system is evaluated according to how highly it
ranks the fables in Rq.

The benchmark, therefore, tests whether mod-
els can retrieve concrete narrative realizations of
abstract moral principles from a corpus of fables.
Since moral queries and fable documents share
almost no lexical overlap, success requires embed-
ding models to internalize the conceptual lesson
underlying each fable.

3.2 Source Data and Conversion

MoraLink is built from the MORABLES dataset
(Marcuzzo et al., 2025), which contains 709
fable-moral pairs drawn from Western fable tra-
ditions, including Aesop, Phaedrus, and Abstemius.
MORABLES was originally designed as a moral-
selection task: given a fable, a model must select
the correct moral from a set of five candidate moral
statements.

MoraLink, our new dataset, reformulates the
MORABLES task as a retrieval problem (§3.1):
given a moral, a model must retrieve all fables that
express that moral from the fable corpus. A natural
construction would pair each fable with its moral
in MORABLES, place all fables in the index, and
treat the morals as queries. However, distinct fables
are frequently paired with semantically equivalent
morals that differ only in surface form. While ac-
ceptable in MORABLES, this creates a retrieval
evaluation problem: correct retrievals may be pe-
nalized when morals are not explicitly paired in
the annotations. To address this, we introduce a
dedicated construction pipeline, described below.

MoraLink poses a significant retrieval challenge:
fables average 116.7 words compared to 10.2 for
morals, and the mean content-word intersection-
over-union is only 0.008. We compute content-
word overlap after lower-casing, removing punc-
tuation, and excluding the English stop-words list
distributed with scikit-learn.2

3.3 Moral Deduplication

We observe that MORABLES contains multiple
instances of the same moral statement with near-
identical phrasing. To avoid querying the sys-
tem multiple times with functionally identical text,
which would artificially inflate dataset size and
evaluation difficulty, we deduplicate these morals
and reduce the query set Q to unique representa-

2https://scikit-learn.org/stable/modules/
feature_extraction.html#using-stop-words
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tives. During this process, we also correct occa-
sional typos and minor formatting inconsistencies.

We first identify morals with identical normal-
ized text after lowercasing, removing punctuation,
and collapsing whitespaces. We then identify
near duplicates that differ only in minor word-
ing, spelling, or punctuation. For example, En-
emies’ promises are made to be broken and En-
emies promises are made to be broken. To iden-
tify such candidate pairs, we compute pairwise
cosine similarity scores between all morals using
BGElarge-en-v1.5 and consider pairs with similarity
above 0.95. These candidates are then manually
reviewed together by two of the authors to decide
whether they should be merged.

This deduplication process reduces the query set
Q from 709 to 668 unique morals. Each surviv-
ing moral inherits the fable associations of all the
morals it subsumes, extending its relevance group
to potentially include more than one fable.

3.4 Moral Grouping

Some fables in MORABLES convey the same
underlying moral lesson, even though they are
phrased differently. For example, Little by little
does the trick and Slow and steady wins the race.
To ensure that a model retrieving any fable express-
ing a given moral receives appropriate credit, we
cluster semantically equivalent morals and treat
all fables paired with morals in the same clus-
ter as relevant. Formally, a cluster is defined as
Ki = (Qi, Ci), where Qi ⊂ Q represents the set
of equivalent moral queries and Ci ⊂ C represents
their combined relevance set of fables.

Semantic equivalents. Identifying semantic
equivalents requires careful judgment about when
two (or more) morals convey the same principle
rather than merely address related themes such as
greed or trust. An additional challenge arises when
two morals convey similar lessons but should not
necessarily be grouped together for our purposes,
making it difficult to draw the line between equiva-
lence and distinction. For example, Do not blame
others and Do not blame others for the circum-
stances of their upbringing are closely related, but
the latter narrows the general principle to a specific
causal context; hence, they should not be merged.

To address this subtle task, we assemble a com-
mittee of three annotators (details in Appendix A)
who review the full corpus of morals to identify se-
mantic equivalences for grouping. The annotation

process follows an iterative approach, in which the
committee repeatedly reviews candidate clusters
until all assignments stabilize.

In each iteration, we incorporate Claude Sonnet
4.5 as an in-the-loop assistant, prompted with the
full moral set, the fable corpus, and the pairwise
similarity scores computed as described in §3.3.
We begin by placing each moral in its own cluster.
Claude is then prompted (prompt in Appendix C)
to suggest which clusters should be merged into
semantic equivalence groups and which should be
separated, along with justifications for each deci-
sion. The three annotators review every proposed
grouping separately and jointly, including decisions
to merge or not merge, and reach a shared decision
through discussion. The process produces a single
agreed grouping rather than separate annotations.
Details about the annotators are provided in Ap-
pendix A.

This grouping process yields 558 moral clusters
covering the 668 unique morals from the deduplica-
tion phase. Morals within a cluster share the same
relevance set for retrieval, defined as the union of
fables associated with any moral in that cluster.

3.5 Final Benchmark

Overall, MoraLink contains 668 unique moral
queries, 709 fables, and 558 moral clusters. Of
these, 469 queries have a single relevant fable,
while 199 queries have two or more relevant fa-
bles, with an average of 1.62 relevant fables per
query. The full distribution of relevance-set sizes
is shown in Figure 3 (Appendix B).

4 Benchmarking Embedding Models

We evaluate embedding models in zero-shot (§ 4.2)
and fine-tuning (§ 4.3) settings, on our MoraLink
benchmark. We generate embeddings with and
without task-specific instructions, as well as differ-
ent configurations for query and document prepro-
cessing and augmentation (§ 4.1).

4.1 Retrieval Configurations

Instructions. We experiment with two query for-
mulation configurations: with and without task in-
structions provided alongside the query. We com-
pare several query instruction formats and discuss
their types, full implementation, and optimization
details in Appendix E. Following best practice, we
provide instructions for queries only, unless spe-
cific models require them for documents as well.



In the main experiments, + instr. denotes that in-
structions are given alongside the query.

Document representation. We consider three
document representation strategies for each fable
f prior to embedding. (i) The fable-only repre-
sentation passes the original fable text as-is to the
embedding model. (ii) The summary-only repre-
sentation replaces the fable with an LLM-generated
moral-style summary s. (iii) The summary+fable
representation concatenates the original fable with
a generated summary, denoted as [s⊕ f ]. We use
[s⊕ f ] order in our main experiments, and report
the reversed order [f ⊕ s] as a layout ablation in
Appendix F. For summary-based representations,
we generate moral-style summaries using Gemini
3 Flash, a strong yet cost-efficient LLM suitable
for large-scale document processing. We addition-
ally compare against Gemma 4 variants (E2B, E4B,
31B) as a summary-generator ablation; the smaller
open-source E2B and E4B models are particularly
relevant for retrieval tasks, where corpus-scale sum-
marization typically requires models under 9B pa-
rameters to remain practical. We use the 4-bit quan-
tized version of the models to run comfortably on
commonly available hardware.

All summaries are generated once and reused
across zero-shot and fine-tuned evaluations to en-
sure that differences between retrieval models re-
flect document representation rather than sum-
mary variation. For the main experiments, we
use the summaries generated by Gemini 3 Flash.
Summary-generation prompts and results are pro-
vided in Appendix F; detailed results for smaller
summary generators are provided in Appendix G.
The summary+fable representation is motivated by
an oracle experiment in which we pair each fable
with its ground-truth moral, yielding strong perfor-
mance; full results are reported in Appendix I.

Indexing and similarity calculation. For each
configuration, fables are embedded under the se-
lected document representation method, and morals
are embedded with or without query instructions,
as determined by experiments. Fables are ranked
by cosine similarity between the query and docu-
ment embeddings.

4.2 Zero-shot Setting
We evaluate all retrieval configurations in a zero-
shot setting. This setting tests whether off-the-shelf
embedding models can align abstract moral state-
ments with the narrative fables that express them.

4.3 Fine-Tuning Settings

We evaluate whether embedding models can be
adapted to the moral-to-narrative alignment re-
quired by MoraLink through fine-tuning on real-
life as well as synthetic datasets of similar tasks.
We use an in-batch contrastive objective inspired
by dense retrieval and recent LLM-generated
embedding-data frameworks (Karpukhin et al.,
2020; Lee et al., 2024). Full training hyperparam-
eters and model-selection details are reported in
Appendix M; software, hardware, and runtime de-
tails are reported in Appendix N.

Training data. We use two fine-tuning sources:
STORAL (Guan et al., 2022), a dataset of real
human-authored stories with moral statements, and
TF1-EN-3M (Nadas et al., 2025), a synthetic cor-
pus of LLM-generated fables. Both require pre-
processing to avoid lexical leakage with MoraLink.
After filtering, STORAL yields 1,595 story–moral
pairs (1,530 unique morals), while TF1-EN-3M
yields 1,900 low-overlap fables across 95 morals.
Full preprocessing details are in Appendix L.

For every fine-tuning experiment, we reserve
10% for validation. Splits are constructed at the
moral level, ensuring that examples sharing the
same moral remain in the same split.

Inspired by Gecko (Lee et al., 2024), our con-
trastive objective compares each moral query with
both fable documents and other moral queries in
the mini-batch. We construct training tuples of the
form:

D = {(qi, d+i , yi)}
N
i=1,

where qi is a moral query, d+i is a fable document
in the relevance group of qi, and yi is a cluster label
(§ 3.4) used to mask false negatives during train-
ing. Since the loss function uses in-batch negatives,
documents from other examples in the same mini-
batch are treated as negatives by default. However,
multiple examples may be in the same moral clus-
ter, meaning their positive documents are mutually
valid positives rather than negatives. The label yi
identifies such cases and excludes them from the
negative set. In other words, the negatives are con-
structed within each mini-batch: for a query moral
qi, documents paired with examples j such that
yj ̸= yi serve as document negatives, and other
morals with yj ̸= yi serve as moral-query nega-
tives. Examples with the same label are excluded
from the negative set, since they express the same
moral and may be valid positives.



Training objective. We fine-tune the embedding
models with an in-batch contrastive objective.

For a mini-batch

B = {(qi, d+i , yi)}
B
i=1,

qi denotes a moral query, d+i denotes its paired pos-
itive document, and yi denotes the moral label used
for false-negative masking. The model maps each
moral and document to a normalized embedding
vector. We define s(x, z) as the cosine similarity
between the embeddings of texts x and z.

For each query moral qi, the positive target is
its paired document d+i . All other documents in
the batch are treated as document negatives, except
documents whose label matches yi:

Di = {d+i } ∪ {d+j : j ̸= i, yj ̸= yi}. (1)

We also include other moral queries with different
labels during training to encourage the model to
keep distinct lessons apart:

Qi = {qj : j ̸= i, yj ̸= yi} (2)

These moral examples provide an additional train-
ing signal. At test time, retrieval is still performed
only over fable documents. The per-example loss
is:

Li = − log
exp(s(qi, d

+
i )/τ)

Zi
(3)

with
Zi =

∑
d∈Di

exp(s(qi, d)/τ) +
∑
q∈Qi

exp(s(qi, q)/τ) (4)

Here, τ is the contrastive temperature, set to 0.05
in all fine-tuning experiments. The label condition
yj ̸= yi prevents examples with the same moral
from being used as negatives, since their documents
may also be valid positives.

Configurations. We fine-tune embedding
models on the vanilla configuration, that is,
fable-only documents with no instruction tem-
plates and no summaries. We experiment with four
training dataset combinations: (1) STORAL only,
(2) TF1-EN-3M only, (3) a curriculum approach
in which the model is trained on TF1-EN-3M
and then on STORAL, extending training to the
combined size of both, and (4) a shuffled mix of
both datasets. Each fine-tuned model is evaluated
on all retrieval configurations used in the zero-shot
setting.

5 Experimental Settings

For details about software, hardware, running
times, etc., refer to Appendix N.

5.1 Evaluation Metrics

MoraLink is evaluated using three standard, com-
plementary retrieval metrics (Manning et al., 2008;
Thakur et al., 2021): (i) MRR@10, which measures
how early the first relevant fable appears in the
top-10 ranking, assigning a score of 0 if no relevant
fable appears in that range; (ii) MAP@10, which
rewards models for ranking multiple relevant fables
highly when several valid fables express the same
moral; (iii) Recall@10, which measures coverage
of the relevant fables retrieved within the top-10
results. More details and examples are provided in
Appendix D.

5.2 Models

We use BM25 (Robertson and Zaragoza, 2009) as
a strong lexical baseline (details in Appendix J).

We evaluate 24 text embedding models with pa-
rameter counts ranging from 22M to 8B. The full
list of checkpoints and parameter sizes is provided
in Table 17 (Appendix P). Following Weller et al.
(2025), we group models into two categories:

No instruction in training. We evaluate encoder-
style embedding models that are not post-trained on
instruction-formatted retrieval queries, including
MiniLML6-v2 (Wang et al., 2021), Contriever (Izac-
ard et al., 2022), E5 (Wang et al., 2024b). We addi-
tionally evaluate decoder-based embedding models,
such as DRAMA (Ma et al., 2025).

Instruction in training. We evaluate models
trained or post-trained with retrieval instructions,
ranging from fixed task prompts to fully instruction-
following embedding models. These include
the encoder models: Contriever-based TART
(Asai et al., 2023), Multilingual-E5 (Wang et al.,
2024b), Nomic-Embed-v2 (Nussbaum and Dud-
erstadt, 2025), and BGE models (Xiao et al.,
2024), and their multilingual version BGE-M3
(Chen et al., 2024) also fall into this category,
although they are trained with only one instruc-
tion for each broad task (retrieval, clustering, etc.)
Decoder models include InstructOR (Su et al.,
2023), E5-Mistral (Wang et al., 2024a), SFR-
Embedding-Mistral,3 Linq-Embed-Mistral (Choi
et al., 2024), Lychee-Embed (Zhang et al., 2025a),
Llama-EmbedNemotron-8B (Babakhin et al., 2025),
and the Qwen3 embedding models (Zhang et al.,
2025b).

3https://huggingface.co/Salesforce/
SFR-Embedding-Mistral
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fable-only summary-only summary+fable

Model Param MRR@10 MAP@10 R@10 MRR@10 MAP@10 R@10 MRR@10 MAP@10 R@10

BM25 – 0.073 0.057 0.124 0.196 0.143 0.231 0.193 0.146 0.261

Gemini-3.1-Flash-Lite N/A 0.156 0.110 0.217 0.383 0.332 0.526 0.210 0.163 0.265
GPT-5.4-Nano N/A 0.102 0.077 0.141 0.314 0.258 0.365 0.246 0.196 0.290

MiniLML6-v2 22M 0.095 0.068 0.142 0.287 0.222 0.364 0.220 0.167 0.292
+ instr. 0.067 0.046 0.102 0.214 0.158 0.258 0.151 0.108 0.199

Qwen3-Embedding0.6B 596M 0.123 0.084 0.164 0.337 0.266 0.424 0.325 0.251 0.421
+ instr. 0.135 0.089 0.178 0.349 0.275 0.435 0.355 0.278 0.463

InstructORxl 1.24B 0.146 0.102 0.198 0.398 0.326 0.496 0.381 0.312 0.493
+ instr. 0.089 0.054 0.114 0.283 0.213 0.352 0.234 0.169 0.305

Qwen3-Embedding4B 4.02B 0.181 0.126 0.230 0.378 0.315 0.494 0.358 0.290 0.468
+ instr. 0.212 0.145 0.269 0.388 0.321 0.510 0.401 0.331 0.534

Linq-Embed-Mistral 7.11B 0.239 0.171 0.292 0.395 0.322 0.488 0.385 0.317 0.510
+ instr. 0.268 0.196 0.341 0.406 0.336 0.531 0.408 0.343 0.550

Qwen3-Embedding8B 7.57B 0.198 0.136 0.273 0.392 0.320 0.499 0.410 0.339 0.517
+ instr. 0.229 0.165 0.317 0.404 0.335 0.528 0.428 0.360 0.565

Table 1: Zero-shot results on MoraLink for representative embedding models, with BM25 and direct LLM ranking
baselines. Embedding models are evaluated with and without query instructions (+ instr.); BM25 and direct LLM
rows are single-setting baselines. Moral summaries are generated by Gemini 3 Flash. Best values are bolded.

Fine-tuned models. We select a representa-
tive group of five models for fine-tuning, span-
ning different parameter scales, architectures
and instruction-aware or not: MiniLML6-v2
(22M parameters), BGE-M3 (568M), Qwen3-
Embedding0.6B (596M), InstructORxl (1.24B), and
Qwen3-Embedding4B (4.02B).

Direct LLM ranking. We also evaluate direct
LLM ranking as a complementary baseline, fol-
lowing work that prompts LLMs to rank candidate
documents for a given query (Sun et al., 2023; Ma
et al., 2023; Qin et al., 2024). Unlike embedding
models, LLMs receive all the fables with the moral
query and are instructed to return the 10 most rele-
vant fables. We evaluate cost-efficient models GPT-
5.4 Nano and Gemini 3.1 Flash-Lite, as the full
corpus in the prompt incurs substantially higher
inference costs. Implementation details and the
ranking prompt are provided in Appendix H.

6 Results and Discussion

6.1 Zero-shot Results

Table 1 summarizes zero-shot results for six rep-
resentative embedding models spanning different
sizes. Full results for all 24 models are reported in
Table 11 (Appendix K). Unless stated otherwise,
all averages reported in this section are calculated
over the full set of 24 embedding models.

We compare three document representations: the
original fable text, a Gemini 3 Flash-generated
moral summary, and the summary prepended to
the fable. For each model, we report results with

and without query instructions.

First, vanilla retrieval is difficult. Across all
models, embedding the fable text naively yields
low performance. Even the best fable-only con-
figuration, Linq-Embed-Mistral with instructions,
reaches only 0.268 MRR@10, 0.196 MAP@10,
and 0.341 Recall@10. This supports the central
difficulty of MoraLink and encourages the commu-
nity to explore richer conceptual representations
that better capture moral-to-narrative similarity.

Second, document-side abstraction substan-
tially improves retrieval. Replacing the fa-
ble with a Gemini 3 Flash-generated moral
summary (summary-only) yields large improve-
ments over fable-only representation: +0.210
MRR@10, +0.179 MAP@10, and +0.249 Re-
call@10 on average without instructions. For
example, InstructORxl improves from 0.146 to
0.398 MRR@10, while BGE-en-ICL improves
from 0.174 to 0.400.

Generated summaries also share more wording
with the queries. Average word overlap is 0.007
for the original fables and 0.076 for the Gemini
3 Flash summaries used in the main experiments;
across all 12 summary collections, it ranges from
0.012 to 0.103. Across 159 matched retrieval set-
tings, larger increases in word overlap are asso-
ciated with larger improvements in rank, with a
median Spearman correlation of 0.344. This shows
that closer wording helps explain the improvement,
although it does not show that word overlap alone
caused it. Full results of this analysis are reported
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Figure 2: Fine-tuning results: Synthetic → STORAL is curriculum learning, and Synthetic + STORAL is mixed train-
ing. Inference-time uses the summary+fable approach without instructions. Recall@10 is reported in Appendix M.

in Appendix K.2.
Prepending the summary to the fable

(summary+fable) also improves over fable-only
(+0.183 MRR@10 on average), but usually
underperforms summary-only. This difference
may reflect document length, how models handle
longer inputs, or the greater wording similarity
between the summaries and the queries. In the no-
instruction setting, the fable-first and summary-first
layouts contain exactly the same text in a different
order, but reach average MRR@10 scores of 0.275
and 0.306, respectively. Both also outperform
the shorter fable-only representation at 0.124,
suggesting that document length alone does not
explain this pattern (Appendix F). The strongest
exception is Qwen3-Embedding8B with instruc-
tions, where summary+fable achieves the best
across-the-board zero-shot result: 0.428 MRR@10,
0.360 MAP@10, and 0.565 Recall@10.

These gains highlight the importance of
document-side abstraction: retrieval becomes sub-
stantially easier when the fable’s moral is stated
directly rather than left implicit in the narrative.

Queries with one or several relevant fables. We
report results separately for the 469 queries with
one relevant fable and the 199 queries with sev-
eral relevant fables in Appendix K.1. Queries with
multiple fables generally achieve higher MRR@10
because they provide more opportunities for a
first correct result. However, their Recall@10
is normally lower, showing that finding one rel-
evant fable is easier than recovering a larger
set. For example, for queries with one fable,
Linq-Embed-Mistral with instructions improves
from an MRR@10 of 0.208 with fable-only to

0.332 with summary-only and 0.360 when using
summary+fable. For queries with several fables,
the corresponding scores rise from 0.407 to 0.581
with summary-only, while summary+fable yields
0.521.

Third, the effect of query instructions varies
across models. Query instructions improves
MRR@10 for 9 models with fable-only, 8 with
summary-only, and 11 with summary+fable,
including Linq-Embed-Mistral and Qwen3-
Embedding8B. However, it reduces performance
for the remaining models, resulting in aver-
age changes of −0.011, −0.033, and −0.038
MRR@10 across the three configurations, respec-
tively. Thus, query instructions can help particular
models, but do not provide a consistent benefit
across the full model set. Overall, zero-shot gains
in MoraLink stem primarily from changes in
document representation rather than from query
format.

Fourth, lexical and direct LLM baselines remain
limited. BM25 is weak on raw fables (0.073
MRR@10) but improves with generated moral
summaries (0.196), showing that even sparse re-
trieval benefits from document-side abstraction. Di-
rect LLM ranking follows the same pattern: GPT-
5.4 Nano reaches 0.102 on raw fables, 0.314 on gen-
erated summaries, and 0.246 with summary+fable,
while Gemini 3.1 Flash-Lite reaches 0.156, 0.383,
and 0.210, respectively. Overall, these baselines
reinforce the main zero-shot finding: document rep-
resentation is a major bottleneck across different
ranking methods.



Fifth, generated summaries remain far from the
original human-written morals. As an upper-
bound comparison, we replace each candidate fa-
ble with its original MORABLES moral. Using
Linq-Embed-Mistral with instructions, MRR@10
is 0.268 for the original fables, 0.406 for the
Gemini-generated summaries, and 1.000 for the
original morals, where a query equals its document.
Full results are reported in Appendix I. The origi-
nal morals are not available in the actual retrieval
task, but this comparison shows that generated sum-
maries do not fully recover the moral information
contained in the human-written morals. It is also
important to note that such human-written morals
are a potentially subjective ground truth and hence
should be taken only as a reference point of com-
parison.

6.2 Fine-tuning Results
Figure 2 shows fine-tuning results compared to
zero-shot under the summary+fable inference-
time configuration without instructions; Recall@10
for this configuration and results for the remaining
configurations are reported in Appendix M. Each
experiment is repeated with three random seeds,
and the results are reported as the mean and stan-
dard deviation.

Fine-tuning consistently improves over zero-shot
retrieval across all dataset combinations. Training
on the synthetic TF1-EN-3M data alone already
yields meaningful gains, while fine-tuning on real
STORAL examples, separately, produces larger
improvements across all metrics, suggesting that
real moral-story pairs provide a more useful adap-
tation signal. The strongest individual result is ob-
tained by InstructORxl, which achieves the highest
MRR@10 of 0.479 with 0.003 standard deviation.

The synthetic→STORAL curriculum, first train-
ing on TF1-EN-3M, then on STORAL, per-
forms competitively with direct STORAL fine-
tuning, with slightly higher early-ranking scores
(MRR@10, MAP@10) at the cost of a small drop
in Recall@10. Simply mixing synthetic and real
examples is outperformed by both STORAL-only
training and curriculum training, suggesting that
the order of exposure and, potentially, the quality
or resemblance to MoraLink matter more than the
volume of training data alone.

Fine-tuning shifts the optimal document repre-
sentation: zero-shot retrieval performs best with
summary-only, whereas fine-tuned models prefer
summary+fable. This makes sense: fine-tuning

on full story documents brings fables and morals
closer in the embedding space, and since sum-
maries already improve representation, combining
both gives the model the strongest signal.

7 Conclusion

We introduced MoraLink, a benchmark for moral-
to-fable retrieval that probes whether embedding
models can bridge the abstraction gap between
a concise moral principle and the narrative that
expresses it. Our experiments show that off-the-
shelf embedding models struggle considerably to
retrieve original fables directly, despite strong per-
formance on conventional retrieval benchmarks. A
major bottleneck lies in document representation:
encoding LLM-generated moral-like summaries
instead of the fables substantially improves zero-
shot performance. Fine-tuned models, however,
perform best when the original fable is retained
alongside the summary. Query-side instructions
yield smaller, less consistent gains. MoraLink
provides a useful testbed for developing retrieval
systems capable of reasoning across semantic
levels, with broader relevance to analogy-based
search, description-based retrieval, and other set-
tings where queries and documents operate at dif-
ferent levels of abstraction.

Limitations

MoraLink is derived from MORABLES (Marcuzzo
et al., 2025), which draws exclusively from Western
fable traditions (Aesop, Phaedrus, etc.) and is avail-
able only in English. The moral principles encoded
in these fables reflect Western cultural values and
philosophical traditions, and may not generalize to
moral reasoning frameworks from other cultural
contexts. This limitation is discussed further in
the Ethics Statement. Future work should extend
this benchmark to diverse traditions, multiple lan-
guages, and cross-lingual retrieval scenarios.

The benchmark contains 709 fables and 668
unique moral queries, which is smaller than large-
scale retrieval benchmarks such as BEIR (Thakur
et al., 2021) or MTEB (Muennighoff et al., 2023),
limiting statistical power for fine-grained compar-
isons. The average relevance set size is small (1.62
fables per query).

While we carefully preprocess the data in the
fine-tuning experiments to avoid leakage, complex
overlapping cases may remain. We do not evaluate
whether task-specific fine-tuning degrades general-



purpose retrieval capabilities on other benchmarks,
and leave this analysis to future work.

Our evaluation treats MORABLES annotations
as ground truth, but moral-narrative alignment is
inherently interpretive and may vary across readers
and cultural contexts. The same holds for our moral
grouping stage (§ 3.4), where determining semantic
equivalence between morals involves subjective
judgments about whether distinct phrasings express
the same underlying principle.

Despite these limitations, MoraLink reveals
substantial gaps in current retrieval systems and
opens promising directions for future research on
conceptual-level semantic understanding.

Ethics Statement

We use publicly available datasets and models in
accordance with their intended uses, as detailed by
the respective publishers and under their licenses;
details are provided in Table 17 in Appendix P and
Table 15 in Appendix O. No personally identifiable
information or offensive data are processed, and
annotators ensure that none exists in the released
dataset.

As noted above, MoraLink inherits its cultural
focus from its underlying source material. Con-
sider this cultural provenance when interpreting
the benchmark and its results, particularly the nor-
mative assumptions represented in the data.

LLM-generated summaries used in our experi-
ments may introduce annotation artifacts or norma-
tive biases; however, they serve only as document
representations for retrieval evaluation and do not
contribute to the ground-truth annotations.

Following the inherited MORABLES license,
we release the generated summaries under CC-BY-
NC-4.0. We release the prompts, generation set-
tings, provenance information, and evaluation code
under Apache 2.0. The released summaries and
evaluation code allow researchers to rerun the re-
trieval experiments without generating the sum-
maries again or using a paid API. The prompts,
generation settings, and provenance information
document how the summaries were produced. The
filtered TF1-EN-3M subset used for synthetic fine-
tuning is released under the dataset’s original MIT
license. Our work is intended for research purposes
only, and we identify no foreseeable risks from its
use.
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Figure 3: Distribution of relevance-set sizes per query.
The dashed line marks the mean.

A Annotators Information

The data construction process was performed by
three authors of this paper, all with academic back-
grounds in scientific research: one PhD researcher,
one PhD candidate, and a graduate student, all of
whom are proficient in English. The authors per-
formed this task as part of their contribution to the
paper’s development and were therefore not paid
specifically for the annotation.

B Relevance-set Sizes Distribution

Figure 3 shows the distribution of relevance-set
sizes across all 668 moral queries in MoraLink.
The majority of queries (469, approximately 70%)
are singletons with exactly one relevant fable.
Among queries with multiple relevant fables, the
distribution is long-tailed: 83 queries have two
relevant fables, 66 have three, and the remaining
queries have four to six. The mean relevance-
set size is 1.62 fables per query, indicated by the
dashed line in the figure.

C Semantic Equivalents Prompt

To identify semantically equivalent morals, we
prompt an LLM to suggest cluster merges and splits
based on whether morals express the same under-
lying principle. The model is provided with (i)
the complete set of moral statements and fable cor-
pus, (ii) pairwise cosine similarity scores computed
using BGElarge-en-v1.5 embeddings (§3.3), (iii) the
current clustering state. The full prompt is shown
in Figure 4.

Output structure. The model returns a JSON
object containing: (i) clusters: An array of
moral groups, where each cluster contains se-
mantically equivalent morals (ii) justification:

A brief explanation for each proposed cluster
(iii) singleton_morals: Morals that should re-
main in their own cluster

D Evaluation Metrics

We evaluate retrieval quality using MRR@10,
MAP@10, and Recall@10, three standard infor-
mation retrieval metrics that capture complemen-
tary aspects of ranking quality under the MoraLink
setting, where a moral query may correspond to
multiple relevant fables.

Mean Reciprocal Rank at 10 (MRR@10). Mea-
sures how early the first relevant fable appears
among the top-10 retrieved results. For a query
q, the Reciprocal Rank (RR) is defined as:

RR(q) =
1

rankq
,

where rankq is the rank position of the first relevant
fable within the top 10; if no relevant fable appears
in the top 10, RR(q) = 0. The final MRR@10
score is the mean reciprocal rank across all queries.

MRR@10 emphasizes early precision, reward-
ing systems that place at least one correct narrative
realization near the top of the ranking.

Example. Suppose the first relevant fable for a
query appears at rank 4. The reciprocal rank is:

RR =
1

4
= 0.25.

Mean Average Precision at 10 (MAP@10).
Evaluates how well systems rank multiple relevant
fables within the top-10 retrieved results. For a
query q, Average Precision (AP) at 10 is defined
as:

AP@10(q) =
1

|Rq|

10∑
k=1

P (k) · rel(k),

where Rq is the set of relevant fables for query q,
P (k) is the precision at rank k, and rel(k) indicates
whether the document at rank k is relevant. Note
that relevance is binary, meaning rel(k) ∈ {0, 1}.

MAP@10 rewards systems that retrieve several
relevant fables early in the ranking, which is par-
ticularly important in MoraLink because multiple
fables may express the same moral lesson.

Example. Suppose a query has three relevant
fables retrieved at ranks 1, 3, and 7. The precision
values at these ranks are:

P@1 =
1

1
= 1.0, P@3 =

2

3
≈ 0.67,

P@7 =
3

7
≈ 0.43.



The AP@10 score is therefore:

AP@10 =
1.0 + 0.67 + 0.43

3
≈ 0.70.

Recall@10. Measures the fraction of relevant fa-
bles retrieved within the top-10 results:

Recall@10(q) =
|R10

q |
|Rq|

,

where R10
q denotes the relevant fables retrieved

within the top 10, and |Rq| is the total number of
relevant fables for query q.

Recall@10 measures coverage of the relevance
set regardless of the ordering among relevant fa-
bles.

Example. Suppose a query has four relevant
fables in total, and the system retrieves three of
them within the top-10 results. The Recall@10
score is:

Recall@10 =
3

4
= 0.75.

Why @10? We use a cutoff of 10 because each
query is ranked against all 709 candidate fables,
while the average relevance set contains only 1.62
relevant fables per query. In this setting, retrieving
the relevant fables within the top results already
requires strong semantic alignment, whereas larger
cutoffs would place less emphasis on practically
useful ranking quality.

E Retrieval Instructions

E.1 Model-specific Instruction Interfaces
Different embedding models expose different
mechanisms for incorporating retrieval instructions.
We implement all zero-shot embedding runs using
the SentenceTransformers interface and normalize
all embeddings before computing dot-product sim-
ilarities. Instruction formatting is applied before
encoding, using one of two mechanisms.

First, for most models, the instruction or retrieval
prefix is concatenated directly to the input text. For
query-side formatting, the encoded string has the
form:

{query_prefix}{query}

where {query} is the moral statement. When a
model also requires document-side formatting, doc-
uments are encoded as:

{doc_prefix}{document}

where {document} is the selected fable represen-
tation, such as the raw fable, a generated moral
summary, or their concatenation.

Second, for models that expose named Sentence-
Transformers prompts, we use the model’s prompt
interface rather than manually concatenating a tex-
tual prefix. Concretely, the query encoder is called
with the appropriate prompt_name; for example,
DRAMA-1B uses prompt_name="query". These
named prompts are applied only on the query side;
document texts are encoded without a prompt un-
less a document prefix is specified by the model’s
default format.

The default variant follows each model fam-
ily’s documented retrieval format when avail-
able. For example, E5 encoders use query:
for moral queries and passage: for docu-
ments, while Nomic-v2 uses search_query: and
search_document:. Models without a docu-
mented default retrieval format use raw text on
both sides under default. Table 2 summarizes the
model-specific default formats used in our experi-
ments.

E.2 Instructions Optimization
To understand how task framing affects retrieval
performance, we evaluate up to four retrieval in-
struction formats across all embedding models.

(i) No instruction: the query is passed as raw
text, without any additional framing.

(ii) Default format: the query is provided along-
side the specific model’s recommended re-
trieval instruction format (Table 2).

(iii) General retrieval: the query is pro-
vided alongside a task-agnostic instruction,
prompting the model to retrieve the passage
most relevant to the query.

(iv) Moral-specific: the query is provided along-
side an instruction explicitly framing the
query as a moral statement.

Following best practices, we provide instructions
for queries only; however, some models also re-
quire document prefixes (e.g., “passage:” for E5
encoders, “search_document:” for Nomic). The
no_instr, general, and moral_specific vari-
ants are applied across all models by prepending
the corresponding text to the moral query. The
default variant uses each model family’s docu-
mented retrieval format when available; for models
without such a format, it is equivalent to raw in-
put. Table 3 summarizes these variants and their
application to query and document sides.

The fixed general instruction template is:

Instruct: Given a text, retrieve the
most relevant passage that answers the



Model / family Default query prefix Default document prefix

E5 encoders query: passage:

Nomic-v2 search_query: search_document:

BGE en v1.5 Represent this sentence for searching relevant passages: none
BGE-en-ICL Given a moral statement, retrieve the fable that best

conveys this moral.
none

InstructOR Represent the moral statement for retrieving relevant
fables:

none

TART-Contriever Retrieve a fable that illustrates the following moral [SEP] none
DRAMA-1B SentenceTransformers prompt_name="query" none

Models not listed above use raw text on both sides under default.

Table 2: Model-specific formats used by the default variant.

Variant Purpose Query Document

no_instr Control with no task signal raw query raw
default Model-specific default formatting model-specific (Tab. 2) model-specific (Tab. 2)
general Task-agnostic retrieval framing general instr. + query passage: for E5; else raw
moral_specific Task-aware moral-to-fable framing moral_specific instr. + query passage: for E5; else raw

Table 3: Instruction variants evaluated in the zero-shot setting.

query.
Query: {query}

The fixed moral_specific instruction template
is:

Instruct: Given a moral statement,
retrieve the fable that best conveys
this moral.
Query: {query}

Results. Across our experiments, we find that
query instructions have a smaller and less con-
sistent effect compared to document-side rep-
resentation changes. Adding the general
instruction changes performance by −0.011,
−0.033, and −0.038 MRR@10 for fable-only,
summary-only, and summary+fable retrieval, re-
spectively, averaged over all 24 zero-shot embed-
ding models. While instructions improve some
models (e.g., Linq-Embed-Mistral and Qwen3-
Embedding8B), they reduce performance for others,
with no clear model category consistently benefit-
ing. These results indicate that the main zero-shot
gains in MoraLink come from changing the docu-
ment representation rather than from query instruc-
tion formatting alone. Accordingly, the main tables
report the fixed general instruction for all models,
alongside the no-instruction results.

F Summary Generation Prompts

We use generated moral summaries as document-
side abstractions: each summary rewrites a fable’s
narrative into the kind of compact moral language
used by the queries. This lets us test whether re-
trieval improves when the document representation
makes the latent moral explicit, rather than requir-
ing the embedding model to infer it from the full
narrative.

Generation setup. For each fable, we send the
generator a fixed system prompt and a user mes-
sage of the form Fable: {fable}. The resulting
summary is stored once and reused across all re-
trieval models. This keeps the generated document
representation fixed, so differences in retrieval per-
formance reflect the retriever and document layout
rather than repeated stochastic generation.

Prompt variants. We evaluate three prompt
styles, shown in Figure 5. The variants differ in
how directly they ask the generator to express the
moral. direct_moral asks for a concise moral
sentence, conceptual_abstract asks the model
to reason through the fable before outputting an
abstract principle, and cot_proverb uses the same
reasoning scaffold but asks for proverb-like phras-
ing.



fable-only summary-only fable+summary summary+fable

Subset Instruction MRR MAP R MRR MAP R MRR MAP R MRR MAP R

Universal instruction variants, averaged over all 24 zero-shot embedding models
All models no_instr 0.124 0.085 0.169 0.334 0.264 0.418 0.275 0.213 0.365 0.306 0.241 0.395
All models general 0.113 0.077 0.152 0.301 0.234 0.377 0.246 0.191 0.330 0.269 0.208 0.352
All models moral_specific 0.091 0.056 0.114 0.256 0.190 0.318 0.217 0.160 0.277 0.240 0.176 0.298

Default-format comparison, restricted to the 11 models with model-specific default formats
Default-capable no_instr 0.112 0.078 0.157 0.327 0.256 0.406 0.255 0.197 0.338 0.311 0.245 0.401
Default-capable default 0.107 0.074 0.148 0.307 0.237 0.379 0.244 0.186 0.322 0.309 0.242 0.395
Default-capable general 0.087 0.059 0.121 0.274 0.207 0.338 0.202 0.151 0.271 0.252 0.190 0.322
Default-capable moral_specific 0.079 0.051 0.101 0.243 0.178 0.299 0.182 0.131 0.228 0.234 0.169 0.282

Table 4: Zero-shot instruction ablation across document representations. Summary-based columns use Gemini
3 Flash direct_moral summaries. The first block averages instruction variants available for all 24 zero-shot
embedding models. The second block restricts evaluation to the 11 models with a model-specific default format,
so that default is compared against the other instruction variants on the same model subset. R denotes Recall@10.

Prompt, generator, and layout ablation. Ta-
ble 5 reports the full ablation over prompt style,
summary generator, document layout, and query
instruction setting. We compare Gemini 3 Flash
with Gemma 4 variants (E2B, E4B, and 31B), and
evaluate each generated summary as a standalone
document, appended after the fable, and prepended
before the fable. Values are macro-averages over
the 24 embedding models in the zero-shot evalua-
tion.

The results show that the summary generator
matters more than the specific prompt. Gemini 3
Flash summaries consistently outperform Gemma
summaries, especially in the summary-only set-
ting. Among Gemini summaries, direct_moral
and conceptual_abstract are close, with
conceptual_abstract slightly stronger in most
document-layout columns. The more elaborate
cot_proverb prompt does not improve retrieval,
suggesting that proverb-like phrasing is less useful
than directly expressing the moral principle.

Summary placement. Table 6 isolates the or-
der of the concatenated document representation.
Placing the generated moral-style summary be-
fore the original fable generally improves perfor-
mance over appending the summary after the fa-
ble. The effect is strongest for Gemini 3 Flash
summaries, where summary+fable improves over
fable+summary by +0.026 MRR, +0.021 MAP,
and +0.026 Recall on average. This suggests that
when the generated abstraction is useful, presenting
it first helps the embedding model anchor the doc-
ument representation before processing the longer
narrative text.

G Summary-generator Ablation

We report the results for Gemma 4 variants as a
summary generator: E2B in Table 7, E4B in Ta-
ble 8, and 31B in Table 9.

H Direct LLM Ranking Prompt

For the direct LLM ranking baseline, each model
receives the moral query and the full fable corpus
in a single prompt. The corpus is formatted as one
document per entry, using the form [fable_XXXX]
text. Models are instructed to return the top-10
fable identifiers ranked by relevance.

System prompt.

You are a retrieval system.
Return only the requested JSON.

User prompt.

Moral: {moral}

Corpus:

{corpus}

Return a JSON array of the {top_k}
fable IDs most relevant to this
moral, ranked by relevance. IDs
are in the format fable_XXXX.

I Oracle Document-Abstraction Control

We report an oracle document-abstraction con-
trol in which each fable is paired with its human-
annotated MORABLES moral. This setting uses
label information that is unavailable at test time,
and is therefore not a deployable retrieval setting.
Instead, it estimates how much performance im-
proves when the moral abstraction underlying each
fable is made explicit.



Table 10 reports results using the oracle moral
either as the document representation alone or
prepended to the fable text.

J BM25 Baseline

J.1 BM25 Setup

BM25 serves as a lexical control for MoraLink.
Because the task requires matching a short moral
statement to the fable that expresses it, BM25 lets
us estimate how much of the benchmark can be
solved through exact surface-form overlap, without
learned semantic representations.

BM25 ranks documents using exact term over-
lap, term-frequency saturation, inverse document
frequency, and document-length normalization
(Robertson and Zaragoza, 2009). We implement
BM25 with lowercase regex tokenization and use
k1 = 1.2 and b = 0.75. For each moral query,
BM25 ranks the full set of candidate fables under
the selected document representation.

We evaluate BM25 over the same document
representations used in the zero-shot experiments:
the raw fable text, the generated moral summary
alone, and the concatenation of the fable and gen-
erated summary. Since BM25 is order-insensitive,
the two concatenated layouts, fable+summary and
summary+fable, receive the same lexical score.
We also evaluate surface-only controls using the
fable title, first sentence, and first 50 words.

J.2 BM25 Results Analysis

BM25 performs poorly on raw fables, reaching
0.073 MRR@10, 0.057 MAP@10, and 0.124 Re-
call@10. This confirms that exact lexical overlap
between moral queries and fable narratives is lim-
ited, and that MoraLink cannot be solved by surface
matching alone.

Generated moral summaries substantially im-
prove BM25, raising performance to 0.196
MRR@10, 0.143 MAP@10, and 0.231 Recall@10
in the summary-only setting. This mirrors
the embedding-model results: retrieval improves
when the document representation makes the fa-
ble’s latent moral explicit. The concatenated
fable+summary representation performs similarly,
reaching 0.193 MRR@10, 0.146 MAP@10, and
0.261 Recall@10.

The surface-only controls are weaker than full-
fable retrieval. BM25 reaches 0.022 MRR@10
using only titles, 0.024 using first sentences, and
0.041 using the first 50 words. These controls indi-

cate that MoraLink is not driven primarily by titles,
openings, or short positional cues; successful re-
trieval requires representing the moral content of
the full narrative.

K Full Zero-shot Results

Table 11 reports the full zero-shot embedding mod-
els results, together with BM25 and direct LLM
ranking baselines.



Moral Clustering Prompt
System prompt
You are a linguist specializing in moral philosophy and semantic analysis. Your task is to
identify semantically equivalent moral statements that express the same underlying principle,
even when phrased differently.
Two morals should be grouped together if they convey the same core lesson or principle.
Surface-level similarity is not sufficient. Focus on whether the morals teach the same funda-
mental idea.
For example:
• “Union is strength” and “Union gives strength” → should be clustered (same principle)
• “Do not trust flatterers” and “Beware of false friends” → may be separate (related themes,

but different lessons)

User prompt
You are provided with:

(i) A complete list of moral statements
(ii) The associated fables corpus

(iii) Pairwise similarity scores between morals (cosine similarity based on BGE-large-en-
v1.5 embeddings)

Current cluster state: [Current clustering configuration;json]
Similarity scores: [Pairwise similarity matrix];json
Morals and fables: [Moral-to-fable mappings;json]

Task: Suggest which clusters should be merged (because they express the same principle)
and which should be split (because they express distinct lessons). Provide justification for
each decision.
Output your suggestions in the following JSON format:

{
"merge_suggestions": [{

"cluster_ids": [1, 5, 12],
"representative_moral": "Union is strength",

"justification": "All express the principle that collective action is..."
}],

"split_suggestions": [{
"cluster_id": 3,
"split_into": [
{
"morals": ["Do not trust flatterers"],
"justification": "Focuses on deception through insincere praise"

},
{
"morals": ["Beware of false friends"],
"justification": "Focuses on betrayal in relationships"

}]}]
}

Assistant
Output: [JSON clustering suggestions]

Figure 4: Prompt used for iterative moral clustering.



Summary-Generation Prompt Variants
direct_moral Direct moral principle

You are an expert in fables, parables, and moral philosophy. When given a fable, extract its moral lesson as a
single sentence. Be as concise as possible.

conceptual_abstract Reasoned moral principle

You are a moral philosopher. When given a fable, reason step by step: (1) What is the central conflict or situation?
(2) What does the outcome reveal about human nature? (3) What abstract principle does this illustrate? After
reasoning, output only the abstract moral principle as a single sentence on the last line. Do not include your
reasoning in the output. Be as concise as possible.

cot_proverb Reasoned proverb/maxim

You are an expert in fables and proverbs. When given a fable, reason step by step: (1) What is the central conflict or
situation? (2) What does the outcome reveal about human nature? (3) What abstract principle does this illustrate?
After reasoning, state the moral as a proverb or maxim. Output only the proverb on the last line. Do not include
your reasoning in the output. Be as concise as possible.

User message for all variants: Fable: {fable}

Figure 5: Summary-generation prompts evaluated in the ablation. Each variant uses the system message; the user
message is fixed across variants.

summary-only fable+summary summary+fable

Prompt Summary source MRR@10 MAP@10 R@10 MRR@10 MAP@10 R@10 MRR@10 MAP@10 R@10

di
re
ct

mo
ra
l

Gemini 3 Flash 0.334 0.264 0.418 0.275 0.213 0.365 0.306 0.241 0.395
+ instr. 0.301 0.234 0.377 0.246 0.191 0.330 0.269 0.208 0.352

Gemma 4 E2B 0.136 0.092 0.187 0.170 0.122 0.237 0.173 0.123 0.241
+ instr. 0.120 0.079 0.165 0.154 0.109 0.214 0.154 0.109 0.217

Gemma 4 E4B 0.165 0.119 0.216 0.192 0.139 0.257 0.201 0.146 0.265
+ instr. 0.143 0.102 0.195 0.170 0.124 0.232 0.175 0.126 0.234

Gemma 4 31B 0.280 0.208 0.341 0.242 0.182 0.321 0.265 0.200 0.345
+ instr. 0.246 0.180 0.304 0.215 0.162 0.291 0.230 0.172 0.308

co
nc
ep
tu

al
ab
st

ra
ct

Gemini 3 Flash 0.335 0.263 0.412 0.279 0.218 0.372 0.308 0.243 0.404
+ instr. 0.301 0.235 0.377 0.248 0.192 0.334 0.272 0.211 0.356

Gemma 4 E2B 0.112 0.068 0.147 0.163 0.114 0.222 0.162 0.113 0.225
+ instr. 0.096 0.057 0.129 0.144 0.100 0.203 0.140 0.097 0.198

Gemma 4 E4B 0.143 0.090 0.182 0.177 0.126 0.245 0.184 0.129 0.247
+ instr. 0.124 0.076 0.158 0.160 0.113 0.222 0.163 0.113 0.223

Gemma 4 31B 0.251 0.178 0.301 0.234 0.174 0.311 0.254 0.188 0.327
+ instr. 0.225 0.158 0.275 0.210 0.155 0.279 0.223 0.162 0.288

co
t

pr
ov
er
b

Gemini 3 Flash 0.308 0.247 0.374 0.271 0.212 0.358 0.297 0.234 0.384
+ instr. 0.279 0.221 0.339 0.244 0.190 0.322 0.265 0.207 0.346

Gemma 4 E2B 0.135 0.090 0.176 0.166 0.118 0.230 0.169 0.120 0.232
+ instr. 0.115 0.076 0.151 0.148 0.106 0.209 0.149 0.105 0.208

Gemma 4 E4B 0.093 0.057 0.121 0.153 0.110 0.215 0.156 0.111 0.216
+ instr. 0.081 0.048 0.105 0.136 0.097 0.192 0.137 0.097 0.192

Gemma 4 31B 0.194 0.141 0.250 0.217 0.162 0.294 0.231 0.171 0.308
+ instr. 0.172 0.122 0.223 0.195 0.144 0.261 0.204 0.149 0.272

Table 5: Summary-generator and prompt ablation results averaged over the 24 embedding models in the zero-shot
evaluation. Each summary source is evaluated without a query instruction and with the general retrieval instruction
(+ instr.). Values are macro-averages across models for the corresponding prompt, summary source, document
layout, and instruction setting. Best values in each metric column are bolded.



fable+summary summary+fable ∆

Summary source MRR MAP R MRR MAP R MRR MAP R

Gemini 3 Flash 0.261 0.203 0.347 0.286 0.224 0.373 +0.026 +0.021 +0.026
Gemma 4 E2B 0.158 0.111 0.219 0.158 0.111 0.220 +0.000 -0.000 +0.001
Gemma 4 E4B 0.165 0.118 0.227 0.169 0.120 0.230 +0.005 +0.002 +0.002
Gemma 4 31B 0.219 0.163 0.293 0.235 0.174 0.308 +0.016 +0.010 +0.015

Table 6: Average effect of summary placement in concatenated document representations. Values are averaged over
the prompt variants and instruction settings in Table 5. ∆ is computed as summary+fable minus fable+summary.

fable-only summary-only summary+fable

Model Param MRR@10 MAP@10 R@10 MRR@10 MAP@10 R@10 MRR@10 MAP@10 R@10

MiniLML6-v2 22M 0.095 0.068 0.142 0.120 0.082 0.161 0.131 0.090 0.191
+ instr. 0.067 0.046 0.102 0.083 0.052 0.111 0.092 0.062 0.137

BGEbase-en-v1.5 109M 0.075 0.049 0.105 0.111 0.075 0.156 0.130 0.092 0.195
+ instr. 0.050 0.031 0.058 0.078 0.044 0.121 0.097 0.066 0.122

all-mpnet-base-v2 110M 0.096 0.067 0.157 0.144 0.097 0.204 0.152 0.107 0.219
+ instr. 0.042 0.027 0.073 0.070 0.038 0.092 0.075 0.050 0.118

Contriever 110M 0.101 0.070 0.159 0.111 0.075 0.163 0.140 0.097 0.208
+ instr. 0.078 0.056 0.126 0.099 0.064 0.146 0.096 0.064 0.157

E5base-v2 110M 0.106 0.072 0.137 0.122 0.081 0.173 0.161 0.118 0.215
+ instr. 0.103 0.071 0.144 0.112 0.073 0.164 0.159 0.115 0.217

InstructORbase 110M 0.097 0.066 0.148 0.128 0.085 0.180 0.163 0.115 0.234
+ instr. 0.056 0.035 0.086 0.090 0.058 0.134 0.121 0.083 0.171

TART-Contriever 110M 0.103 0.070 0.143 0.116 0.079 0.180 0.132 0.093 0.191
+ instr. 0.085 0.059 0.141 0.094 0.061 0.170 0.124 0.086 0.177

BGElarge-en-v1.5 335M 0.081 0.053 0.123 0.116 0.075 0.173 0.152 0.107 0.223
+ instr. 0.053 0.036 0.076 0.064 0.036 0.098 0.099 0.066 0.154

E5large-v2 335M 0.110 0.081 0.163 0.123 0.080 0.170 0.165 0.122 0.246
+ instr. 0.106 0.077 0.153 0.113 0.073 0.158 0.165 0.116 0.222

Nomic-v2 475M 0.126 0.090 0.182 0.118 0.079 0.177 0.169 0.123 0.248
+ instr. 0.064 0.042 0.084 0.087 0.051 0.114 0.107 0.069 0.143

BGE-M3 568M 0.109 0.076 0.160 0.115 0.075 0.160 0.176 0.126 0.252
+ instr. 0.079 0.051 0.108 0.113 0.074 0.140 0.144 0.098 0.210

Multilingual-E5large 560M 0.114 0.078 0.147 0.116 0.076 0.155 0.173 0.125 0.244
+ instr. 0.113 0.077 0.137 0.130 0.083 0.184 0.171 0.120 0.218

Multilingual-E5large-instruct 560M 0.099 0.068 0.154 0.139 0.090 0.178 0.167 0.120 0.243
+ instr. 0.114 0.077 0.164 0.151 0.101 0.200 0.173 0.126 0.259

Qwen3-Embedding0.6B 596M 0.123 0.084 0.164 0.144 0.097 0.193 0.191 0.134 0.256
+ instr. 0.135 0.089 0.178 0.144 0.099 0.199 0.209 0.147 0.282

Drama1B 1.24B 0.103 0.072 0.151 0.122 0.082 0.162 0.163 0.112 0.238
+ instr. 0.052 0.033 0.077 0.075 0.044 0.095 0.081 0.055 0.143

InstructORxl 1.24B 0.146 0.102 0.198 0.169 0.121 0.227 0.223 0.167 0.310
+ instr. 0.089 0.054 0.114 0.113 0.071 0.156 0.135 0.085 0.183

Lychee-Embed 1.54B 0.132 0.087 0.160 0.145 0.101 0.193 0.192 0.139 0.259
+ instr. 0.137 0.090 0.166 0.149 0.104 0.200 0.202 0.148 0.293

Qwen3-Embedding4B 4.02B 0.181 0.126 0.230 0.160 0.110 0.207 0.216 0.155 0.287
+ instr. 0.212 0.145 0.269 0.176 0.120 0.235 0.241 0.181 0.341

BGE-en-ICL 7.11B 0.174 0.123 0.223 0.170 0.114 0.228 0.212 0.151 0.273
+ instr. 0.191 0.134 0.255 0.163 0.111 0.215 0.231 0.168 0.305

E5Mistral 7.11B 0.088 0.048 0.100 0.159 0.108 0.197 0.100 0.056 0.112
+ instr. 0.107 0.061 0.121 0.167 0.111 0.207 0.114 0.066 0.140

Linq-Embed-Mistral 7.11B 0.239 0.171 0.292 0.170 0.117 0.228 0.241 0.179 0.339
+ instr. 0.268 0.196 0.341 0.185 0.126 0.235 0.271 0.208 0.382

SFR-Embedding-Mistral 7.11B 0.199 0.145 0.252 0.171 0.117 0.236 0.219 0.160 0.301
+ instr. 0.233 0.165 0.298 0.176 0.120 0.236 0.244 0.180 0.328

Qwen3-Embedding8B 7.57B 0.198 0.136 0.273 0.174 0.122 0.242 0.253 0.183 0.333
+ instr. 0.229 0.165 0.317 0.180 0.127 0.260 0.270 0.205 0.390

Llama-EmbedNemotron-8B 7.50B 0.074 0.046 0.097 0.110 0.070 0.139 0.128 0.084 0.161
+ instr. 0.044 0.024 0.067 0.079 0.045 0.092 0.077 0.049 0.123

Table 7: Zero-shot summary-generator ablation results on MoraLink using Gemma 4 E2B generated direct moral
summaries. Each model is evaluated without a query instruction and with the general retrieval instruction (+ instr.).
summary-only and summary+fable columns use Gemma 4 E2B generated moral summaries. Best values in each
metric column are bolded.



fable-only summary-only summary+fable

Model Param MRR@10 MAP@10 R@10 MRR@10 MAP@10 R@10 MRR@10 MAP@10 R@10

MiniLML6-v2 22M 0.095 0.068 0.142 0.131 0.090 0.183 0.147 0.102 0.196
+ instr. 0.067 0.046 0.102 0.098 0.063 0.135 0.099 0.064 0.135

BGEbase-en-v1.5 109M 0.075 0.049 0.105 0.152 0.111 0.199 0.151 0.107 0.220
+ instr. 0.050 0.031 0.058 0.092 0.060 0.152 0.095 0.062 0.140

all-mpnet-base-v2 110M 0.096 0.067 0.157 0.164 0.117 0.217 0.182 0.131 0.254
+ instr. 0.042 0.027 0.073 0.088 0.060 0.124 0.092 0.065 0.148

Contriever 110M 0.101 0.070 0.159 0.151 0.100 0.193 0.198 0.138 0.238
+ instr. 0.078 0.056 0.126 0.134 0.090 0.175 0.130 0.088 0.162

E5base-v2 110M 0.106 0.072 0.137 0.153 0.112 0.202 0.192 0.144 0.240
+ instr. 0.103 0.071 0.144 0.156 0.113 0.201 0.184 0.135 0.252

InstructORbase 110M 0.097 0.066 0.148 0.153 0.109 0.211 0.182 0.135 0.258
+ instr. 0.056 0.035 0.086 0.127 0.089 0.173 0.137 0.094 0.182

TART-Contriever 110M 0.103 0.070 0.143 0.150 0.105 0.207 0.177 0.128 0.234
+ instr. 0.085 0.059 0.141 0.130 0.088 0.168 0.152 0.108 0.204

BGElarge-en-v1.5 335M 0.081 0.053 0.123 0.153 0.110 0.212 0.193 0.139 0.278
+ instr. 0.053 0.036 0.076 0.091 0.058 0.127 0.104 0.068 0.154

E5large-v2 335M 0.110 0.081 0.163 0.149 0.105 0.181 0.197 0.147 0.266
+ instr. 0.106 0.077 0.153 0.145 0.099 0.188 0.185 0.139 0.262

Nomic-v2 475M 0.126 0.090 0.182 0.157 0.112 0.214 0.206 0.148 0.269
+ instr. 0.064 0.042 0.084 0.097 0.065 0.144 0.126 0.085 0.154

BGE-M3 568M 0.109 0.076 0.160 0.153 0.106 0.199 0.210 0.153 0.276
+ instr. 0.079 0.051 0.108 0.134 0.091 0.184 0.180 0.122 0.234

Multilingual-E5large 560M 0.114 0.078 0.147 0.152 0.105 0.184 0.207 0.151 0.271
+ instr. 0.113 0.077 0.137 0.153 0.106 0.198 0.198 0.143 0.251

Multilingual-E5large-instruct 560M 0.099 0.068 0.154 0.170 0.118 0.217 0.197 0.145 0.264
+ instr. 0.114 0.077 0.164 0.182 0.130 0.238 0.207 0.156 0.285

Qwen3-Embedding0.6B 596M 0.123 0.084 0.164 0.171 0.123 0.223 0.217 0.160 0.280
+ instr. 0.135 0.089 0.178 0.175 0.126 0.239 0.236 0.176 0.309

Drama1B 1.24B 0.103 0.072 0.151 0.150 0.104 0.189 0.206 0.146 0.262
+ instr. 0.052 0.033 0.077 0.095 0.062 0.129 0.105 0.065 0.150

InstructORxl 1.24B 0.146 0.102 0.198 0.195 0.146 0.272 0.261 0.200 0.349
+ instr. 0.089 0.054 0.114 0.111 0.077 0.170 0.145 0.102 0.211

Lychee-Embed 1.54B 0.132 0.087 0.160 0.155 0.111 0.209 0.214 0.158 0.278
+ instr. 0.137 0.090 0.166 0.168 0.124 0.240 0.238 0.178 0.306

Qwen3-Embedding4B 4.02B 0.181 0.126 0.230 0.189 0.145 0.246 0.242 0.178 0.305
+ instr. 0.212 0.145 0.269 0.200 0.153 0.268 0.284 0.217 0.356

BGE-en-ICL 7.11B 0.174 0.123 0.223 0.200 0.150 0.253 0.223 0.167 0.294
+ instr. 0.191 0.134 0.255 0.184 0.134 0.237 0.245 0.184 0.310

E5Mistral 7.11B 0.088 0.048 0.100 0.185 0.134 0.234 0.113 0.066 0.121
+ instr. 0.107 0.061 0.121 0.185 0.136 0.239 0.124 0.073 0.138

Linq-Embed-Mistral 7.11B 0.239 0.171 0.292 0.191 0.143 0.247 0.275 0.208 0.370
+ instr. 0.268 0.196 0.341 0.204 0.156 0.287 0.292 0.226 0.418

SFR-Embedding-Mistral 7.11B 0.199 0.145 0.252 0.201 0.153 0.260 0.237 0.175 0.317
+ instr. 0.233 0.165 0.298 0.209 0.161 0.285 0.259 0.195 0.360

Qwen3-Embedding8B 7.57B 0.198 0.136 0.273 0.198 0.149 0.256 0.266 0.202 0.348
+ instr. 0.229 0.165 0.317 0.203 0.157 0.289 0.295 0.230 0.395

Llama-EmbedNemotron-8B 7.50B 0.074 0.046 0.097 0.130 0.092 0.176 0.133 0.086 0.169
+ instr. 0.044 0.024 0.067 0.080 0.048 0.096 0.092 0.057 0.108

Table 8: Zero-shot summary-generator ablation results on MoraLink using Gemma 4 E4B generated direct moral
summaries. Each model is evaluated without a query instruction and with the general retrieval instruction (+ instr.).
summary-only and summary+fable columns use Gemma 4 E4B generated moral summaries. Best values in each
metric column are bolded.



fable-only summary-only summary+fable

Model Param MRR@10 MAP@10 R@10 MRR@10 MAP@10 R@10 MRR@10 MAP@10 R@10

MiniLML6-v2 22M 0.095 0.068 0.142 0.232 0.164 0.284 0.186 0.134 0.258
+ instr. 0.067 0.046 0.102 0.148 0.099 0.204 0.132 0.091 0.189

BGEbase-en-v1.5 109M 0.075 0.049 0.105 0.249 0.178 0.294 0.207 0.150 0.283
+ instr. 0.050 0.031 0.058 0.152 0.098 0.205 0.131 0.088 0.198

all-mpnet-base-v2 110M 0.096 0.067 0.157 0.271 0.200 0.339 0.233 0.171 0.327
+ instr. 0.042 0.027 0.073 0.157 0.109 0.209 0.101 0.069 0.159

Contriever 110M 0.101 0.070 0.159 0.233 0.169 0.292 0.243 0.177 0.306
+ instr. 0.078 0.056 0.126 0.214 0.157 0.273 0.145 0.105 0.214

E5base-v2 110M 0.106 0.072 0.137 0.268 0.196 0.314 0.266 0.207 0.350
+ instr. 0.103 0.071 0.144 0.249 0.176 0.299 0.259 0.199 0.346

InstructORbase 110M 0.097 0.066 0.148 0.267 0.195 0.328 0.250 0.183 0.329
+ instr. 0.056 0.035 0.086 0.216 0.152 0.271 0.196 0.145 0.265

TART-Contriever 110M 0.103 0.070 0.143 0.270 0.201 0.322 0.218 0.162 0.312
+ instr. 0.085 0.059 0.141 0.242 0.174 0.299 0.187 0.133 0.263

BGElarge-en-v1.5 335M 0.081 0.053 0.123 0.264 0.191 0.316 0.271 0.207 0.358
+ instr. 0.053 0.036 0.076 0.127 0.083 0.197 0.152 0.110 0.240

E5large-v2 335M 0.110 0.081 0.163 0.258 0.186 0.312 0.267 0.203 0.338
+ instr. 0.106 0.077 0.153 0.246 0.174 0.292 0.262 0.203 0.352

Nomic-v2 475M 0.126 0.090 0.182 0.269 0.198 0.316 0.285 0.217 0.367
+ instr. 0.064 0.042 0.084 0.178 0.121 0.215 0.180 0.119 0.217

BGE-M3 568M 0.109 0.076 0.160 0.272 0.197 0.324 0.283 0.217 0.368
+ instr. 0.079 0.051 0.108 0.245 0.177 0.294 0.241 0.173 0.314

Multilingual-E5large 560M 0.114 0.078 0.147 0.269 0.193 0.313 0.271 0.203 0.328
+ instr. 0.113 0.077 0.137 0.279 0.203 0.324 0.272 0.201 0.331

Multilingual-E5large-instruct 560M 0.099 0.068 0.154 0.295 0.225 0.374 0.261 0.201 0.339
+ instr. 0.114 0.077 0.164 0.316 0.244 0.383 0.280 0.218 0.351

Qwen3-Embedding0.6B 596M 0.123 0.084 0.164 0.289 0.218 0.356 0.286 0.211 0.356
+ instr. 0.135 0.089 0.178 0.297 0.220 0.337 0.311 0.232 0.397

Drama1B 1.24B 0.103 0.072 0.151 0.263 0.192 0.311 0.282 0.212 0.363
+ instr. 0.052 0.033 0.077 0.183 0.120 0.226 0.159 0.109 0.230

InstructORxl 1.24B 0.146 0.102 0.198 0.312 0.241 0.400 0.324 0.258 0.433
+ instr. 0.089 0.054 0.114 0.235 0.174 0.286 0.189 0.127 0.261

Lychee-Embed 1.54B 0.132 0.087 0.160 0.282 0.202 0.318 0.282 0.212 0.358
+ instr. 0.137 0.090 0.166 0.287 0.210 0.339 0.301 0.232 0.406

Qwen3-Embedding4B 4.02B 0.181 0.126 0.230 0.327 0.250 0.388 0.314 0.246 0.409
+ instr. 0.212 0.145 0.269 0.331 0.255 0.409 0.350 0.276 0.465

BGE-en-ICL 7.11B 0.174 0.123 0.223 0.328 0.256 0.414 0.306 0.241 0.395
+ instr. 0.191 0.134 0.255 0.327 0.251 0.387 0.328 0.257 0.419

E5Mistral 7.11B 0.088 0.048 0.100 0.274 0.205 0.346 0.137 0.086 0.161
+ instr. 0.107 0.061 0.121 0.288 0.220 0.364 0.157 0.097 0.172

Linq-Embed-Mistral 7.11B 0.239 0.171 0.292 0.317 0.246 0.400 0.333 0.267 0.455
+ instr. 0.268 0.196 0.341 0.331 0.256 0.430 0.368 0.297 0.486

SFR-Embedding-Mistral 7.11B 0.199 0.145 0.252 0.330 0.256 0.425 0.292 0.227 0.388
+ instr. 0.233 0.165 0.298 0.338 0.257 0.416 0.319 0.251 0.427

Qwen3-Embedding8B 7.57B 0.198 0.136 0.273 0.334 0.258 0.413 0.357 0.285 0.461
+ instr. 0.229 0.165 0.317 0.338 0.262 0.437 0.382 0.308 0.516

Llama-EmbedNemotron-8B 7.50B 0.074 0.046 0.097 0.246 0.176 0.292 0.194 0.133 0.245
+ instr. 0.044 0.024 0.067 0.192 0.125 0.190 0.129 0.084 0.167

Table 9: Zero-shot summary-generator ablation results on MoraLink using Gemma 4 31B generated direct moral
summaries. Each model is evaluated without a query instruction and with the general retrieval instruction (+ instr.).
summary-only and summary+fable columns use Gemma 4 31B generated moral summaries. Best values in each
metric column are bolded.



fable-only summary-only summary+fable

Model Param MRR@10 MAP@10 R@10 MRR@10 MAP@10 R@10 MRR@10 MAP@10 R@10

MiniLML6-v2 22M 0.095 0.068 0.142 1.000 0.929 0.940 0.723 0.636 0.759
+ instr. 0.067 0.046 0.102 0.956 0.865 0.893 0.562 0.480 0.614

BGEbase-en-v1.5 109M 0.075 0.049 0.105 1.000 0.934 0.948 0.856 0.765 0.867
+ instr. 0.050 0.031 0.058 0.993 0.903 0.921 0.674 0.592 0.714

all-mpnet-base-v2 110M 0.096 0.067 0.157 1.000 0.940 0.958 0.830 0.747 0.859
+ instr. 0.042 0.027 0.073 0.869 0.786 0.870 0.463 0.409 0.573

Contriever 110M 0.101 0.070 0.159 1.000 0.934 0.948 0.933 0.835 0.893
+ instr. 0.078 0.056 0.126 1.000 0.926 0.936 0.736 0.629 0.742

E5base-v2 110M 0.106 0.072 0.137 1.000 0.939 0.952 0.965 0.881 0.916
+ instr. 0.103 0.071 0.144 1.000 0.939 0.951 0.961 0.880 0.928

InstructORbase 110M 0.097 0.066 0.148 1.000 0.937 0.953 0.947 0.863 0.911
+ instr. 0.056 0.035 0.086 0.995 0.920 0.937 0.820 0.729 0.847

TART-Contriever 110M 0.103 0.070 0.143 1.000 0.938 0.948 0.929 0.828 0.902
+ instr. 0.085 0.059 0.141 1.000 0.930 0.946 0.866 0.762 0.856

BGElarge-en-v1.5 335M 0.081 0.053 0.123 1.000 0.940 0.952 0.931 0.849 0.901
+ instr. 0.053 0.036 0.076 0.958 0.865 0.906 0.777 0.689 0.802

E5large-v2 335M 0.110 0.081 0.163 1.000 0.937 0.950 0.940 0.854 0.894
+ instr. 0.106 0.077 0.153 1.000 0.939 0.947 0.953 0.869 0.905

Nomic-v2 475M 0.126 0.090 0.182 1.000 0.938 0.951 0.993 0.913 0.935
+ instr. 0.064 0.042 0.084 0.998 0.915 0.931 0.893 0.790 0.866

BGE-M3 568M 0.109 0.076 0.160 1.000 0.945 0.958 0.966 0.889 0.930
+ instr. 0.079 0.051 0.108 1.000 0.935 0.950 0.914 0.829 0.903

Multilingual-E5large 560M 0.114 0.078 0.147 1.000 0.946 0.957 0.952 0.864 0.908
+ instr. 0.113 0.077 0.137 1.000 0.944 0.957 0.961 0.875 0.910

Multilingual-E5large-instruct 560M 0.099 0.068 0.154 1.000 0.951 0.964 0.914 0.829 0.896
+ instr. 0.114 0.077 0.164 1.000 0.951 0.963 0.930 0.849 0.913

Qwen3-Embedding0.6B 596M 0.123 0.084 0.164 1.000 0.945 0.958 0.903 0.827 0.911
+ instr. 0.135 0.089 0.178 1.000 0.947 0.963 0.955 0.884 0.933

Drama1B 1.24B 0.103 0.072 0.151 1.000 0.934 0.954 0.981 0.904 0.937
+ instr. 0.052 0.033 0.077 0.999 0.912 0.928 0.844 0.741 0.831

InstructORxl 1.24B 0.146 0.102 0.198 1.000 0.958 0.968 0.940 0.867 0.930
+ instr. 0.089 0.054 0.114 0.999 0.930 0.946 0.717 0.632 0.782

Lychee-Embed 1.54B 0.132 0.087 0.160 1.000 0.944 0.960 0.830 0.752 0.871
+ instr. 0.137 0.090 0.166 1.000 0.943 0.956 0.897 0.817 0.900

Qwen3-Embedding4B 4.02B 0.181 0.126 0.230 1.000 0.959 0.970 0.800 0.727 0.849
+ instr. 0.212 0.145 0.269 1.000 0.958 0.971 0.910 0.836 0.923

BGE-en-ICL 7.11B 0.174 0.123 0.223 1.000 0.955 0.971 0.842 0.771 0.884
+ instr. 0.191 0.134 0.255 1.000 0.956 0.970 0.936 0.863 0.923

E5Mistral 7.11B 0.088 0.048 0.100 1.000 0.947 0.962 0.266 0.212 0.311
+ instr. 0.107 0.061 0.121 1.000 0.950 0.966 0.321 0.258 0.389

Linq-Embed-Mistral 7.11B 0.239 0.171 0.292 1.000 0.961 0.974 0.923 0.855 0.938
+ instr. 0.268 0.196 0.341 1.000 0.959 0.972 0.973 0.910 0.951

SFR-Embedding-Mistral 7.11B 0.199 0.145 0.252 1.000 0.964 0.977 0.782 0.709 0.858
+ instr. 0.233 0.165 0.298 1.000 0.961 0.975 0.879 0.811 0.911

Qwen3-Embedding8B 7.57B 0.198 0.136 0.273 1.000 0.961 0.976 0.883 0.820 0.908
+ instr. 0.229 0.165 0.317 1.000 0.963 0.975 0.934 0.876 0.939

Llama-EmbedNemotron-8B 7.50B 0.074 0.046 0.097 0.996 0.921 0.941 0.806 0.715 0.843
+ instr. 0.044 0.024 0.067 0.983 0.879 0.890 0.505 0.443 0.577

Table 10: Oracle document-abstraction results on MoraLink. Each model is evaluated without a query instruction
and with the general retrieval instruction (+ instr.). summary-only and summary+fable columns use the human-
annotated MORABLES moral associated with each fable as an oracle summary. This setting uses label information
and is intended as an upper-bound control, not as a valid test-time input. Best values in each metric column are
bolded.



fable-only summary-only summary+fable

Model Param MRR@10 MAP@10 R@10 MRR@10 MAP@10 R@10 MRR@10 MAP@10 R@10

BM25 – 0.073 0.057 0.124 0.196 0.143 0.231 0.193 0.146 0.261

Gemini-3.1-Flash-Lite N/A 0.156 0.110 0.217 0.383 0.332 0.526 0.210 0.163 0.265
GPT-5.4-Nano N/A 0.102 0.077 0.141 0.314 0.258 0.365 0.246 0.196 0.290

MiniLML6-v2 22M 0.095 0.068 0.142 0.287 0.222 0.364 0.220 0.167 0.292
+ instr. 0.067 0.046 0.102 0.214 0.158 0.258 0.151 0.108 0.199

BGEbase-en-v1.5 109M 0.075 0.049 0.105 0.281 0.210 0.334 0.254 0.193 0.328
+ instr. 0.050 0.031 0.058 0.217 0.153 0.259 0.165 0.116 0.213

all-mpnet-base-v2 110M 0.096 0.067 0.157 0.326 0.253 0.406 0.273 0.208 0.362
+ instr. 0.042 0.027 0.073 0.192 0.141 0.252 0.126 0.092 0.205

Contriever 110M 0.101 0.070 0.159 0.301 0.230 0.377 0.285 0.214 0.347
+ instr. 0.078 0.056 0.126 0.279 0.207 0.334 0.187 0.133 0.247

E5base-v2 110M 0.106 0.072 0.137 0.315 0.244 0.393 0.306 0.243 0.392
+ instr. 0.103 0.071 0.144 0.295 0.226 0.378 0.307 0.239 0.385

InstructORbase 110M 0.097 0.066 0.148 0.321 0.248 0.391 0.287 0.225 0.378
+ instr. 0.056 0.035 0.086 0.257 0.188 0.314 0.213 0.158 0.284

TART-Contriever 110M 0.103 0.070 0.143 0.309 0.233 0.389 0.262 0.196 0.351
+ instr. 0.085 0.059 0.141 0.295 0.222 0.368 0.232 0.168 0.299

BGElarge-en-v1.5 335M 0.081 0.053 0.123 0.314 0.244 0.387 0.309 0.246 0.399
+ instr. 0.053 0.036 0.076 0.170 0.113 0.211 0.207 0.154 0.271

E5large-v2 335M 0.110 0.081 0.163 0.311 0.243 0.398 0.311 0.244 0.405
+ instr. 0.106 0.077 0.153 0.302 0.231 0.369 0.321 0.251 0.399

Nomic-v2 475M 0.126 0.090 0.182 0.318 0.246 0.378 0.315 0.250 0.412
+ instr. 0.064 0.042 0.084 0.242 0.175 0.287 0.202 0.143 0.252

BGE-M3 568M 0.109 0.076 0.160 0.309 0.248 0.403 0.339 0.268 0.426
+ instr. 0.079 0.051 0.108 0.281 0.219 0.353 0.281 0.217 0.371

Multilingual-E5large 560M 0.114 0.078 0.147 0.321 0.252 0.409 0.322 0.253 0.404
+ instr. 0.113 0.077 0.137 0.311 0.245 0.385 0.315 0.247 0.393

Multilingual-E5large-instruct 560M 0.099 0.068 0.154 0.347 0.276 0.442 0.316 0.255 0.424
+ instr. 0.114 0.077 0.164 0.366 0.295 0.462 0.328 0.264 0.445

Qwen3-Embedding0.6B 596M 0.123 0.084 0.164 0.337 0.266 0.424 0.325 0.251 0.421
+ instr. 0.135 0.089 0.178 0.349 0.275 0.435 0.355 0.278 0.463

DRAMA1B 1.24B 0.103 0.072 0.151 0.309 0.243 0.386 0.327 0.258 0.422
+ instr. 0.052 0.033 0.077 0.258 0.191 0.293 0.207 0.150 0.261

InstructORxl 1.24B 0.146 0.102 0.198 0.398 0.326 0.496 0.381 0.312 0.493
+ instr. 0.089 0.054 0.114 0.283 0.213 0.352 0.234 0.169 0.305

Lychee-Embed 1.54B 0.132 0.087 0.160 0.333 0.258 0.410 0.323 0.254 0.421
+ instr. 0.137 0.090 0.166 0.345 0.274 0.423 0.342 0.275 0.460

Qwen3-Embedding4B 4.02B 0.181 0.126 0.230 0.378 0.315 0.494 0.358 0.290 0.468
+ instr. 0.212 0.145 0.269 0.388 0.321 0.510 0.401 0.331 0.534

BGE-en-ICL 7.11B 0.174 0.123 0.223 0.400 0.329 0.505 0.340 0.274 0.424
+ instr. 0.191 0.134 0.255 0.388 0.317 0.501 0.366 0.298 0.479

E5Mistral 7.11B 0.088 0.048 0.100 0.343 0.277 0.417 0.152 0.093 0.166
+ instr. 0.107 0.061 0.121 0.356 0.290 0.454 0.174 0.111 0.193

Linq-Embed-Mistral 7.11B 0.239 0.171 0.292 0.395 0.322 0.488 0.385 0.317 0.510
+ instr. 0.268 0.196 0.341 0.406 0.336 0.531 0.408 0.343 0.550

SFR-Embedding-Mistral 7.11B 0.199 0.145 0.252 0.386 0.313 0.495 0.328 0.265 0.437
+ instr. 0.233 0.165 0.298 0.403 0.334 0.531 0.365 0.299 0.493

Qwen3-Embedding8B 7.57B 0.198 0.136 0.273 0.392 0.320 0.499 0.410 0.339 0.517
+ instr. 0.229 0.165 0.317 0.404 0.335 0.528 0.428 0.360 0.565

Llama-EmbedNemotron-8B 7.50B 0.074 0.046 0.097 0.286 0.220 0.339 0.224 0.163 0.285
+ instr. 0.044 0.024 0.067 0.225 0.167 0.265 0.133 0.092 0.175

Table 11: Complete zero-shot results on MoraLink, together with BM25 and direct LLM ranking baselines.
Embedding models are evaluated without a query instruction and with the general retrieval instruction (+ instr.);
BM25 and direct LLM rows are single-setting baselines. summary-only and summary+fable columns use Gemini
3 Flash generated moral summaries. Best values in each metric column are bolded.



K.1 Queries with One or Several Relevant Fables
Table 12 reports results separately for the 469 queries with one relevant fable and the 199 queries with
several relevant fables. Queries with several relevant fables provide more opportunities for a first correct
result, so their higher MRR@10 should not be interpreted as showing that these queries are inherently
easier.
Table 12: Zero-shot results for queries with one relevant fable and queries with several relevant fables. Summary-
based representations use Gemini 3 Flash summaries. Best values within each query group are bolded.

Model Queries fable-only summary-only summary+fable

MRR@10 MAP@10 R@10 MRR@10 MAP@10 R@10 MRR@10 MAP@10 R@10

MiniLML6-v2 One 0.087 0.077 0.158 0.213 0.201 0.350 0.184 0.173 0.309
Several 0.114 0.046 0.104 0.463 0.271 0.398 0.306 0.154 0.251

+ instr. One 0.063 0.054 0.117 0.155 0.143 0.243 0.124 0.111 0.211
Several 0.075 0.026 0.067 0.352 0.195 0.292 0.216 0.099 0.172

all-mpnet-base-v2 One 0.087 0.075 0.173 0.244 0.231 0.392 0.211 0.197 0.365
Several 0.118 0.049 0.121 0.517 0.305 0.437 0.417 0.233 0.356

+ instr. One 0.042 0.033 0.083 0.140 0.127 0.239 0.107 0.094 0.215
Several 0.045 0.014 0.049 0.317 0.174 0.282 0.169 0.086 0.181

BGEbase-en-v1.5 One 0.067 0.056 0.111 0.193 0.179 0.305 0.210 0.197 0.345
Several 0.093 0.033 0.091 0.489 0.283 0.403 0.359 0.183 0.286

+ instr. One 0.045 0.036 0.062 0.140 0.128 0.232 0.129 0.117 0.220
Several 0.063 0.021 0.048 0.399 0.212 0.321 0.251 0.113 0.198

BGElarge-en-v1.5 One 0.070 0.058 0.132 0.231 0.218 0.369 0.256 0.242 0.403
Several 0.108 0.041 0.101 0.508 0.306 0.428 0.435 0.254 0.391

+ instr. One 0.051 0.043 0.090 0.108 0.094 0.190 0.173 0.160 0.279
Several 0.057 0.017 0.043 0.314 0.158 0.262 0.286 0.139 0.253

BGE-M3 One 0.099 0.088 0.179 0.236 0.225 0.388 0.272 0.259 0.439
Several 0.132 0.049 0.116 0.481 0.305 0.438 0.495 0.290 0.396

+ instr. One 0.068 0.057 0.117 0.210 0.198 0.337 0.215 0.204 0.375
Several 0.105 0.037 0.085 0.450 0.268 0.390 0.437 0.249 0.362

BGE-en-ICL One 0.135 0.123 0.235 0.327 0.317 0.507 0.281 0.268 0.433
Several 0.267 0.124 0.197 0.573 0.359 0.499 0.479 0.287 0.404

+ instr. One 0.147 0.135 0.267 0.314 0.304 0.503 0.303 0.291 0.495
Several 0.297 0.130 0.228 0.562 0.348 0.497 0.517 0.313 0.442

Contriever One 0.093 0.082 0.179 0.217 0.205 0.352 0.222 0.210 0.345
Several 0.120 0.042 0.112 0.500 0.289 0.437 0.431 0.223 0.352

+ instr. One 0.078 0.068 0.145 0.189 0.175 0.296 0.145 0.134 0.247
Several 0.080 0.027 0.080 0.492 0.283 0.422 0.285 0.130 0.246

TART-Contriever One 0.090 0.079 0.158 0.216 0.204 0.367 0.199 0.187 0.352
Several 0.133 0.050 0.108 0.529 0.303 0.441 0.411 0.218 0.349

+ instr. One 0.078 0.068 0.162 0.210 0.198 0.350 0.178 0.165 0.301
Several 0.102 0.036 0.092 0.496 0.279 0.412 0.361 0.174 0.294

DRAMA1B One 0.096 0.084 0.173 0.232 0.220 0.369 0.262 0.249 0.422
Several 0.121 0.043 0.101 0.492 0.299 0.426 0.482 0.279 0.420

+ instr. One 0.050 0.039 0.087 0.192 0.179 0.279 0.168 0.154 0.267
Several 0.055 0.018 0.052 0.414 0.221 0.324 0.300 0.142 0.249

E5base-v2 One 0.093 0.081 0.151 0.230 0.217 0.377 0.250 0.237 0.405
Several 0.135 0.052 0.104 0.514 0.308 0.429 0.437 0.255 0.360

+ instr. One 0.095 0.083 0.164 0.212 0.200 0.362 0.249 0.237 0.392
Several 0.120 0.043 0.097 0.489 0.287 0.416 0.445 0.244 0.368

E5large-v2 One 0.106 0.094 0.188 0.235 0.223 0.386 0.257 0.246 0.426
Several 0.119 0.052 0.105 0.490 0.290 0.427 0.439 0.241 0.355

+ instr. One 0.101 0.090 0.177 0.223 0.210 0.354 0.265 0.251 0.405
Several 0.115 0.045 0.098 0.486 0.281 0.406 0.452 0.251 0.384

E5Mistral One 0.049 0.039 0.081 0.270 0.258 0.394 0.091 0.079 0.149
Several 0.180 0.069 0.144 0.514 0.322 0.469 0.294 0.126 0.207

+ instr. One 0.057 0.047 0.098 0.284 0.274 0.439 0.104 0.093 0.175
Several 0.226 0.096 0.174 0.524 0.328 0.487 0.337 0.154 0.237

Multilingual-E5large One 0.099 0.087 0.164 0.241 0.231 0.401 0.268 0.256 0.416
Several 0.148 0.055 0.108 0.510 0.303 0.428 0.449 0.247 0.378

+ instr. One 0.096 0.085 0.154 0.236 0.222 0.369 0.256 0.244 0.397
Several 0.153 0.057 0.099 0.490 0.298 0.423 0.454 0.253 0.385

Continued on next page



Table 12 continued

Model Queries fable-only summary-only summary+fable

MRR@10 MAP@10 R@10 MRR@10 MAP@10 R@10 MRR@10 MAP@10 R@10

Multilingual-E5large-instruct One 0.088 0.076 0.162 0.267 0.254 0.429 0.267 0.256 0.439
Several 0.128 0.050 0.136 0.535 0.329 0.473 0.432 0.252 0.390

+ instr. One 0.097 0.085 0.171 0.290 0.278 0.454 0.276 0.265 0.467
Several 0.154 0.059 0.148 0.544 0.335 0.480 0.451 0.259 0.393

InstructORbase One 0.086 0.075 0.166 0.234 0.221 0.369 0.230 0.217 0.382
Several 0.122 0.043 0.106 0.525 0.312 0.442 0.420 0.243 0.369

+ instr. One 0.053 0.042 0.098 0.178 0.164 0.292 0.172 0.159 0.292
Several 0.063 0.019 0.059 0.444 0.242 0.367 0.310 0.158 0.264

InstructORxl One 0.127 0.114 0.215 0.323 0.310 0.495 0.321 0.309 0.507
Several 0.191 0.073 0.157 0.577 0.363 0.498 0.524 0.318 0.458

+ instr. One 0.067 0.056 0.115 0.210 0.197 0.339 0.171 0.158 0.303
Several 0.139 0.049 0.112 0.454 0.249 0.383 0.381 0.195 0.309

Nomic-v2 One 0.117 0.105 0.203 0.233 0.220 0.345 0.255 0.243 0.418
Several 0.147 0.053 0.134 0.517 0.307 0.455 0.455 0.265 0.398

+ instr. One 0.057 0.047 0.087 0.163 0.150 0.271 0.147 0.134 0.247
Several 0.080 0.028 0.077 0.429 0.234 0.326 0.333 0.164 0.263

Qwen3-Embedding0.6B One 0.108 0.096 0.181 0.251 0.240 0.401 0.253 0.240 0.422
Several 0.159 0.055 0.123 0.537 0.327 0.478 0.492 0.275 0.418

+ instr. One 0.110 0.097 0.188 0.261 0.248 0.416 0.277 0.264 0.465
Several 0.194 0.069 0.157 0.557 0.338 0.481 0.539 0.312 0.457

Qwen3-Embedding4B One 0.145 0.131 0.237 0.315 0.305 0.490 0.301 0.290 0.480
Several 0.266 0.115 0.215 0.529 0.338 0.503 0.491 0.291 0.441

+ instr. One 0.158 0.143 0.269 0.320 0.308 0.514 0.344 0.332 0.552
Several 0.340 0.149 0.271 0.548 0.352 0.502 0.535 0.330 0.492

Qwen3-Embedding8B One 0.145 0.132 0.277 0.314 0.304 0.497 0.351 0.339 0.531
Several 0.324 0.145 0.264 0.573 0.358 0.505 0.548 0.338 0.486

+ instr. One 0.180 0.166 0.316 0.333 0.323 0.529 0.372 0.361 0.593
Several 0.344 0.162 0.321 0.571 0.364 0.525 0.559 0.358 0.501

Linq-Embed-Mistral One 0.188 0.175 0.301 0.314 0.302 0.478 0.337 0.325 0.539
Several 0.357 0.162 0.271 0.587 0.368 0.514 0.499 0.298 0.441

+ instr. One 0.208 0.196 0.343 0.332 0.321 0.535 0.360 0.347 0.571
Several 0.407 0.196 0.336 0.581 0.369 0.521 0.521 0.333 0.500

SFR-Embedding-Mistral One 0.160 0.148 0.254 0.306 0.294 0.484 0.283 0.270 0.463
Several 0.292 0.136 0.247 0.574 0.358 0.520 0.433 0.254 0.375

+ instr. One 0.177 0.165 0.307 0.331 0.320 0.535 0.312 0.299 0.512
Several 0.366 0.164 0.277 0.574 0.366 0.523 0.490 0.298 0.449

Llama-EmbedNemotron-8B One 0.061 0.050 0.102 0.216 0.203 0.320 0.171 0.157 0.281
Several 0.104 0.037 0.084 0.451 0.259 0.385 0.349 0.177 0.293

+ instr. One 0.037 0.027 0.072 0.167 0.157 0.258 0.107 0.093 0.179
Several 0.061 0.017 0.054 0.361 0.191 0.282 0.195 0.088 0.167

Lychee-Embed One 0.099 0.087 0.162 0.246 0.234 0.397 0.268 0.255 0.439
Several 0.211 0.088 0.154 0.539 0.315 0.441 0.452 0.252 0.379

+ instr. One 0.102 0.090 0.168 0.265 0.251 0.416 0.287 0.275 0.480
Several 0.219 0.089 0.159 0.534 0.328 0.439 0.470 0.274 0.412



K.2 Word Overlap Between Queries and
Summaries

We lowercase each text and remove punctuation,
one-character tokens, and stopwords such as “the”
and “and.” For every query and relevant document,
we calculate the proportion of their distinct remain-
ing words that appear in both texts. Table 13 reports
the average word overlap across the 1,085 relevant
query-document pairs.

To test whether summaries improve retrieval
partly because they reuse words from the query, we
compare every summary-based experiment with
the corresponding experiment using the original fa-
bles. Within each comparison, we keep the retrieval
model, query instructions, and all 668 queries un-
changed. We change only the candidate texts from
original fables to generated summaries.

We make 159 comparisons in total. For Gemini,
we evaluate 23 retrieval models with three sum-
mary types, giving 69 comparisons. For Gemma,
we evaluate 10 retrieval models with three Gemma
versions and three summary types, giving 90 com-
parisons.

For each query, we measure two changes: how
much its word overlap increases and how much
the rank of its first relevant result improves. We
use Spearman correlation to measure whether these
changes tend to move together. The correlation
is positive in all 159 comparisons, meaning that
queries with larger increases in word overlap also
tend to receive larger improvements in rank. The
median correlation is 0.344, with values ranging
from 0.051 to 0.566. These results show that closer
wording may help explain the improvements, but
they do not show that it caused them. The corre-
sponding retrieval results for these three summary
types are reported in Table 5 in Appendix F.

L Fine-tuning Data Preprocessing

We use two sources for fine-tuning: STORAL, a
dataset of real human-authored stories paired with
morals, and TF1-EN-3M, a large synthetic corpus
of LLM-generated fables. Both datasets require
careful preprocessing to avoid lexical leakage and
near-duplicate content that could artificially inflate
performance on MoraLink. We describe the pre-
processing pipeline for each source below.

L.1 STORAL Preprocessing

STORAL (Guan et al., 2022) provides short stories
paired with explicit moral statements. To avoid

Source Summary type Mean overlap Median ρ

Original fable 0.007

Gemini 3 Flash direct moral 0.076 0.491
conceptual abstract 0.058 0.417
cot proverb 0.103 0.489

Gemma 4 E2B direct moral 0.016 0.216
conceptual abstract 0.012 0.253
cot proverb 0.016 0.263

Gemma 4 E4B direct moral 0.025 0.262
conceptual abstract 0.015 0.327
cot proverb 0.015 0.290

Gemma 4 31B direct moral 0.052 0.361
conceptual abstract 0.040 0.340
cot proverb 0.060 0.381

Table 13: Word overlap between moral queries and rele-
vant documents. ρ is the median Spearman correlation
between increased word overlap and improved recipro-
cal rank across matched retrieval settings. Best values
are bolded.

leakage into the MoraLink evaluation set, we apply
two filtering steps.

First, we remove any STORAL pair whose moral
exactly matches a moral in MoraLink. Matching
is performed after light normalization: lowercas-
ing, trimming whitespace, and collapsing repeated
whitespace. This removes 140 pairs.

Second, we apply near-duplicate fable detec-
tion to avoid content overlap between STORAL
stories and MoraLink fables. Since duplicated
or lightly adapted fables typically share their
opening sentences, we compare the beginning of
each STORAL story against the beginning of ev-
ery MoraLink fable. Both texts are lowercased
and truncated to their first 400 characters, and a
STORAL pair is removed if any MoraLink fable ob-
tains a character-overlap similarity score of at least
0.6. This process flags 44 additional pairs, which
we manually verify to confirm near-duplicate story
content before removal.

After both filtering steps (exact moral matches
and near-duplicate fables), the final STORAL train-
ing source contains 1,595 story–moral pairs. These
correspond to 1,530 unique normalized morals.
The difference arises because some normalized
moral statements are paired with multiple STORAL
stories: 57 duplicate-moral groups account for 122
stories. We keep these examples and treat stories
with the same normalized moral as same-label pos-
itives during contrastive training.

For every fine-tuning experiment, 10% of moral
groups (not individual pairs) are reserved for vali-



dation, ensuring that stories sharing the same moral
remain in the same split.

L.2 TF1-EN-3M Preprocessing

TF1-EN-3M (Nadas et al., 2025) contains three
million LLM-generated fables produced from a
fixed pool of 100 moral prompts. Each example
contains a generated fable together with the moral
prompt used to generate it. We treat this prompt as
the intended moral for the generated fable.

Since MoraLink is sensitive to lexical leakage,
we construct a low-overlap derivative of TF1-EN-
3M. For each moral in TF1-EN-3M, we first re-
move generated fables that contain the moral ver-
batim or near-verbatim, including cases where the
fable explicitly states the moral as a concluding
lesson. Among the remaining fables, we select
those with the lowest content-word intersection-
over-union (IoU) between the moral and the fable
text. This yields 100 morals, each paired with 20
fables, for 2,000 moral–fable pairs.

To avoid direct overlap with MoraLink, we re-
move entire moral groups whose morals exactly
match a MoraLink moral, as well as groups contain-
ing any generated fable with an explicit MoraLink
moral phrase embedded in its text. This removes 5
moral groups, leaving 95 morals and 1,900 gener-
ated fables.

We experiment with multiple training set sizes:
20 morals with 10 fables each (200 pairs), 50
morals with 10 fables each (500 pairs), all 95
morals with 10 fables each (950 pairs), and all
95 morals with 20 fables each (1,900 pairs). As
with STORAL, 10% of moral groups are reserved
for validation in every experiment, and all fables
associated with the same moral remain in the same
split to prevent label leakage.

M Fine-tuning Results and
Hyperparameters

Hyperparameters. All fine-tuned models are
trained on moral–story pairs without query instruc-
tions and without generated summaries; generated
summaries are used only at evaluation time. We
evaluate four training-data settings: real STORAL
data, synthetic TF1-EN-3M data, a synthetic-to-
real curriculum, and a shuffled mixture of synthetic
and real examples. We use the in-batch contrastive
objective described in §4.3, with false-negative
masking based on exact moral labels. All runs
use a 10% validation split at the moral-group level,

so examples sharing the same moral remain in the
same split. Each experiment is repeated with seeds
42, 43, and 44. Shared optimization hyperparam-
eters are reported in Table 16, and model-specific
batch sizes, learning rates, and adaptation methods
are reported in Table 14.

Full Fine-tuning Results. Figure 6 shows Re-
call@10 results for the fine-tuning experiments un-
der the same inference-time configuration used in
Figure 2. Figure 7 shows the results of the fine-
tuned models using the rest of the inference-time
configurations.

N Technical Details

We run the experiments on an NVIDIA RTX 3090
GPU. We report GPU-hours rather than wall-clock
time because several runs were executed in paral-
lel across available GPUs. Including experimenta-
tion and hyperparameter tuning, we estimate that
the zero-shot experiments took approximately 20
GPU-hours, and the fine-tuning experiments ap-
proximately 55 GPU-hours. For prompting and
accessing LLMs, we use Agno, which provides a
modular, reproducible framework for LLM evalu-
ation across multiple providers by wrapping their
APIs in a unified layer. Generating the reusable
Gemini 3 Flash moral summaries for all 709 fa-
bles cost approximately $4 across the three prompt
variants reported in the paper. For direct LLM
ranking, we evaluate three document configura-
tions for each of two models using the providers’
batch APIs. Based on the recorded token usage,
these six runs cost approximately $35.5 in total:
about $20.0 for Gemini-3.1-Flash-Lite and $15.5
for GPT-5.4-Nano. We use SentenceTransformer
to load and run embedding models, and PyTorch
for fine-tuning.

O Artifacts

We detail the artifacts we use, their usage, and
licenses in Table 15.

P Model Checkpoints

In Table 17, we present the checkpoints (or snap-
shots) used in this work and the models’ sizes and
licenses.

Q AI assistants

We used AI assistants (e.g., ChatGPT) to support
code formatting, provide phrasing suggestions, and



Model Param Batch Grad. accum. Eff. batch LR Adaptation

MiniLML6-v2 22M 16 1 16 2×10−5 full fine-tuning
BGE-M3 568M 8 2 16 2×10−5 full fine-tuning
Qwen3-Embedding0.6B 596M 4 4 16 1×10−4 LoRA, r = 64, α = 128
InstructORxl 1.24B 4 4 16 2×10−5 LoRA, r = 16, α = 32
Qwen3-Embedding4B 4.02B 2 8 16 1×10−4 LoRA, r = 64, α = 128

Table 14: Model-specific fine-tuning hyperparameters. Gradient checkpointing is enabled for all models except
MiniLML6-v2. LoRA uses dropout 0.05; Qwen models target the attention projection matrices, while InstructORxl
uses all linear modules.
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Figure 6: Recall@10 results for the fine-tuning experiments under the same inference-time configuration used in
Figure 2. Results are averaged over three random seeds, with error bars denoting standard deviation.

Artifact Type License Usage

MORABLESa Dataset CC-BY-NC-4.0 Benchmark source
STORALb Dataset Not specified Fine-tuning data
TF1-EN-3Mc Dataset MIT Synthetic fine-tuning data
Agnod Framework Apache-2.0 LLM prompting
SentenceTransformerse Package Apache-2.0 Embedding models
PyTorchf Package BSD-style Fine-tuning

a https://huggingface.co/datasets/cardiffnlp/Morables
b https://huggingface.co/datasets/Jiann/STORAL
c https://huggingface.co/datasets/klusai/ds-tf1-en-3m
d https://www.agno.com/
e https://huggingface.co/sentence-transformers
f https://github.com/pytorch/pytorch

Table 15: Artifacts used during experiments, along with
their license and usage explanation.

assist with LaTeX styling during writing. All out-
puts were reviewed and edited by the authors. No
content was directly generated or used without hu-
man verification.

Parameter Value

Max epochs 10
Validation split 10%
Early stopping metric MRR@10
Early stopping patience 3 epochs
Contrastive temperature τ 0.05
Effective batch size 16
Max sequence length 512
Seeds 42, 43, 44

Table 16: Shared fine-tuning hyperparameters. The
effective batch size is kept fixed at 16 across models
using gradient accumulation; model-specific physical
batch sizes and learning rates are listed in Table 14.

https://huggingface.co/datasets/cardiffnlp/Morables
https://huggingface.co/datasets/Jiann/STORAL
https://huggingface.co/datasets/klusai/ds-tf1-en-3m
https://www.agno.com/
https://huggingface.co/sentence-transformers
https://github.com/pytorch/pytorch
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Figure 7: Fine-tuning results under additional fixed inference-time configurations using Gemini-generated
direct_moral summaries. Rows correspond to document representation and query-instruction settings; columns
report MRR@10, MAP@10, and Recall@10. The main paper fine-tuning figure reports the best fixed configuration,
while this appendix figure shows complementary configurations.



Model Checkpoint License # Param

MiniLML6-v2
a sentence-transformers/all-MiniLM-L6-v2 Apache-2.0 22M

all-mpnet-base-v2b sentence-transformers/all-mpnet-base-v2 Apache-2.0 110M
BGEbase-en-v1.5

c BAAI/bge-base-en-v1.5 MIT 109M
BGElarge-en-v1.5

d BAAI/bge-large-en-v1.5 MIT 335M
BGE-M3e BAAI/bge-m3 MIT 568M
BGE-en-ICLf BAAI/bge-en-icl MIT 7.11B
Contrieverg facebook/contriever CC-BY-NC 4.0 110M
TART-Contrieverh orionweller/tart-dual-contriever-msmarco CC-BY-NC 4.0 110M
DRAMA1B

i facebook/drama-1b CC-BY-NC 4.0 1.24B
E5base-v2

j intfloat/e5-base-v2 MIT 110M
E5large-v2

k intfloat/e5-large-v2 MIT 335M
E5Mistral

l intfloat/e5-mistral-7b-instruct MIT 7.11B
Multilingual-E5large

m intfloat/multilingual-e5-large MIT 560M
Multilingual-E5large-instruct

n intfloat/multilingual-e5-large-instruct MIT 560M
InstructORbase

o hkunlp/instructor-base Apache-2.0 110M
InstructORxl

p hkunlp/instructor-xl Apache-2.0 1.24B
Nomic-v2q nomic-ai/nomic-embed-text-v2-moe Apache-2.0 475M
Qwen3-Embedding0.6B

r Qwen/Qwen3-Embedding-0.6B Apache-2.0 596M
Qwen3-Embedding4B

s Qwen/Qwen3-Embedding-4B Apache-2.0 4.02B
Qwen3-Embedding8B

t Qwen/Qwen3-Embedding-8B Apache-2.0 7.57B
Linq-Embed-Mistralu Linq-AI-Research/Linq-Embed-Mistral CC-BY-NC 4.0 7.11B
SFR-Embedding-Mistralv Salesforce/SFR-Embedding-Mistral CC-BY-NC 4.0 7.11B
Llama-EmbedNemotron-8B

w nvidia/llama-embed-nemotron-8b customized-nscl-v1 7.50B
Lychee-Embedx vec-ai/lychee-embed Apache-2.0 1.54B
Gemini 3 Flashy gemini-3-flash-preview Proprietary Undisclosed
Gemini 3.1 Flash-Litez gemini-3.1-flash-lite-preview Proprietary Undisclosed
GPT-5.4 Nanoaa gpt-5.4-nano Proprietary Undisclosed
Gemma 4 E2Bab mlx-community/gemma-4-e2b-it-4bit Gemma 2B
Gemma 4 E4Bac mlx-community/gemma-4-e4b-it-4bit Gemma 4B
Gemma 4 31Bad mlx-community/gemma-4-31b-it-4bit Gemma 31B
Claude Sonnet 4.5ae claude-sonnet-4-5 Proprietary Undisclosed
a https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
b https://huggingface.co/sentence-transformers/all-mpnet-base-v2
c https://huggingface.co/BAAI/bge-base-en-v1.5
d https://huggingface.co/BAAI/bge-large-en-v1.5
e https://huggingface.co/BAAI/bge-m3
f https://huggingface.co/BAAI/bge-en-icl
g https://huggingface.co/facebook/contriever
h https://github.com/facebookresearch/tart/tree/main?tab=readme-ov-file#
pre-trained-checkpoints

i https://huggingface.co/facebook/drama-1b
j https://huggingface.co/intfloat/e5-base-v2
k https://huggingface.co/intfloat/e5-large-v2
l https://huggingface.co/intfloat/e5-mistral-7b-instruct
m https://huggingface.co/intfloat/multilingual-e5-large
n https://huggingface.co/intfloat/multilingual-e5-large-instruct
o https://huggingface.co/hkunlp/instructor-base
p https://huggingface.co/hkunlp/instructor-xl
q https://huggingface.co/nomic-ai/nomic-embed-text-v2-moe
r https://huggingface.co/Qwen/Qwen3-Embedding-0.6B
s https://huggingface.co/Qwen/Qwen3-Embedding-4B
t https://huggingface.co/Qwen/Qwen3-Embedding-8B
u https://huggingface.co/Linq-AI-Research/Linq-Embed-Mistral
v https://huggingface.co/Salesforce/SFR-Embedding-Mistral
w https://huggingface.co/nvidia/llama-embed-nemotron-8b
x https://huggingface.co/vec-ai/lychee-embed
y https://ai.google.dev/gemini-api/docs/models/gemini-3-flash-preview
z https://ai.google.dev/gemini-api/docs/models
aa https://platform.openai.com/docs/models
ab https://huggingface.co/mlx-community/gemma-4-e2b-it-4bit
ac https://huggingface.co/mlx-community/gemma-4-e4b-it-4bit
ad https://huggingface.co/mlx-community/gemma-4-31b-it-4bit
ae https://platform.claude.com/docs/en/about-claude/models/model-ids-and-versions

Table 17: Checkpoints and API models used during experiments, their licenses, and their number of parameters.
Parameter counts for proprietary API models are not publicly disclosed.
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