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Abstract

Sentence embeddings represent meaning as a
single fixed-size vector, regardless of the com-
plexity of the input sentence. This design com-
presses all propositional structure into a single
point, losing part of the internal structure of
the sentence in the process. To address this,
we introduce Atomic Proposition Embeddings
(APE) to dynamically discover and encode
atomic propositions in sentences as variable-
size bags of vectors. We use a slot mechanism,
inspired by object detection in computer vi-
sion, over an encoder backbone. APE is trained
on a proposition-decomposed version of Wik-
iSplit, and matches or outperforms sentence
encoders up to 15x its size on PAWS-WIKI
and SNLI with no task-specific fine-tuning, us-
ing proposition-level scoring rules at inference
time. We further introduce PROPSEARCH, a re-
trieval benchmark for proposition-level embed-
dings in which models must retrieve source sen-
tences given atomic propositions. APE leads
on PROPSEARCH over proposition-level alter-
natives, with its advantage growing with sen-
tence complexity. Ablations confirm the gains
are architectural rather than data-driven and
that APE can generalize over its training sig-
nal. We release our code, data and models for
research purposes at https://github.com/
SapienzaNLP/APE.

1 Introduction

Consider the sentences Humans developed complex
social hierarchies early in their evolutionary his-
tory, but also some other apes have them and Some
apes have sophisticated social structures. These
sentences are related but not equivalent: the first
expresses multiple propositions, while the second
expresses a clear atomic proposition. A sentence
embedding model assigns both a fixed-size vector
of identical dimensionality, collapsing all proposi-
tional content into a single point in space (Reimers
and Gurevych, 2019). This is a structural limitation,

Humans developed complex social hierarchies
early in their evolutionary history, but also some
other apes have them.

‘ Some apes have sophisticated social structures
and live long lives, even without medicine.
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Figure 1: APE represents each sentence as a bag of
proposition embeddings. The similarity matrix reveals
proposition-level similarities, interpretable via proposi-
tion seeding (Section 6.3). A fixed-size sentence embed-
ding, instead, collapses similarity into a single score.

since sentence embeddings fail to reflect the inter-
nal propositional complexity of their input (Chen
et al., 2024; Xu et al., 2025).

Prior work has addressed this by learning sub-
sentence representations (Chen et al., 2024), with
one embedding per proposition span, but this ap-
proach relies on separate generative models and
token masking to extract spans before encoding,
decoupling discovery from representation. The en-
coder thus never learns what a proposition is, just
how to optimize span representations.

To address this gap, we introduce Atomic Propo-
sition Embeddings (APE), a sentence representa-
tion paradigm that jointly learns to discover and
represent propositions as a variable-size bag of em-
beddings. Given a sentence, APE produces one
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dense vector per identified atomic proposition (Fig-
ure 1). Built on a pretrained encoder, APE uses
a set-prediction paradigm inspired by the DEtec-
tion TRansformer (DETR) (Carion et al., 2020),
in which learnable slot queries attend over token
representations, each converging toward an atomic
proposition; an activity head then determines which
slots are active. APE is trained via knowledge dis-
tillation on proposition-decomposed, coreference-
resolved data, and at inference time sentence pairs
are compared using proposition-level scoring rules
over the resulting matrix without task-specific fine-
tuning.

APE matches or outperforms models up to 15x
its size on PAW S-WIKI (Zhang et al., 2019) and
SNLI (Bowman et al., 2015). To directly assess de-
composition quality, we introduce PROPSEARCH,
a proposition retrieval benchmark that evaluates
how well a model retrieves source sentences from
their atomic propositions at varying complex-
ity levels. APE leads consistently over other
proposition-level models, and is competitive with
large instruction-tuned embedding models, espe-
cially as complexity increases.

Our main contributions are:

* APE, a new sentence representation paradigm
that dynamically discovers and represents
atomic propositions as a variable-size bag of
vectors via a DETR-inspired slot mechanism
trained on proposition-decomposed data.

* Proposition-level scoring rules operating di-
rectly on the proposition matrix, enabling sym-
metric and asymmetric zero-shot comparison.

e PROPSEARCH, a retrieval benchmark for
evaluating proposition-level embedding mod-
els stratified by propositional complexity.

2 Related Work

APE sits at the intersection of three research areas:
sentence representation learning, proposition-level
semantics, and variable-size set prediction.

Sentence embeddings Neural approaches to
sentence-level representation include InferSent
(Conneau et al., 2017), the Universal Sentence
Encoder (Cer et al., 2018), and Sentence-BERT
(Reimers and Gurevych, 2019); the latter adapted
siamese networks with NLI supervision to pro-
duce semantically meaningful fixed-size embed-
dings. Contrastive learning significantly advanced

the field, with SImCSE (Gao et al., 2021) demon-
strating that dropout-based augmentation suffices
for strong unsupervised representations.
Subsequent work introduced large-scale models
trained on diverse retrieval and similarity objec-
tives, including E5 (Wang et al., 2022), GTE (Li
et al., 2023) and BGE (Xiao et al., 2024), as well
as embedding models derived from large genera-
tive backbones, such as Qwen3-Embedding (Zhang
et al., 2025) and EmbeddingGemma (Vera et al.,
2025). Despite continuous improvements in qual-
ity, all of these models share a fundamental design
choice: a sentence, regardless of its propositional
complexity, is mapped to a single fixed-size vector.
Multi-vector retrieval models partially address
the fixed-size limitation by keeping the representa-
tion at one embedding per token to enable token-
level late interaction (Khattab and Zaharia, 2020;
Jha et al., 2024). However, token-level representa-
tions correspond to very fine-grained units, reflect-
ing positional, lexical or syntactic structure more
than propositional content, and the number of vec-
tors scales with token count rather than meaning.

Proposition-level representations The idea of
decomposing a sentence into propositional units
has deep roots in NLP, from early work on seman-
tic role labeling (Palmer et al., 2011) and PropBank
(Palmer et al., 2005) to graph-based meaning rep-
resentations such as AMR (Banarescu et al., 2013).
These approaches produce discrete symbolic struc-
tures rather than learned dense representations.

More recently, Rudinger et al. (2017) pro-
posed Skip-Prop vectors with a Skip-Thought-style
sequence-to-sequence objective (Kiros et al., 2015),
learning one embedding per proposition over exter-
nally pre-segmented spans, evaluated only qualita-
tively.

Similar in nature to Skip-Prop, though more
closely related to our work, is the Sub-Sentence
Encoder (SSE), which produces proposition-level
embeddings by span-pooling token representations
over boundaries identified by an external large gen-
erative model (Chen et al., 2024). Proposition dis-
covery and representation are thus handled by two
separate models with no shared objective: the en-
coder learns to represent spans, but never learns
what makes a span propositional. APE instead
jointly learns to discover and represent proposi-
tions through a slot mechanism trained end-to-end
on proposition-decomposed supervision, produc-
ing a variable number of embeddings that scales
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with propositional complexity, with no dependency
on external models.

More broadly, atomic propositions have emerged
as a useful unit of analysis in several NLP appli-
cations, including fine-grained factuality evalua-
tion (Min et al., 2023; Scire et al., 2026), atomic
claim verification (Zheng et al., 2025) and fact-
checking (Cen et al., 2026), demonstrating that
proposition-level decomposition captures meaning-
ful semantic structure beyond what sentence-level
representations expose. However, none of this work
produces learned dense embeddings at the proposi-
tional level, as proposition decomposition is used
as a processing step rather than as a representa-
tional paradigm.

Variable-size set prediction APE’s architecture
draws on the set prediction paradigm introduced
by DETR (Carion et al., 2020), which frames ob-
ject detection as direct set prediction using a trans-
former encoder-decoder with learned object queries
and a Hungarian matching loss. Slot attention
(Locatello et al., 2020) similarly uses a compet-
itive iterative attention mechanism to bind latent
slot vectors to distinct entities, demonstrating that
learned slots can discover compositional structure
without explicit supervision. APE applies a similar
order-invariant set prediction paradigm to seman-
tic representation learning: slot queries attend over
token representations to discover and encode propo-
sitions, supervised via Hungarian matching against
proposition targets. To the best of our knowledge,
APE is the first text representation model to ap-
ply DETR-inspired set prediction to the dynamic
discovery and encoding of propositions.

3 Methodology

The goal of APE is to map a sentence to a variable-
size set of proposition embeddings. Figure 2 illus-
trates the full architecture and training objective.

3.1 APE Architecture

APE consists of a pretrained transformer encoder
and a slot-based transformer decoder. Given an
input sentence, the backbone encoder produces a
sequence of contextualized token representations
H € REXP | where L is the sequence length and
D is the hidden dimension.

A set of N learnable slot queries Q € RV*P
attend over H in the transformer decoder via cross-
attention. The decoder is a stack of M pre-norm
Transformer decoder layers (Vaswani et al., 2017).

Slot representations are initialized as Z(®) = Q,
and updated at each layerl = 1, ..., M by

N

N

= 200 4 MHsA (LN(Z(0Y)),
200 = 20 + MHOA (LN(Z"), H, H)

z® = 70 L FFN (LN(Z(”)) :

where MHSA is multi-head self-attention among
the N slots and MHCA is multi-head cross-
attention with the slot states as queries and H
as keys/values. The final slot representations are
Z = LN (z™M)).

Then, each decoded slot representation is pro-
jected through two heads: an embedding head
femp : RP — RP that produces a candidate propo-
sition embedding e; € R”, and an activity head
fact : RP — R that produces a logit a; € R to
measure how active slot ¢ is. The activity logits
a = (ai,...,ay) thus determine the activity level
of candidate embeddings E = (ey,...,eyn).

At inference time, slot ¢ is considered active
and embedding e; is returned if o(a;) > 7, where
7 is the activity threshold. The N < N active
embeddings E, where E = {e; : o(a;) > 7},
constitute the bag of proposition embeddings for
the input sentence. This is the mechanism that
gives APE its variable-size output.

3.2 Training objective

APE is trained to decompose a sentence into
atomic proposition embeddings by supervision
from a dataset of (sentence, {prop;, ..., propy})
pairs (Section 3.3). The training objective encour-
ages each active slot to converge toward a distinct
proposition, while inactive slots are suppressed.

Training proceeds via knowledge distillation
from a frozen copy of the backbone encoder, which
serves as the reacher. Each ground-truth proposi-
tion is encoded independently using mean pooling
over its token representations, producing a set of
K target embeddings T = {t;,...,tx}, where
K < N varies per sentence. The objective com-
bines three losses.

Embedding loss Lemp Slot embeddings are
matched to target embeddings via the Hungarian
algorithm (Kuhn, 1955) on the cosine distance ma-
trix, yielding optimal assignment 7* of slots to
targets. The embedding loss is the mean cosine
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Figure 2: APE architecture and training objective.
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Activity loss L, A binary cross-entropy loss
supervises the activity head, with matched slots
assigned a target of 1 and unmatched slots a target
of 0:
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Lot = = (yilogo(a:) + (1 — yi) log(1 — 0(a:)))
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where y; = 1 if slot ¢ is matched by 7*, and y; = 0
otherwise.

Slot repulsion loss L;ep To discourage active
slots from collapsing to similar representations
and to provide a clearer separation between active
and inactive slots, we penalize cosine similarity
between pairs where at least one slot is active:

1 e - e;
Liep = — g max (0, 7’]) ,
P leilllle;l]

(i,5)€P
with P = {(i,7) : i < j, o(a;) > TVo(a;) > 7}
Then, the total APE loss is:

EAPE = )\embﬁemb + /\actﬁact + /\repﬁrep

3.3 Training data

APE is trained on a proposition-decomposed ver-
sion of WikiSplit (Botha et al., 2018), where
each sentence has been decomposed into atomic,
coreference-resolved propositions using gpt-oss-
120b (OpenAl, 2025), discarding connectives and
discourse markers (Appendix A.1). While more
fine-grained variants of WikiSplit exist (Tsuk-
agoshi et al., 2024), their splits are not self-
contained; we instead prompt the LLM to pro-
duce independent, coreference-resolved proposi-
tions. We filter the resulting dataset with an NLI
cross-encoder (nli-deberta-v3-large; Reimers and
Gurevych, 2019; He et al., 2021), retaining only
examples where all propositions are entailed by
the original sentence; this removes 10.34% of ex-
amples, leaving 890,584 multi-proposition pairs.
We further augment the dataset with singleton ex-
amples to ensure robustness to single-proposition
sentences, yielding 910,584 training examples in
total. We keep a held-out set of 5,000 pairs for
post-training activities. More details about training
set creation and validation can be found in Ap-
pendix A.1.

3.4 Inference and Scoring

Given two sentences with m and n active proposi-
tion embeddings denoted, respectively, as E® and
E®, APE computes a scalar similarity score by
aggregating over the m X n pairwise cosine simi-
larity matrix. We define three scoring rules based
on the cosine similarity between two proposition

embeddings s(e,e’) = Wﬁ;“
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Hungarian Average (HA) Assume without loss
of generality that m < n. HA first applies the Hun-
garian algorithm to find the optimal one-to-one

1 L2 )

argmax. y ., s (ei €0
from E( into E®), matching each of the m el-
ements of E() to a distinct element of E(?). HA
then averages the similarities of the m matched
pairs, leaving the m — n unmatched elements of
E® unscored:

assignment 7% =

Lin® (ez(‘l)’ ef*)m)

m

HA =

HA is symmetric and suited for tasks where both
sentences are peers.

Maximum Similarity (MaxSim) Adapted from
the MaxSim operator in ColBERT (Khattab and
Zaharia, 2020) to proposition-level matching,
MaxSim averages both directions of best-match
similarities:

m n
. 1 (1 1
MaxSim = — | — g max s;j + — E max Si; | ,
2\ m4 J n 4 i
i=1 j=1

51)7 e§-2)>. MaxSim is symmet-

where s;; = s (e
ric but does not enforce one-to-one assignments,

making it less strict than HA.

Hypothesis-to-Premise (H2P) An asymmetric
scoring rule that returns the worst best-match of
hypothesis propositions against the premise:

np (B, B®) = min s (e.e)

where E() is the premise and E( the hypothesis
(Tang et al., 2024; Huang, 2025). The score is low
if any hypothesis proposition lacks a counterpart in
the premise, making H2P sensitive to propositional
coverage and suited for entailment detection and
proposition-level retrieval.

4 PropSearch

To assess the quality of proposition embeddings
produced by decomposition models, we introduce
PROPSEARCH: given a set of atomic propositions
sampled from source sentences, the task is to re-
trieve the originating sentence for each proposition.
Unlike standard sentence retrieval benchmarks, this
directly evaluates whether a model captures propo-
sitional content at the atomic level.

PROPSEARCH comprises 13,020 source sen-
tences with 36,337 atomic query propositions
drawn from scientific abstracts (Clement et al.,
2019) to test out-of-distribution generalization.
Sentences vary in propositional complexity to en-
able fine-grained analysis as sentence complexity
increases. Propositions are extracted using Claude
Sonnet 4.6 (Anthropic, 2026), deliberately distinct
from the training annotation pipeline to avoid anno-
tation bias. Moreover, 300,000 sentences are added
as confounds to the corpus. Such sentences do not
have any corresponding query propositions. Details
about the benchmark, including the full validation
pipeline, can be found in Appendix A.2.

S5 Experimental Design

5.1 Setup

For the main implementation of APE, we use
N = 8 slots, which exceeds the maximum number
of propositions per sentence seen during training,
providing slack capacity for optimization. As the
backbone, we choose BGE-small-en-v1.5 (Xiao
et al., 2024), which achieves competitive sentence
embedding quality on MTEB (Muennighoff et al.,
2023) at only 33M parameters. Although BGE
models are optimized for CLS pooling, we find
that mean pooling yields better results, consistent
with slot attention’s use of weighted averages over
token embeddings. We experiment with alternative
encoders in Appendix A.3. APE comprises 3 de-
coder layers with 8 attention heads each, adding
around 7M parameters on top of the backbone for
a total of 40M. We limit training to sentences with
at most 5 propositions (83% of the training data),
and experiment with scaling this number in Ap-
pendix A.4. Full hyperparameters can be found in
Appendix A.5. For the loss, we set Aemp = Aact = 1
and App = 0.1.

5.2 Evaluation

We evaluate APE zero-shot against several base-
lines and across tasks to assess proposition embed-
ding quality.

Baselines We compare APE against sentence em-
bedding models and Sub-Sentence Encoder (SSE)
variants' (Table 1): BGE models of all sizes (Xiao
et al., 2024), GTE-large (Li et al., 2023), Em-
beddingGemma (Vera et al., 2025), and Qwen3-

'As anticipated in Section 2, SSE relies on an external T5-

large generative model (770M parameters) to extract proposi-
tions to map to token spans.
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Type Model Size Citation
SSE-T5 879M

Prop SSE-GTR 879M Chen et al. (2024)
BGE-small 33M

Sent  BGE-base 109M Xiao et al. (2024)
BGE-large 335M
GTE-large 335M Li et al. (2023)

Inst Embed-Gemma 308M Vera et al. (2025)
Qwen3-Embed  596M  Zhang et al. (2025)

Table 1: Variable-size (Prop), fixed-size (Sent) and
instruction-tuned fixed-size (Inst) baselines imple-
mented along with their parameter counts.

Embedding (Zhang et al., 2025). The latter two are
instruction-tuned, producing task-dependent rep-
resentations; we evaluate them with task-specific
instructions (Appendix A.6), which makes them a
distinct comparison class from APE and other mod-
els that use a single representation® across tasks.
We report BGE-small-en-v1.5 results under both
mean pooling (BGE-small-mean), as it serves as
APE’s training teacher, and CLS pooling (BGE-
small-cls), as recommended by the authors.

To isolate the architectural contribution from
the training data, we fine-tune BGE-small-en-v1.5
on the APE training data by minimizing the co-
sine distance between the sentence embedding and
the mean of its ground-truth proposition embed-
dings (BGE-small-prop). A strong BGE-small-
prop would suggest the gains are data-driven rather
than architectural. To further support the architec-
tural claim, we also train APE solely on SSE data
(proposition-decomposed, like APE training data)
and report the results in Appendix A.7.

Moreover, since APE relies on a discrete pipeline
for training data generation (namely, LLM-based
proposition extraction followed by independent en-
coding of each proposition using a pretrained sen-
tence transformer) we also measure this pipeline’s
own performance on the benchmarks. Improved
APE performance relative to the discrete pipeline
would provide strong evidence that, despite being
orders of magnitude smaller, APE can correct bi-
ases present in its training signal. This pipeline is
marked as APE-discrete.

Downstream benchmarks We evaluate APE
zero-shot on two benchmarks targeting different
aspects of propositional understanding.

20Or at most two, as some models (including BGE) prepend
a “query:” prefix for better results in retrieval-based tasks.

PAWS-WIKI (Zhang et al., 2019) tests para-
phrase detection on adversarially constructed pairs
with high lexical overlap but distinct propositional
content. This is a notoriously difficult setting
for fixed-size encoders, whose collapsed repre-
sentations often fail to distinguish beyond surface
form. Therefore, it is particularly suited to measure
whether a model’s embeddings capture subtle dif-
ferences at the proposition level. Being Wikipedia-
derived, this benchmark is in-distribution for APE.

SNLI (Bowman et al., 2015) tests entailment
detection as binary classification, which directly
probes the asymmetric H2P scoring rule: a hypoth-
esis is entailed by a premise if and only if all its
propositions are covered, which H2P is designed
to capture. SNLI is out-of-distribution for APE.

Fixed-size encoders are evaluated by ranking
pairs by cosine similarity, from which AUC and Av-
erage Precision (AP) are computed against binary
ground-truth labels. APE and SSE are evaluated
using the proposition-level scoring rules from Sec-
tion 3.4; we report all three rules for APE and the
best-performing rule per benchmark for SSE. Ad-
ditionally, we report multi-atom results, i.e., scores
restricted to pairs where APE identified multiple
propositions in at least one sentence.

Diagnostic results on standard semantic textual
similarity (STS) benchmarks from MTEB (Muen-
nighoff et al., 2023) are reported in Appendix A.8
as evidence of no catastrophic forgetting compared
to the teacher encoder.

PropSearch We evaluate APE’s and SSE’s
decomposition quality on PROPSEARCH (Sec-
tion 4), reporting Recall@1 and MRR stratified
by source sentence proposition count (n_atoms €
{2,3,4,5,6+}). The n_atoms > 6 stratum tests
out-of-distribution generalization beyond APE’s
training bound of 5 propositions. The bench-
mark is also out-of-distribution in register, cov-
ering scientific abstracts versus APE’s Wikipedia-
derived training data. We use H2P scoring for re-
trieval, and include fixed-size models as a control
group under standard retrieval. While not specif-
ically instruction-tuned, BGE models do prepend
a "query:" prefix in retrieval tasks. Therefore, we
apply that prefix in their PROPSEARCH evaluation.

Cardinality We evaluate whether APE and SSE
recover the correct proposition count per sentence,
as defined by PROPSEARCH ground-truth. APE
infers cardinality implicitly from active slots, while
SSE relies on an external segmenter, making this a
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Model AUC AP Model AUC AP

APE (HA) 81.1 (82.1) 77.1 (78.6) APE (HA) 82.9 (83.6) 68.9 (68.7)
APE (MaxSim) 80.1 (81.0) 76.4 (78.0) APE (MaxSim) 81.1(81.2) 65.1 (63.3)
APE (H2P) 77.3 (78.4) 73.1(75.2) APE (H2P) 84.1(85.2) 72.3 (713.6)
APE-discrete (HA) 77.8 (78.0) 74.5 (74.7) APE-discrete (H2P) 83.3(83.2) 74.4 (74.2)
SSE-T5 (HA) 76.0 (76.4) 73.4 (73.9) SSE-T5 (H2P) 80.7 (81.1) 69.1 (69.2)
SSE-GTR (HA) 75.8 (76.2) 72.9 (73.5) SSE-GTR (H2P) 76.9 (76.9) 65.4 (64.8)
BGE-small-mean 60.8 (60.6) 56.3 (56.1) BGE-small-mean 81.0 (81.1) 65.2 (63.8)
BGE-small-prop 64.4 (64.4) 59.1 (59.1) BGE-small-cls 81.1(81.4) 65.3 (64.1)
BGE-small-cls 60.5 (60.4) 56.0 (55.8) BGE-small-prop 81.4(81.4) 65.8 (64.3)
BGE-base-cls 61.8 (61.7) 57.7 (57.6) BGE-base-cls 81.4 (81.8) 65.6 (64.4)
BGE-large-cls 64.2 (63.9) 60.6 (60.4) BGE-large-cls 82.0 (82.3) 66.6 (65.4)
GTE-large 64.5 (64.3) 59.2 (58.9) GTE-large 80.6 (80.7) 64.8 (63.5)
Embed-Gemma 66.1 (66.0) 62.9 (62.9) Embed-Gemma 84.2 (84.3) 68.5 (67.0)
Qwen3-Embed 74.0 (73.9) 67.0 (66.7) Qwen3-Embed 81.2 (81.3) 65.3 (64.0)

Table 2: Results on the PAWS-WIKI benchmark. Num-
bers in parentheses refer to the multi-atom subset.

direct comparison of learned versus pipeline-based
decomposition. Since atomic decomposition is
not uniquely defined, exact cardinality should be
interpreted cautiously, as many disagreements
reflect near-equivalent decompositions differing
only in granularity; we therefore report both
exact and +1 accuracy. Additionally, we report
cardinality results on the held-out set (split into
calibration and evaluation only for this task).

All APE results are obtained with an activity thresh-
old of 0.6, the optimal value on the held-out set.

6 Results

We present results on the downstream benchmarks
and PROPSEARCH, followed by an analysis of slot
activity prediction and slot interpretability. A qual-
itative analysis of APE’s behavior in presence of
diverse linguistic phenomena and common failure
cases can be found in Appendix A.9.

PAWS-Wiki Results are shown in Table 2. APE
(HA) outperforms all baselines by a large margin:
+20.3 AUC and +20.8 AP over its teacher back-
bone (BGE-small-mean), +7.1 AUC over the best
fixed-size baseline (Qwen3-Embed), and +5 AUC
over SSE models. The large gains suggest that APE
is correctly extracting and representing proposi-
tions, and detecting differences between the propo-
sitional content of sentence pairs. Most fixed-size
encoders assign uniformly high similarity scores,
often reducing the task to near-random ranking
(Zhang et al., 2019). The strong performance of
APE-discrete and SSE confirms that proposition

Table 3: Results on the SNLI benchmark. Numbers in
parentheses refer to the multi-atom subset.

decomposition directly addresses this failure mode.
On the multi-atom subset (sentences deemed propo-
sitionally complex), APE improves while all fixed-
size baselines degrade, widening the gap further.

BGE-small-prop, the fixed-size encoder fine-
tuned on APE’s training data, improves by only
3.6 AUC over its pretrained counterpart (BGE-
small-mean), confirming that the gains are primar-
ily architectural rather than a consequence of train-
ing distribution (see also Appendix A.7). The im-
proved performance of APE compared to its dis-
crete counterpart (despite relying on only 0.03% of
the parameters) suggests that the model can gen-
eralize and learn beyond the biases of its teacher
pipeline.

Among APE’s scoring rules, HA and MaxSim
perform comparably and both outperform H2P, con-
sistent with PAW S-WIKI being a symmetric task
where H2P’s asymmetric penalty is inappropriate.
The two rules produce identical scores when APE
predicts equal slot counts for both sentences, which
is common given the benchmark’s uniform syntac-
tic structure.

SNLI Results are shown in Table 3. Fixed-size
sentence encoders perform substantially better on
SNLI than on PAWS-WIKI, as entailment detec-
tion is a more natural test of sentence-level sim-
ilarity and does not rely on adversarial surface-
form manipulation. Despite this, APE (H2P) still
achieves +3.1 AUC and +7.1 AP over its teacher
backbone. Compared to the best instruction-tuned
fixed-size baseline (EmbeddingGemma), APE is
almost on par (—0.1 AUC) with its overall perfor-
mance while scoring +3.8 AP, and outperforms it
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Model Tot 2 3 4 5 6+
APE (H2P) 96.0 98.5 97.7 969 953 91.4

SSE-T5 (H2P) 67.7 804 72.6 684 619 554
SSE-GTR (H2P) 733 85.0 78.8 749 67.8 622

BGE-small-mean  88.4 969 922 89.1 84.8 787
BGE-small-cls 90.5 972 934 91.1 875 834
BGE-small-prop  91.4 983 947 92.1 88.7 83.5

BGE-base-cls 92.6 983 953 933 90.3 859
BGE-large-cls 92.6 982 951 93.0 90.2 86.2
GTE-large 89.7 972 934 90.6 86.2 81.0
Embed-Gemma 95.8 994 97.7 964 94.7 90.9

Qwen3-Embed 920 979 947 92.6 89.7 85.1

Table 4: Results on the PROPSEARCH benchmark
(MRR overall and for different complexity levels). The
Tot metric represents the macro average across classes.

on the multi-atom subset, scoring +6.6 AP. Com-
pared to the best SSE model, APE scores +3.4
AUC and +3.2 AP overall. H2P outperforms HA
by a significant margin, which confirms its fit for
entailment detection.

While APE leads on AUC over its discrete coun-
terpart, it achieves slightly lower AP. Compared to
PAWS-WIKI, SNLI texts tend to be shorter and
overall simpler, meaning that the discrete pipeline
has a lower chance of incorrectly splitting the text
and induce a chain of errors. Indeed, as complex-
ity increases (i.e. on the multi-atom subset), APE
performance improves across both AUC and AP,
while APE-discrete shows the opposite behavior.

PropSearch Table 4 reports MRR on
PROPSEARCH stratified by  propositional
complexity. APE achieves the highest MRR

overall, with EmbeddingGemma a close second.
At the lowest complexity level (2 propositions),
EmbeddingGemma slightly outperforms APE
by 0.9 MRR points. However, as complexity
increases (> 3 propositions), APE maintains a
consistent lead. Notably, APE outperforms its
teacher encoder by up to 12.7 MRR points.

SSE models show particularly steep degradation
with complexity, which might be attributed to their
decoupled discovery-representation pipeline. In-
deed, span boundaries become less reliable as sen-
tences grow more complex, and errors propagate
into the representation with no mechanism for re-
covery. This is confirmed by inspecting the 1-atom
stratum, which is trivial for fixed-size encoders,
since decomposition is the only possible source of
error. Here, SSE-GTR only achieves 95.9% Preci-
sion@1, well below APE’s 99.8%.

100% -

90% -

80% -

70% - —0— APE ﬂ\\
-+ SSE-GTR Sse
=i - Embed-Gemma \B‘\\
60%- ..6- BGE-small-mean S~
e
1 2 3 a 5 6+

Number of Propositions

Figure 3: Performance on PropSearch by sentence com-
plexity measured by Precision@]1.

Figure 3 shows the full Precision@1 trends for
four representative models: APE, SSE-GTR (best-
performing SSE model), EmbeddingGemma (best-
performing fixed-size encoder), and BGE-small-
mean (APE’s teacher encoder). Most notable is
the n_atoms > 6 stratum (5,369 query proposi-
tions), which lies outside APE’s training distribu-
tion: APE achieves the highest Precision@]1 at
89.2%, ahead of EmbeddingGemma (88.1%). De-
spite never training on sentences with more than
5 propositions (and never producing more than 5
active atomic embeddings), APE’s slot mechanism
generalizes gracefully beyond its training.

6.1 Efficiency

APE achieves 120x higher throughput and 19x
lower memory footprint than the SSE pipeline (seg-
menter + encoder), while producing comparable
proposition counts (1.73 vs 1.94 per sentence on
1,000 SNLI sentences). Over 93% of SSE’s la-
tency comes from the external segmentation stage
alone. This confirms that decoupling proposition
discovery from representation is the primary com-
putational bottleneck.

6.2 Slot Activity and Cardinality Prediction

We now focus on APE’s ability to scale its repre-
sentation with input complexity. Table 5 reports the
performance on proposition cardinality prediction.
APE generally outperforms the SSE segmenter by
a significant margin, with only a few exceptions.
Most importantly, while the SSE segmenter seems
to be biased toward predicting 2-3 propositions per
sentence, APE remains more balanced. We empiri-
cally find that, when APE overpredicts cardinality,
the additional active slots fall close to other active
embeddings in the representation space. Merging
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Held-out Set (Eval) PROPSEARCH
K APE SSE APE SSE
1 88.6(97.3) 34.8(92.6) 36.4(76.5) 10.5(62.5)
2 743(094.3) 68.6(95.00 53.9(89.8) 46.0(86.5)
3 625(924) 65.1(96.7) 553(92.3) 54.0(94.5)
4 5520975 51.10914) 449©91.7) 36.0(83.2)
5 67.90194.1) 26.8(73.8) 50.4(82.4) 19.2(55.9)

Table 5: Cardinality prediction on the held-out set and
PROPSEARCH. Numbers in parentheses indicate +1%.

’
His father emigrated to Missouri in 1868 but

returned when his wife became ill and before the rest
of the family could also go to America.

His father emigrated to America in 1868 but
returned when his wife became ill and before the rest
of the family could also go to Missouri.

{2} {+0.54 BEOEL

How do we
know what
these scores
refer to?

> @
J+0s3

RGO

| +0.54
T T T

“His father emigrated
to Missouri in 1868”

“The rest of the family
could go to America”

“His father emigrated
to America in 1868

“The rest of the family
could go to Missouri” | +0.52
3 v S 33
S > S8

Figure 4: Slot interpretation via proposition seeding.

slots over a threshold is something we will investi-
gate in future work.

6.3 Slot Interpretability

Since APE’s proposition discovery and representa-
tion are fully latent, we interpret slots via proposi-
tion seeding. Given a seed proposition p and a sen-
tence x, APE encodes both: the seed produces a sin-
gle active embedding eP, and the sentence produces
abag E = {ey,... ,ex}. The slot most aligned
with the seed is arg max; s(e;,eP). Figure 4 il-
lustrates this on an adversarial PAW S-WIKI pair.
Both sentences are encoded into four active slots
each, yielding a 4 x 4 similarity matrix. Without
seeding, slot content is opaque; with atomic propo-

sition seeds, assignments can be interpreted. Slots
{0} and {5} show perfect self-similarity across the
swapped pair, while slots {2} and {4} differ. Seed-
ing reveals that the latter correspond exactly to the
propositions with swapped locations (Missouri vs
America). The BGE-small backbone assigns 0.996
cosine similarity to the same pair, collapsing this
propositional distinction into a single score.

7 Conclusion

We introduced Atomic Proposition Embeddings
(APE), a novel embedding paradigm that repre-
sents sentences as variable-size bags of proposition
embeddings by applying a slot attention mecha-
nism over a pretrained transformer backbone in-
spired by object detection in computer vision. Un-
like fixed-size sentence embeddings, APE produces
a number of vectors that scales with the proposi-
tional complexity of the input, with each vector
corresponding to an atomic proposition discovered
and encoded end-to-end. Such propositions are
represented as self-contained units of meaning, in-
dependent from other propositions in the sentence.
APE matches or outperforms much larger sentence
encoders on PAWS-WIKI and SNLI with no task-
specific fine-tuning. Notably, APE beats the very
discrete pipeline (LLM-based proposition extrac-
tion and encoding via a pretrained sentence trans-
former) it learns from on several metrics, which
suggests it is able to generalize beyond its train-
ing. APE also leads on PROPSEARCH, a new
retrieval benchmark we introduce for evaluating
proposition decomposition and representation mod-
els. Compared to existing proposition-level embed-
ding methods, APE achieves consistently higher
performance at a fraction of the parameter count
and inference time.

On sentences with more than 5 propositions, i.e.,
beyond APE’s training bound, the slot mechanism
degrades gracefully, forming a coarser representa-
tion that still outperforms other proposition-level
embedding models and fixed-size baselines on re-
trieval. This suggests that slots capture structural
properties of propositions that generalize beyond
the training cardinality.

Finally, the proposition seeding technique in-
troduced in Section 6.3 provides an interface for
inspecting what individual slots encode and opens a
path toward interpretable sentence representations.
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Limitations

APE represents sentences as bags of proposition
embeddings, deliberately discarding the relational
structure that connects propositions within a sen-
tence. That is, causal, temporal and discourse rela-
tions in general are not encoded. This makes APE
a partial rather than a general-purpose sentence
representation model, and tasks that require reason-
ing over inter-propositional relations are outside
of its current scope. Even if there is no evidence
of severe catastrophic forgetting, APE still slightly
under-performs its teacher in such tasks.

Training APE requires proposition-decomposed
supervision, which must be synthetically generated
to obtain in sufficient quantity. While this pipeline
is reproducible and relatively inexpensive, it intro-
duces a dependency on the quality and consistency
of LLM-generated annotations, and the resulting
training data may not extensively cover all linguis-
tic phenomena. Furthermore, APE is trained via
knowledge distillation from a frozen sentence en-
coder, meaning the quality of its proposition em-
beddings is bounded by the representational capac-
ity of the teacher. While we show that APE can
achieve higher performance compared to the dis-
crete pipeline it learns from, which mitigates the
limitation, we have not investigated this further at
this time.

Finally, APE is trained and evaluated exclusively
on individual sentences. Whether the slot mech-
anism extends as-is to longer texts such as para-
graphs or documents, where proposition counts are
considerably larger, remains an open question that
we will investigate in the future.
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Figure 5: Sentences by atom count in APE training data.
The patterned portions of the bars indicate training pairs
in which nli-deberta-v3-large predicts that at least one
atom is not entailed by the source sentence.

* Coverage, to check whether the whole propo-
sitional content of the source sentence is cov-
ered by the extracted propositions.

We find that, in the extracted sample, 93% of the
examples satisfy the atomicity criterion, and 94%
of the examples satisfy the coverage criterion.

A.2 PROPSEARCH

Here, we detail the process of the PROPSEARCH
benchmark creation, including data sourcing, pre-
processing, generation and validation. Figure 6
shows the retrieval task from PROPSEARCH. Given
an atomic proposition, a model must retrieve the
original sentence from which that proposition has
been extracted.

“This problem has been well studied in the

literature, yet its optimal competitive ratio remains
unknown: the best upper bound is 1.828, still quite

—— - —

far from the best lower bound of ¢ ~ 1.618”

... find the parent
source sentence
From an atomic
proposition...

The optimal competitive ratio of

this problem remains unknown

Figure 6: Illustrative example from PROPSEARCH.

Below, we describe the data collection and gener-
ation process, followed by the automatic and man-
ual validation procedure.

Dataset creation First, we source texts from
scientific abstracts (Clement et al., 2019). In
particular, we randomly sample 59,985 abstracts
(3% of the original 2M dataset). Then, we use
segment-any-text (SaT) models (Frohmann et al.,
2024), specifically sat-31-sm, to segment every
abstract into a list of sentences. At this point, we
exclude sentences shorter than 15 characters or
longer than 200 characters and randomly sample
15,000 sentences. Finally, we use Claude Sonnet
4.6 (Anthropic, 2026) to extract propositions from
the given sentences. The system prompt we use is:

Extract atomic propositions from the
given sentence. The propositions
need to be independent (for instance,
no pronouns that refer to entities
outside the proposition itself) and
connectives between propositions need
to be discarded.

If the sentence only has one atomic
proposition, return a singleton.

Return the output as a Python list.

This leaves us with 14,867 sentences and 42,971
atoms, which is the starting point of PROPSEARCH
prior to validation.

To make the task more challenging, we augment
the corpus with 300,000 confounding sentences
from the papers with abstracts dataset,* extracted
using the same SaT model.

Benchmark validation Beyond the quality of
LLM-based decomposition, we have no guarantee
that one query proposition can be found in exactly
one sentence in the augmented corpus. Therefore,
we first extract, for each query proposition, the
top 50 similar sentences using EmbeddingGemma
(Vera et al., 2025). Then, we run an NLI cross-
encoder, nli-deberta-v3-large, on each possible
(query_proposition, candidate_sentence)
pair for two distinct purposes:

* Validation of LLM-based decomposition. We
remove every proposition that is not entailed
by the parent sentence. However, we retain the
parent sentence along with the entailed propo-
sitions keeping track of the original atom
count. In total, 6.19% of propositions are

*https://huggingface.co/datasets/pwc-archive/

papers-with-abstracts, derived from the Papers with
Code dataset (https://paperswithcode.com)
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deemed not entailed, and 12.42% of sentences
contained at least one non-entailed proposi-
tion; 73 sentences are completely removed, as
all the corresponding propositions were clas-
sified as not entailed.

» Extraction of query propositions entailed by
multiple sentences in the corpus. In total,
19,178 propositions are uniquely entailed by
one sentence, while 21,133 propositions are
entailed by at least two sentences.

Concerning the latter point, entailment
does not imply containment, which is what
PROPSEARCH should test.  Therefore, with
the aim of disambiguating between entail-
ment and the stricter notion of containment,
we use gpt-o0ss-120b with the following prompt:

Given a proposition and a sentence,
you need to distinguish between the
proposition being:

- *xEntailed*x by the sentence (looser
condition)

- xxContained*x explicitly in the
sentence (stricter condition). It does
not need to be the *exactx phrasing.

Only reply with a json array: "type":
"entailed” or "type": "contained”.

A manual validation of a sample of 200 in-
stances from this LLM-based classification shows
that, while gpt-oss-120b shows low precision
(0.53), that is, many entailed wrongly classified
as contained, it achieves very high recall (0.96),
that is, very few contained classified as entailed.
This is actually desirable, as the second mistake is
much more severe in this context than the first.

Through this process, we recover 17,159 propo-
sitions, which are classified as entailed but not
contained. Propositions classified as contained by
more sentences are removed. This leaves us with a
total of 36,337 query propositions, 13,020 source
sentences, and 300,000 confounding sentences.

Finally, we run a manual quality check on a sam-
ple of 200 (query, source_sentence) instances,
and find that over 96% of instances are high quality.
We also find that Claude Sonnet 4.6 tends to extract
a lower number of atomic propositions compared
to gpt-oss-120b.

Distribution Figure 7 shows the distributions of
atomic proposition counts in the PROPSEARCH

Corpus: sentences by atom count
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Figure 7: Atom-count distributions for the

PROPSEARCH benchmark. On top, number of
source sentences (excluding confounders) in the
retrieval corpus (14,867 total, the 13,020 containing
uniquely contained atoms plus the remaining ones
containing either non-entailed atoms or not uniquely-
contained atoms) by atom count. On the bottom,
Distribution of source-sentence atom count over 36,337
query propositions. The 6+ bucket aggregates all
sentences with six or more atoms.

dataset. While most of the source sentences
distribute around the 2-3 propositions mark, the
source-sentence atom count by query atom is more
balanced, as the fewer sentences with higher atom
counts are associated to more query propositions.

A.3 Experiments with Alternative Backbones

Table 6 shows the results of training APE using
different encoder backbones. We test BGE-small-
en-v1.5 and BGE-base-en-v1.5 (Xiao et al., 2024),
referred to as BGE-small and BGE-base in the table
for brevity, all-mpnet-base-v2 (mpnet base model
introduced in Song et al. (2020), fine-tuned sen-
tence transformer version available on Hugging
Face’), referred to as all-mpnet in the table, and
all-MiniLM-L6-v2 (Reimers and Gurevych, 2019),
referred to as MiniLM in the table.

Most of the gains are on PAWS-WIKI (Zhang
et al., 2019), where models go from scoring quasi-

5https://huggingface.co/sentence—transformers/
all-mpnet-base-v2
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random to outperforming most fixed-size zero-shot
baselines, with gains up to 20 AUC points. A sig-

Encoder PAWS SNLI PropSearch
BGE-small  81.1 (+20.3) 84.1 (+3.1) 96.0 (+7.6)
all-mpnet 823 (+17.1) 847 (+1.4)  94.6 (+13.2)
BGE-base  81.8 (+19.8) 83.7 (+1.6) 96.5 (+4.7)
MiniLM 79.7 (+16.6) 818 (+1.1)  94.9 (+9.6)

Table 6: APE performance (AUC, MRR) across differ-
ent encoder backbones. The blue number in parentheses
indicates the performance gap between APE and its
backbone encoder. Training uses mean-pooled repre-
sentations from the teacher encoder for all presented
models.

nificant performance gain can also be observed on
PROPSEARCH, where models all reach the 94.5
MRR (macro average) mark after APE training,
starting from very different baseline performances.
With the exception of BGE-small, gains are less
noticeable on SNLI (Bowman et al., 2015), where
baseline models already achieve high scores.

A4 Scaling APE

We experimented with scaling the number of atoms
(1) under the same configuration, and (2) using a
larger backbone with a larger decoder (6 layers, 12
heads). We test two max_atoms values: 5 (83%
of the training dataset) and 8 (98.5% of the train-
ing dataset). Figure 8 shows how training APE on

100% -
98% -
96% -
94% -

92% -

90% - =—O— APE-small-5a AR
—Cr- APE-small-8a S
88% - A
°7 & APE-base-8a
86% - —A - Embed-Gemma
1 2 3 4 5 6+

Number of Propositions

Figure 8: Performance of APE models trained with
max_atoms = 5 and max_atoms = 8.

a higher number of atoms significantly improves
its retrieval performance at high complexity lev-
els, while making it slightly less precise at lower
complexity levels.

A.5 Training Hyperparameters

The encoder backbone is frozen for the first 3,000
steps, during which only the decoder, embedding

head, and activity head are trained with a learn-
ing rate of 10~*. The backbone is subsequently
unfrozen and trained with a lower learning rate
of 2 x 107°. Both parameter groups use AdamW
with weight decay 10~2. A cosine schedule with
500 warmup steps is applied throughout. Training
runs for 3 epochs with a batch size of 64 and mixed
precision (FP16). We experiment with different val-
ues of Arp specifically, finding that higher values
led to improved cardinality prediction but worse
embedding quality. The value in the tested ones
{0.05,0.1,0.2,0.3,0.4,0.5} that achieved the best
trade-off was 0.1.

With these hyperparameters, training APE with a
BGE-small-en-v1.5 backbone takes approximately
1.5 hours on a single A100 GPU.

We do not carry out multiple trainings with dif-
ferent seeds. The reported results are therefore
from a single run, for each trained model.

A.6 Gemma and Qwen Instructions

EmbeddingGemma For PAWS-WIKI, we use
the “task: sentence similarity | query:”
instruction for EmbeddingGemma on both sen-
tences, as recommended in the model card. Ini-
tially, we tried both “task: fact checking |
query:” and “task: entailment detection
| query:” instructions for SNLI, falling back to
“task: sentence similarity | query:” asit
outperformed other instructions by a large margin.
For PROPSEARCH, we use the standard “task:
search result | query:” for propositions and
“title: "none” | text: ” for sentences.

Qwen3-Embedding For PAWS-WIKI, we tried
both “Instruct: Retrieve semantically
similar text. Query:” and “Instruct:
Retrieve semantically equivalent text.
Query:”, with minimal change in performance.
We report the former, as it won with a slight mar-
gin. For SNLI, we experimented with entailment-
related instructions with poor results, falling back
to the former instruction. For PROPSEARCH, we
tested both “Instruct: Retrieve passages
that verify or contradict the given claim.
Query: ”,and “Instruct: Retrieve passages
that contain the given claim. Query: 7,
with the former slightly outperforming the latter.

A.7 APE vs Sub-Sentence Encoder

To further show the architectural gain of APE over
previous methods, we train it using the same train-

52344



ing data from Chen et al. (2024) and compare the
results on the benchmarks (Table 7). The training
examples are roughly 1/3 of APE’s training dataset.

Model PAWS SNLI PropSearch
APE 81.1(82.1) 84.1(85.2) 96.0
APEx* 78.1(78.2)  84.1(84.1) 92.7
SSE-T5 76.0 (76.4) 80.7 (81.1) 67.7
SSE-GTR  75.8(76.2)  76.9 (76.9) 73.3

Table 7: APE performance (AUC, MRR) with different
training datasets. The % indicates the APE model trained
on SSE data.

A.8 Additional Benchmarks

While APE is not a general-purpose sentence rep-
resentation model, as it is not trained to represent
sentences holistically, we still test its performance
on typical semantic textual similarity (STS) bench-
marks from MTEB (Muennighoff et al., 2023) —
namely STS-B and SICK-R - as a diagnostic for
catastrophic forgetting with respect to its teacher
encoder. Results are shown in Table 8.

Model STS-B SICK-R

APE (HA) 83.8 (-3.0) 78.7 (-1.1)
APE (MaxSim) 84.9 (-1.9) 78.8 (-1.0)
APE (H2P) 79.1 (-7.7) 76.7 (-3.3)
APE-discrete (MaxSim) 79.9 (-6.9) 74.8 (-5.2)
SSE-T5 (MaxSim) 80.1 (-5.1) 76.1 (-3.9)
SSE-GTR (MaxSim) 79.2 (-0.4) 73.2 (+1.7)

Table 8: Results on the STS-B and SICK-R bench-
marks. The reported metric is Spearman’s rank corre-
lation coefficient. The numbers in parentheses refer to
the gap between each proposition-level model and its
fixed-size teacher/backbone encoder.

First, we see how the best-performing scoring
rule is MaxSim (Section 3.4), which is consistent
with the STS task, as it is the scoring rule that
measures overall textual similarity between two
sentences the most, being both asymmetric and
robust to diverging number of propositions.

Moreover, the performance of almost every
proposition-level model decreases on STS tasks
compared to the respective fixed-size backbone en-
coder. This is expected, as fixed-size sentence en-
coders are specifically trained to excel in such tasks,
which require holistic sentence representation ca-
pabilities. Despite not being a general-purpose
sentence encoder, ignoring inter-proposition rela-
tionships by design, APE still manages to achieve

strong STS performance with minimal loss com-
pare to its backbone encoder. The behavior of SSE
models (Chen et al., 2024) is less clear, as SSE-T5
shows steep degradation compared to its backbone
encoder, while SSE-GTR actually improves the
performance of its backbone encoder on SICK-R,
albeit starting from a much lower score overall.

Interestingly, if we compare APE’s performance
to APE-discrete (the full gpt-oss-120b decoding
plus BGE-small-en-v1.5 encoding process), we
can see how APE improves significantly over its
teacher pipeline (4-5.0 Spearman’s rank correlation
points on STS-B and +4.0 on SICK-R), which
provides further evidence that APE can generalize
over the biases present in its training signal.

A.9 Qualitative Analysis

In this section, we qualitatively analyze (1) gpt-
0ss-120b’s decomposition behavior in the presence
of several linguistic phenomena, and (2) APE’s
behavior in the presence of the same phenomena.

A.9.1 Temporality

The intended decomposition behavior for training
data generation is to discard the temporal relation
(before, after, then, ...) completely. Failed decom-
positions are very rare in this case, and they ma-
terialize non-atomic propositions that contain the
temporal relation. Some examples:

Sentence: By that time, Jahangir had more or less
reverted to tolerant policies of Akbar and after
finding Hargobind innocent and harmless ordered
his release.

Propositions: [1] Jahangir had more or less re-
verted to tolerant policies of Akbar. [2] Jahangir
found Hargobind innocent. [3] Jahangir found
Hargobind harmless.[4] Jahangir ordered the re-
lease of Hargobind.

Note: Good decomposition, the temporal relation
is discarded.

Sentence: On 9 February, as "Tarleton” was
leaving Port-au-Prince, presumably having taken
refuge there after her previous encounter with the
British brig, she encountered a British frigate and
a brig.

Propositions: [1] The date was 9 February. [2]
Tarleton was leaving Port-au-Prince. [3] Tarleton
had previously encountered a British brig. [4] Tar-
leton had presumably taken refuge in Port-au-
Prince after that encounter. [5] Tarleton encoun-
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tered a British frigate. [6] Tarleton encountered a
brig.

Note: Bad decomposition, [4] is not atomic; many
propositions are repeated.

Concerning APE’s behavior, the presence of
complex temporal relations in the source sentence
occasionally leads to unclear interpretation of some
atomic embeddings.

A.9.2 Causality/Conditionality

The intended decomposition behavior for training
data generation is to extract the cause/condition and
consequence as isolated atomic propositions. The
most common failure mode (still rare) is to include
both in the same proposition. Some examples:

Sentence: The people of Sili rely on subsistance
agriculture for their livelihood, and because it is
located away from the sea, fishing has minimal
impact on the village economy.

Propositions: [1] The people of Sili rely on sub-
sistence agriculture for their livelihood. [2] Sili is
located away from the sea. [3] Fishing has minimal
impact on Sili’s economy.

Note: Good decomposition, cause and effect are
isolated propositions.

Sentence: On occasion, when the winner does not
qualify (due to age) for either contest, a runner-
up is sent, traditionally the winner selected in the
previous year to the Miss Universe pageant.
Propositions: [1] The winner sometimes does not
qualify for either contest due to age. [2] If the
winner does not qualify for either contest due to
age, a runner-up is sent. [3] The runner-up that
is sent is traditionally the winner selected in the
previous year to the Miss Universe pageant. [4]
The winner selected in the previous year to the
Miss Universe pageant is traditionally sent as a
runner-up.

Note: Bad decomposition, condition and conse-
quence are merged. Propositions are not atomic
and repeated.

Concerning APE’s behavior, especially on
longer sentences, it might merge cause/condition
and consequence into the same embedding.

A.9.3 Non-Entailment

Some propositions, taken in isolation, might not be
entailed from their source sentence. If such propo-
sitions are not verifiable looking at the rest of the

sentence, the intended behavior for training data
generation is to retain the uncertainty in the phras-
ing of the proposition. The most common failure
mode is to extract such propositions as certain facts.
The NLI filtering we apply to remove hallucinated
training instances mostly solves this issue. Some
examples:

Sentence: St. Peter’s and St. Paul’s, is a church
situated in Kolenchery believed to have established
in Seventh Century.

Propositions: [1] St. Peter’s and St. Paul’s is a
church. [2] St. Peter’s and St. Paul’s is situated
in Kolenchery. [3] St. Peter’s and St. Paul’s is
believed to have been established in the Seventh
Century.

Note: Good decomposition, uncertainty is kept (“is
believed to have been established...”).

Sentence: Anna hides in a closet, and Ben attempts
to send Janine away who then makes a heartfelt
plea to save their marriage, and there are indica-
tions she succeeds in seducing him.

Propositions: [/] Anna hides in a closet. [2] Ben
attempts to send Janine away. [3] Janine makes a
heartfelt plea to save their marriage. [4] There are
indications that Janine succeeds in seducing Ben.
[5] Janine succeeds in seducing Ben.

Note: Bad decomposition, the uncertain proposi-
tion is reported as a certain fact [5] (in addition to
being reported correctly [4]).

APE’s behavior is particularly interesting in such
cases. To analyze it, we can exploit examples from
the held-out set.

Example A The British were confused by the
papers wrapped around the declaration, which they
thought were a secret cypher.

Here, gpt-0ss-120b oversplits the sentence as:

1) The British were confused by the papers
wrapped around the declaration

2) The papers were wrapped around the declara-
tion

3) The British thought the papers wrapped
around the declaration were a secret cypher

4) The British thought the papers were a secret
cypher
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If we encode the same sentence with APE, we suc-
cesfully obtain 2 atomic embeddings. Applying
proposition seeding:

* Seed: The British were confused by the pa-
pers wrapped around the declaration — 0.99
similarity with Atom 2, 0.78 with Atom 1.

» Seed: The British thought the papers wrapped
around the declaration were a secret cypher
— 0.96 similarity with Atom 1, 0.85 with
Atom 2.

If we instead remove the uncertainty from the latter
seed:

* Seed: The papers wrapped around the decla-
ration were a secret cypher. — 0.92 (—0.042)
similarity with Atom 1, 0.79 with Atom 2.

Here, APE actually corrects gpt-oss-120b’s over-
splitting, in addition to being consistent with the
hypothetical representation of the uncertain propo-
sition.

Example B On 10 January 2008, the signing was
made permanent, for an undisclosed fee, believed
to be £1 million.

This is correctly split by gpt-0ss-120b as:

1) The signing was made permanent on 10 Jan-
uary 2008

2) The fee for the signing was undisclosed

3) The fee for the signing was believed to be £1
million

If we encode this sentence with APE, we correctly
obtain 3 atomic embeddings. Again, we apply
proposition seeding to interpret them:

* Seed: The signing was made permanent on 10
January 2008 — 0.98 similarity with Atom
1, around 0.68 similarity with other atoms
(0.65,0.71).

* Seed: The fee for the signing was undisclosed
— 0.97 similarity with Atom 3, around 0.73
similarity with other atoms (0.66, 0.79).

* Seed: The fee for the signing was believed to
be £1 million — 0.95 similarity with Atom
2, around (.76 similarity with other atoms
(0.65,0.87).

If we remove the uncertainty from the last seed:

* Seed: The fee for the signing was £1 mil-
lion — 0.93 (—0.022) similarity with Atom
2, around 0.76 similarity with other atoms
(0.65,0.86).

A small difference, but if we compare “The fee for
the signing was believed to be £1 million” and “The
fee for the signing was £1 million” with the teacher
encoder (BGE-small-en-v1.5), we get 0.983 cosine
similarity, thus what we find is consistent with the
teacher’s latent space.

A.10 Licensing and Intended Use

Existing artifacts All artifacts used in this work
are employed in a manner consistent with their
licenses and intended use. Our training data is
derived from WikiSplit (Botha et al., 2018), re-
leased by Google under the CC-BY-SA 4.0 license,
which permits derivative works under share-alike
terms. Among the baseline models we evaluate,
BGE (Xiao et al., 2024), GTE (Li et al., 2023),
and Qwen3-Embedding (Zhang et al., 2025) are
released under permissive open-source licenses
(MIT for BGE and GTE, Apache 2.0 for Qwen3-
Embedding), and EmbeddingGemma (Vera et al.,
2025) is released under the Gemma Terms of Use,
which permits research and responsible use; our
use of all four for benchmarking is within their in-
tended scope. The Sub-Sentence Encoder (Chen
et al., 2024) is a publicly released research artifact,
used here for research comparison consistent with
its intended use. Training-set annotations were gen-
erated with gpt-oss-120b (OpenAl, 2025), released
under Apache 2.0. The PROPSEARCH benchmark
annotations were generated with Claude Sonnet 4.6
(Anthropic, 2026); these outputs are used solely to
construct an evaluation benchmark, consistent with
Anthropic’s usage terms, and are not used as train-
ing data. In particular, APE itself is trained only
on the gpt-oss-120b-annotated WikiSplit data and
never on Claude-generated outputs.

Created artifacts We release two artifacts: the
APE model (with its proposition-decomposed train-
ing set) and the PROPSEARCH benchmark. Both
are intended for research use only. The APE
training data is an LLM-decomposed derivative
of WikiSplit and therefore inherits WikiSplit’s CC-
BY-SA 4.0 share-alike conditions; we release it
under the same license. PROPSEARCH is con-
structed from publicly available sources: arXiv
abstracts (Clement et al., 2019), released under
a CCO-1.0 public-domain dedication. We release
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PROPSEARCH for research use only. Its source sen-
tences are drawn from scientific paper abstracts, re-
leased under a CCO-1.0 public-domain dedication,
and contain no personal or sensitive information be-
yond standard scholarly text. As derivatives of data
accessed and produced for research purposes, nei-
ther PROPSEARCH nor the APE model is intended
for deployment outside research contexts.
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