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Abstract

The next-token prediction (NTP) objective
trains language models to predict a single token
at each step, even though many continuations
can express the same meaning. For example, in
the sentence “this sticker can be placed here”,
positioned, attached, or put are all plausible al-
ternatives. While standard NTP training treats
these alternatives as mutually exclusive targets,
we explore a self-supervised framework that
encourages models to predict concepts, approx-
imated as sets of semantically equivalent to-
kens. Models trained with this concept super-
vision align better with human similarity judg-
ments, improve classification, clustering, and
reranking performance, and achieve compara-
ble or stronger downstream reasoning. These
gains come with lower perplexity on semanti-
cally meaningful words (Section 3.2) and only
minimal increases in global perplexity, suggest-
ing that concepts enhance semantic alignment
while preserving language modeling quality.’

1 Introduction

Large language models (LLMs) can generate coher-
ent text, answer questions, and perform complex
reasoning, yet most are still trained with a simple
objective: next token prediction (NTP). While ef-
fective in practice, NTP emphasizes surface-level
token patterns, treating different wordings as dis-
tinct even when they express the same meaning
(Michaelov et al., 2025).

In contrast, humans reason in terms of concepts
that can be expressed through different words and
contexts. For example, dad and father refer to the
same entity, while words like dog and pet can evoke
the same concept in context. As a result, NTP may
penalize valid alternatives despite their semantic
equivalence, diverging from human conceptual pro-
cessing (Bachmann and Nagarajan, 2024; Liu et al.,
2026b; Shani et al., 2026).

'Our code is available at https://github.com/
christine-zhangl/learning-concepts.

Here, we modify the training objective to predict
concepts rather than surface-level tokens, where
we approximate concepts as sets of contextual syn-
onyms. We introduce a self-contained training
pipeline that leverages the model’s own knowledge
to make its representations more concept-aware.

Our concept-tuned models, trained on data with
short contexts, show stronger alignment with hu-
man semantic intuition, improved performance
on short-context classification, clustering, and
reranking, and exhibit comparable or stronger
downstream reasoning abilities. Moreover, despite
not being trained to predict exact tokens, concept-
trained models achieve lower perplexity on content
words (defined in Section 3.2) than all baselines,
with only slightly higher global perplexity over all
tokens.

2 Related Work

NTP’s reliance on exact token matching can penal-
ize correct concepts, distort token rankings, and
produce undesirable behaviors (Holtzman et al.,
2021; Shani et al., 2023; Iyer et al., 2026; Liu et al.,
2026a). Bender and Koller (2020) argue that this
surface-level focus limits semantic understanding,
a claim supported by failures of NTP and teacher
forcing on tasks requiring entailment, planning, or
multiple valid continuations (Bachmann and Na-
garajan, 2024; Merrill et al., 2024). Together, these
findings suggest that fluent generation does not
necessarily imply semantic understanding.

A broad line of work has sought to relax the
assumption that learning should assign all credit
to a single observed output. Early approaches
distributed probability mass over alternative to-
kens through label and loss smoothing, or over
nearby sequences according to task-specific sim-
ilarity or reward functions (Elbayad et al., 2018;
Gao et al., 2020; Lukasik et al., 2020; Norouzi et al.,
2016). Subsequent work extended this idea to se-
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Figure 1: Our process for concept dataset generation, illustrated on one word for this sequence. We pass each
sequence into a decoder model, and for each noun, verb, or adjective token that comprises an entire word, we
extract the top 100 NTP completions. Then, we select the best contextual synonyms for those words using two

different methods. In

, we compare the cosine similarities between the original word’s embedding and the

embedding of each candidate token, and we keep the candidate tokens that have a cosine similarity of at least 0.75.
In method 2, we prompt the model’s corresponding instruct-tuned model to choose the best synonyms from the
candidate tokens. These synonyms form the concept set for the original word in the sequence.

mantically similar or equivalent sequences, either
through training objectives (Lukasik et al., 2020;
Khayrallah and Sedoc, 2020) or inference-time cri-
teria (Zhou et al., 2019; Arefyev et al., 2020; Xiong
et al., 2026). A newer line of concept-related work
uses continuous, soft tokens as intermediate com-
putation steps (Zhang et al., 2026; Butt et al., 2026;
Zheng et al., 2025; Zhao et al., 2026; Barrault et al.,
2024). While promising, all of these approaches
emerged across different tasks, motivations, and
terminology, making it difficult to recognize them
as part of a coherent line of work.

Recent work has explored alternatives to stan-
dard pretraining, including multi-token prediction
(DeepSeek-Al et al., 2025; Ahn et al., 2025; Chen
et al., 2025), plan-then-generate frameworks (Ma-
hajan et al., 2026; Wei et al., 2025), latent rea-
soning (Barrault et al., 2024; Tack et al., 2026),
continuous generation (Li et al., 2022; Shabalin
et al., 2025), and non-transformer architectures
(Gu and Dao, 2024; Huang et al., 2026). Other
approaches instead address NTP’s limitations dur-
ing post-training through reinforcement learning
from human feedback, direct preference optimiza-
tion, instruction tuning, contrastive learning, and
multitask finetuning (Ouyang et al., 2022; Wu et al.,
2023; Rafailov et al., 2023). For example, semantic
augmentations improve generalization (Yan et al.,

2024), while lexical supervision improves word
sense disambiguation (Levine et al., 2020).

The most closely related work incorporates
concept-level information into the training signal
through next-synonym and hypernym prediction
(Iyer et al., 2026). Although effective, these meth-
ods are not self-contained, sometimes relying on
external resources such as WordNet to define con-
cept sets. In contrast, we introduce a method to
derive concept structure directly from the embed-
dings of the base model that we post-train. More-
over, Iyer et al. (2026) apply concept training only
to nouns, while we extend the approach to include
verbs and adjectives to capture more of the seman-
tically meaningful words in each sequence.

3 Training Methods

We first list the base models used (Section 3.1). We
then describe both the process of enriching standard
data with concept signal (Section 3.2; Figure 1),
and modifying standard NTP objective function to
be concept-aware (Section 3.3; Figure 2).

3.1 Base Models

Throughout the paper, we explore 3 model families
and 3 model sizes within each family. We use:

e Llama 3.2 1B, Llama 3.2 3B, Llama 3.1
8B (Grattafiori et al., 2024)
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* Qwen 3 1.7B, Qwen 3 4B, Qwen 3 8B (Team,
2025)

e Falcon 3 1B, Falcon 3 3B, Falcon 3 7B (Team,
2024)

3.2 Concept Dataset Creation

We use two standard datasets: AllenAI’s C4 (Raffel
et al., 2020) and OpenWebText (Gokaslan and Co-
hen, 2019), an open-source replication of WebText.
From each corpus, we sample 10,000 English text
sequences and split them into training, validation,
and test sets using an 80/10/10 ratio. We follow
Sentence Transformers (Reimers and Gurevych,
2019) and truncate sequences to 256 tokens. Mod-
els are thus trained on 10,000 x 0.8 x 256 =
2,048,000 tokens from either C4 or OpenWebText.

We use two methods to generate concept
datasets: one operates within each model, and
the other uses its instruction-tuned variant. Since
both are model-dependent, we generate a separate
dataset for each base model in Section 3.1.

Both methods first identify token positions for
concept-level supervision. We target tokens that (i)
correspond to complete words rather than subwords
and (ii) are nouns, verbs, or adjectives, ensuring
that meaningful semantic alternatives exist.

To identify complete words, we retain tokens
that begin with a space and are followed by ei-
ther another space-prefixed token or punctuation,
selecting standalone words rather than subword
fragments. This excludes the first word in each
sequence, since lacking preceding context prevents
reliable identification of contextual synonyms.

We use spaCy POS tagging and verify alignment
with the tokenizer. On average, complete-word
single-token nouns, verbs, and adjectives (content
words) comprise 24% of tokens per sequence.

For each content-word position, we generate the
top 100 next-token predictions as candidates that
express the same concept. Our two methods then
differ in how they filter this pool into a final set of
contextually interchangeable tokens (Figure 1).

We compute the cosine
similarity between each candidate’s contextual em-
bedding and that of the original token. We discard
candidates whose spaCy part-of-speech tag does
not match the original. From the remaining pool,
we retain candidates with cosine similarity at least
0.75, capped at 10 per content word. The result-
ing set serves as a discrete approximation of the
concept associated with that token in its context.

Method 2: Prompting. We prompt the model’s
corresponding instruction-tuned variant to select
which of the 100 candidates can replace the original
token without changing the sentence’s meaning
(see Appendix A for the prompt used).

We include details on the size of concept sets
for each model, dataset, and concept generation
method in Tables 1 and 2 in Appendix B. Concept
sets have been spot-checked by humans for quality.

3.3 Concept Training Objective

We introduce a concept-level loss that rewards se-
mantically equivalent completions, rather than a
single surface form.

Let S denote an input sentence (e.g., “this sticker
can be placed”), and let T" be the original content
token (“placed”). We define 1™ as the set of contex-
tual synonyms for 7T, including 7T itself: {placed,
attached, put, installed, ...}. Instead of optimiz-
ing the likelihood of predicting the exact token 7',
the concept objective rewards predicting any token
belonging to the conceptual equivalence class 7™*:

T |
Leoncept(T™ | S) = —log ¥ _pltn € T* | 5,0)
n=1
where © denotes the model parameters and p(t,, €
T* | S,©) is the probability assigned by the model
to the n-th token in the contextual synonym set 7™.
This objective encourages the model to distribute
probability mass across multiple realizations of
the same concept, rather than concentrating exclu-
sively on a single lexical form.

3.4 Combined Training Loss

We apply standard NTP loss to non-content words,
and for content words combine NTP and concept
loss via a weighted linear interpolation (Figure 2):

Actotal — (1 - )\) LNTP + A Econcept

where \ € [0, 1] controls the strength of concept-
level supervision. Setting A = 0 is equivalent to
standard NTP training, while larger values place
increasing emphasis on concept prediction.

3.5 Models

We post-train our nine base models using concept
loss weights A\ € {0.25,0.5,0.75,1.0}. We train
separately on C4 and OpenWebText, and separately
on concept datasets produced by each of our two
generation methods, yielding 144 total combina-
tions (9 base models x 4 concept loss weights x 2
datasets x 2 concept dataset generation methods).
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Figure 2: Our loss function incorporating both standard NTP and a concept term, balanced via a concept weight
hyperparameter A. Setting A = 0 is pure NTP training, and increasing A makes the models more concept-oriented.

3.6 Baselines

We compare against four baselines, each designed
to isolate a specific potential source of gains.

Base model. The base model with no post-
training, to measure the effect of post-training.

NTP. We post-train models with only NTP loss
(A = 0) on the same data, to measure the contribu-
tion of concept signal.

Randomized synonym sets. To verify that the
observed gains stem from semantically coherent
synonym sets rather than from lexical variation
acting merely as a regularizer, we train models in
which each true synonym set is replaced with a
random set of the same size, sampled from the
global pool of training-set synonyms. We use A €
0.25,0.5,0.75,1.0, since the A = 0 condition is
already covered by the previous baseline.

Data-augmented NTP. To verify that gains stem
from the concept objective itself rather than from in-
creased exposure to semantically similar words, we
train NTP models on a concept-augmented dataset.
For each original sequence, we generate four ad-
ditional variants in which every content word is
replaced by a sample from its corresponding con-
cept set. When a concept set contains at least four
synonyms, samples are drawn without replacement;
otherwise, sampling is performed with replacement
(including the original word). We train two vari-
ants: one matched to our main models in total
training steps (controlling for compute), and an-
other matched in epochs (controlling for unique
data exposure), the latter requiring five times as
many training steps. This data-augmented base-
line also mirrors the best-performing configuration
from Iyer et al. (2026), allowing a direct compari-
son against the strongest prior approach.

3.7

All models are trained using QLoRa-4bit (Dettmers
et al., 2023) with a learning rate of 7 x 10~ and
batch size of 2 for 5 epochs. We limit the contextual
synonym set size to a maximum of 10 excluding the
content word itself, and we use a probability mass
threshold of 0.6. The models take about 0.5-2 hours
to train on an NVIDIA A6000 GPU depending on
model size and dataset.

To prevent the concept objective from dominat-
ing NTP, we introduce a probability mass threshold
on the contextual synonym set. If the cumulative
probability assigned by the model to tokens in 7™
exceeds a certain threshold (we used 0.6), we set
Leconcept = 0 for that training example. This ensures
that once the model sufficiently captures the con-
cept, additional optimization pressure is removed.
In practice, we found that this threshold was only
reached less than 1% of the time during training.

Training Details

4 Experiments & Results

We evaluate our models on four fronts: alignment
with human semantic similarity judgments (Sec-
tion 4.1), general-purpose embedding tasks (Sec-
tion 4.2), downstream multiple-choice tasks (Sec-
tion 4.3), and NTP perplexity (Section 4.4). To
align our evaluation with the context length used
for post-training, we restrict the evaluation to short-
context tasks and defer longer-context training and
evaluation to future work (see Section 6).

Every model is post-trained with three random
seeds, and all figures report the mean and standard
deviation over those seeds. For the sake of visual-
ization, the main text reports models trained on C4;
the corresponding OpenWebText results are given
in Appendix C and show the same trends.

4.1 Increased Semantic Understanding

We evaluate alignment with human semantic judg-
ments using the test splits of 9 Semantic Textual
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Figure 3: Concept-trained models align more closely with human semantic intuition. Results are for models
trained on C4 and averaged over three training seeds, with error bars showing the standard deviation across seeds.
Concept models are shown at A = 1. Randomized-synonym models are shown at A = 0.25 and data-augmentation
models at 1 epoch, which are the best-performing settings for each baseline.

Similarity (STS) tasks from the Massive Text Em-
bedding Benchmark (MTEB) (Enevoldsen et al.,
2025; Muennighoff et al., 2022). Specifically,
we use the English subset of MTEB v2 which
contains the STS tasks STS12, STS13, STS14,
STS15, STS17, STS22.v2, STSBenchmark, SICK-
R, and BIOSSES (Agirre et al., 2012, 2013; Band-
hakavi et al., 2014; Bigici, 2015; Cer et al., 2017;
Chen et al., 2022; May, 2021; Marelli et al., 2014;
Sogancioglu et al., 2017).

For each sequence, we obtain a representation
by mean-pooling the final-layer hidden states and
applying L2 normalization. MTEB’s library then
computes cosine similarity between sentence rep-
resentations for each pair and reports Spearman
correlation with the human similarity judgments.
We then average the score reported using MTEB
on the test splits of each of the STS datasets.

Figure 3 depicts the STS results, showing that
concept-trained models achieve higher Spear-
man correlation with human semantic similarity
judgments than all baselines. Spearman corre-
lation also increases monotonically with concept
weight A, indicating that stronger concept supervi-
sion yields representations that are increasingly
aligned with human semantic judgments (Ap-
pendix D). In contrast, the randomized-synonym
baseline peaks at A = 0.25 and deteriorates as A
increases, suggesting that while a small amount of
noise may act as regularization, excessive noise ul-
timately harms semantic coherence (Appendix D).
This contrast supports our claim that the gains come
from semantically meaningful concept sets, not
from adding noise.

Larger models generally achieve slightly lower

Spearman correlation than their smaller counter-
parts, consistent with Shani et al. (2026), who
found that scaling does not correlate with human
semantic judgments. One possible explanation is
methodological: we extract embeddings by mean-
pooling the final layer, whereas larger models may
encode semantic information more strongly in in-
termediate layers. Nevertheless, we use final-layer
mean pooling consistently across all models, fol-
lowing prior work on decoder embeddings (Muen-
nighoff, 2022; BehnamGhader et al., 2024; Muen-
nighoff et al., 2025a), to ensure comparability.

4.2 Generalization Across Embedding Tasks

We evaluate whether concept training improves
the quality of learned embeddings using all MTEB
(eng, v2) tasks whose inputs fit within 256 tokens,
matching our short-context training regime (Sec-
tion 3.2). This results in 15 tasks spanning 7 clas-
sification, 3 pair-classification, 1 reranking, and
4 clustering benchmarks across domains, includ-
ing product reviews, social media, technical Q&A,
and scientific abstracts. All evaluations operate
directly on frozen last-layer mean-pooled embed-
dings through the MTEB library, which applies a
trained linear probe for classification, cosine simi-
larity for pair-classification and reranking, and un-
supervised k-means for clustering.

We find that concept training improves short-
context representation over every baseline, con-
sistent across classification, pair-classification,
reranking, and 3 of the 4 clustering tasks (Fig-
ure 4; per-category results in Appendix E).
The sole exception is ArXivHierarchicalCluster-
ingS2S (Enevoldsen et al., 2025; Muennighoff
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Figure 4: Concept-trained models outperform all baselines when averaged across short-context MTEB tasks
spanning classification, clustering, pair-classification, and reranking. Scores are averaged over all 15 of these
tasks, for models trained on C4 over three training seeds. Error bars show the standard deviation across seeds.
Concept models are shown at A = 1, randomized-synonym models at A = 0.25, and data-augmentation models at 1
epoch, which are the best-performing settings for each baseline mirroring Figure 3.

et al., 2022), where concept models and the best
baseline fall within measurement noise of each
other (mean difference -0.12 V-measure points
across models and probes). Notably, this is the
only hierarchical clustering benchmark in our suite,
making it qualitatively distinct from the remaining
tasks and potentially less aligned with the local
semantic abstractions encouraged by concept train-
ing. Nevertheless, the overall pattern across the
other 14 tasks remains strongly positive. As with
STS, larger Qwen and Falcon models obtain lower
absolute scores, likely for the same embedding-
extraction reasons discussed in Section 4.1, though
concept models still consistently outperform their
corresponding baselines.

Taken together, these results indicate that con-
cept supervision yields better general-purpose
representations. The gains hold whether a task
is solved by a trained probe, a cosine-similarity
threshold, or unsupervised clustering, suggesting
the improvement lies in the geometry of the embed-
dings themselves.

4.3 Improved Downstream Reasoning

In line with our short-context training regime, we
evaluate our models on six multiple-choice down-
stream benchmarks using the Language Model
Evaluation Harness (Gao et al., 2024): ARC-
Challenge, ARC-Easy, OpenBookQA, HellaSwag,
PIQA, and WinoGrande (Clark et al., 2018; Mi-
haylov et al., 2018; Zellers et al., 2019; Bisk et al.,
2020; Sakaguchi et al., 2021). We group these
benchmarks into two categories: knowledge rea-
soning (ARC-Challenge, ARC-Easy, and Open-

BookQA), which emphasize scientific and fac-
tual reasoning, and commonsense reasoning (Hel-
laSwag, PIQA, and WinoGrande), which probe
physical, linguistic, and situational commonsense.

The top part of Figure 5 shows length-
normalized accuracy averaged across the knowl-
edge reasoning tasks. As expected, performance
improves with model size across all methods.
Moreover, concept models consistently outper-
form all baselines on knowledge reasoning
benchmarks, supporting the hypothesis that the
gains arise from the concept objective itself rather
than from alternative factors controlled for in the
baselines. Higher concept weights generally lead
to better performance on these benchmarks; we
include results comparing reasoning performance
against concept weight in Appendix F.

The bottom of Figure 5 shows accuracy averaged
across the commonsense reasoning tasks.”> Here
we find no benefit from concept supervision: con-
cept models perform on par with the pure NTP
baselines. We hypothesize that this asymmetry in
knowledge versus commonsense reasoning reflects
a difference in what the two task categories demand.
Knowledge reasoning relies on explicit factual and
lexical content, where grouping content words with
their semantic neighbors plausibly sharpens the
representations a model draws on. Commonsense
reasoning instead relies on implicit physical and
situational expectations that are not well captured
by content-word synonymy, leaving little for the
concept objective to exploit.

“We report length-normalized accuracy where available;
for WinoGrande, this is equivalent to raw accuracy.
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Figure 5: Top: Concept-trained models perform better on knowledge reasoning tasks (ARC-Challenge, ARC-Easy,
OpenBookQA) compared to all baselines. Bottom: Concept-trained models match accuracy on commonsense tasks
(HellaSwag, PIQA, WinoGrande) compared to the best-performing baseline models. Results are for models trained
on C4 and averaged over three training seeds, with error bars showing the standard deviation across seeds. Concept
models are shown at A = 1. Randomized-synonym models are shown at A = 0.25 and data-augmentation models at
1 epoch, which are the best-performing settings for each baseline.
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Figure 6: Concept-trained models achieve substantially lower content word perplexity than both the pretrained and
NTP-only baselines, while global perplexity degrades compared to the NTP-only baseline but is on par with the
pretrained model. Results are for models trained on C4, averaged over three training seeds and across the three
model families, grouped by model size. We omit error bars because absolute perplexity values differ substantially

across families due to differences in their base models; per-family plots are reported in Appendix H.

4.4 NTP Perplexity Analysis mated as complete-word single-token nouns, verbs,
and adjectives), excluding the function words and

We analyze NTP perplexity on both in-domain (ID) punctuation that are typically easier to predict:

held-out samples and out-of-distribution (OOD)
samples from the alternate corpus (C4 or Open-
WebText). Alongside standard perplexity, we re-
port content word perplexity, computed only over

1
Content Word PPL = exp 7 > NLL(2)

teT

content-word tokens. This metric isolates perfor-
mance on semantically meaningful items (approxi-

where T is the set of content-word tokens and
NLL(¢) is the negative log-likelihood of token ¢.
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(see individual plots in Appendix K).

Figure 6 shows results aggregated over models
and datasets for ID data; OOD results follow the
same trends (Appendix G). Content word perplex-
ity decreases monotonically with concept weight
across both ID and OOD data and both concept
extraction methods. Thus, concept supervision
improves not only downstream behavior but also
NTP at content word positions, despite training to
spread probability across many plausible contin-
uations. Additionally, content word perplexity is
substantially higher than global perplexity across
all conditions, indicating that content words are
the harder tokens to predict in each sequence. The
improvements from concept supervision are con-
centrated on these semantically loaded positions,
where our models outperform both the pretrained
models and NTP post-trained baselines.

For global perplexity, concept models perform
comparably to the pretrained baseline but trail the
NTP baseline by ~1-2 points. We view this as a
tradeoff: concept supervision shifts capacity to-
ward semantically informative tokens at a mod-
est cost on function words and other positions
that contribute less to sentence meaning.

Appendix H depicts per-family plots, which
show the same trends for content-word and global
ID perplexity.

5 Ablations

We perform two ablations, testing whether con-
cept supervision drives the gains or the increased
weight assigned to content words during training
(Section 5.1), and studying how the amount of con-
cept supervision along different axes affects STS
Spearman correlation (Section 5.2).

5.1 Increased Concept-Word Weight via NTP

To test whether gains come from the concept ob-
jective or simply emphasizing content words, we
train pure-NTP models that have a higher loss
weight on content words, sweeping weights over
{2,5,10,20, 50,100} while keeping other tokens
at weight 1.

For an unbiased comparison controlling for lan-
guage modeling quality, Figure 7 matches each
concept model (A = 1) with the weighted-NTP
model closest to it in global ID perplexity, control-
ling for general predictive quality. This yields a
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consistent choice of content-word weight 5 across
all families and sizes.

Under this matched comparison, weighted-NTP
outperforms our concept-trained models on content-
word perplexity but performs worse on STS cor-
relation. This is expected: it directly optimizes
each content token, while the concept objective
distributes probability over synonyms and cannot
match NTP by design. However, this sharper prob-
ability does not improve semantic representations,
as concept models align better with human similar-
ity judgments. This indicates that gains come from
the concept objective, not merely emphasizing
content word positions.

5.2 Saturation at Small Data Amounts

To assess the role of concept supervision, we vary it
along two axes: the fraction of supervised content
words per sequence (all, 50%, 25%, a single word),
and the training set size (full, 50%, 25%).

Reducing the supervised content words has
little effect on STS performance. Applying con-
cept loss to a single content word per sequence
yields Spearman correlation comparable to apply-
ing it to all content words (Figure 8). The con-
cept signal thus saturates quickly: one concept per
sequence suffices to convey the inductive bias,
and supervising many synonym sets may introduce
overfitting.

Reducing training set size also has little effect.
Spearman correlation stays essentially flat as we
cut the training set to 50% and 25%, indicating
that concept post-training takes effect with only a
small amount of data. This finding is consistent
with prior work on the data-efficiency of supervised
fine-tuning (Zhou et al., 2023; Muennighoff et al.,
2025b; Chen et al., 2024).

Similar saturation patterns hold for content word
and global perplexity (Appendix J) and for individ-
ual model families (Appendix K).

6 Conclusions and Future Directions

We introduce a self-supervised, concept-based
training objective that complements standard next-
token prediction. Across three model families
and three sizes, concept-trained models align more
closely with human semantic similarity judgments,
improve on short-context classification, clustering,
and reranking tasks, strengthen knowledge reason-
ing, and reduce perplexity on semantically informa-
tive tokens. Comparisons against pretrained, pure-

NTP, randomized-synonym, and data-augmented
NTP baselines indicate that these gains stem from
the concept objective itself rather than confounding
factors. Notably, a small increase in global perplex-
ity buys substantial gains on semantically meaning-
ful tokens and downstream performance, suggest-
ing that semantically targeted metrics can be more
informative than aggregate perplexity alone.

Future work could incorporate concept supervi-
sion during pretraining, extend it to longer contexts,
or apply it to multi-token expressions and multilin-
gual data. Future training could also utilize qual-
itatively different or larger-scale corpora. More
broadly, we view concept-level objectives as a step
toward LLMs whose representations more faith-
fully reflect the conceptual organization underlying
human language.

Limitations

Although we show promising results with concept
training, our study has several limitations. First, our
concept supervision is applied only to nouns, verbs,
and adjectives that are a single token and a com-
plete word. This restricts our training paradigm to a
narrow prediction setting and may not fully capture
the benefits of concept-level learning across longer
and more diverse spans of text. Extending supervi-
sion to different types of tokens within sequences
could yield stronger effects.

Second, our methods for constructing concept
sets rely on either the decoder model’s embed-
ding structures or LLM-generated synonym clus-
ters. While scalable, these approaches may not per-
fectly reflect human semantic organization, and al-
ternative sources, such as human annotations, could
provide more reliable or linguistically grounded
concept groupings.

Third, our experiments focus exclusively on
decoder-based models with no instruction finetun-
ing, which limits our ability to evaluate perfor-
mance under instruction prompting for downstream
tasks. As a result, our evaluation tasks in this work
may not capture broader ways in which concept
training could be applied to improve language mod-
eling ability.

Additionally, because we train on data truncated
to 256 tokens, our models are not well-suited for
long-context tasks such as retrieval. Future work
can explore concept training for longer contexts.

We also acknowledge that our models do not
achieve state-of-the-art embedding performance in
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Figures 3 and 4. This is expected given that we
are using relatively small decoder models without
task-specific finetuning. Our goal in this work is
to show that concept training improves semantic
understanding in the absence of task-specific em-
bedding finetuning. When we apply contrastive
finetuning on top of a concept post-trained model,
the effect of contrastive finetuning dominates our
prior post-training. We include details of our con-
trastive finetuning experiments in Appendix L, and
we leave to future work to investigate more sophisti-
cated methods of composing concept training with
contrastive finetuning.

Ethical Considerations

Training models with our concept loss formula-
tion could potentially lead to overgeneralizing and
overextending concept boundaries. The approach
we describe in this proposal involves LLMs creat-
ing concept sets without human input, which can
be dangerous in amplifying biases and stereotypes
present in training data. We advise users to be care-
ful of potentially harmful associations generated in
the concept dataset creation.

As with NTP models, concept-trained models
may behave in an unwanted or harmful manner,
such as producing hallucinations. In this work, we
did not explore using our concept-trained models
for unconditioned generation, and thus the sever-
ity of these risks is unknown for our models. We
caution users to always check model outputs.

Disclosure: LLMs were used to assist with cod-
ing and refine the text of this paper.
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A Prompt to Extract Concept Sets

This is the prompt fed to the instruction model to
select the subset of contextual synonyms from the
top 100 decoded tokens for each decoder model.
We use deterministic sampling for reproducibility
and a repetition penalty of 1.1.
Find contextual synonyms for the word
{target} in this text: {input_sequence}
Available tokens: {decoded_tokens}
Instructions:

- Find ALL possible synonyms from the
available tokens that could replace
{target} in this context

- Return ONLY a comma-separated list
of synonyms from the available tokens,
surrounded by square brackets

- Include every relevant synonym

- NO duplicates allowed

- NO explanations or extra text

- If no synonyms found, return: []
Example format: [wordl, word2, word3]

Synonyms for {target}:
B Concept Set Statistics

This section reports the size of the concept sets
produced by each stage of the pipeline described
in Section 3.2. All statistics are computed over
the full 10,000 sequences per corpus, before the
80/10/10 split.

Table 1 reports the number of content words per
sequence. Because this stage depends only on the
tokenizer and the spaCy part-of-speech tags, it is
identical for all three model sizes within a family,
so we report one row per family. Sequences are
truncated to 256 tokens and average 190 tokens
on C4 and 251 tokens on OpenWebText, so con-
tent words make up roughly 24% of tokens per
sequence in both corpora. The much larger stan-
dard deviation on C4 reflects that corpus’s shorter
and more variable documents.

Table 2 reports, for each model and corpus, the
size of the candidate pool and the size of the final
concept set under each generation method. The can-
didate pool is the top 100 next-token predictions
after discarding candidates that are not alphanu-
meric whole words or that repeat the original token.
The pool averages 91-95 candidates per content
word and is shared by both the embedding and
prompting methods.

Two aspects of the final concept sets are worth
noting. First, the two methods are bounded differ-
ently: the embedding method is explicitly capped at

10 synonyms per content word, whereas the prompt-
ing method is limited by the length of the instruc-
tion model’s response to 20 tokens. As a result, the
concept sets for the prompting method are occa-
sionally slightly larger than 10 but are in practice
smaller on average. Second, the prompting method
is markedly less reliable at small scale. Falcon 3
1B returns an empty list for roughly two thirds of
content words (31-35% coverage, versus 74-95%
for every other model), which is why its mean con-
cept set size is far below that of the other models.
The embedding method, which does not depend
on instruction-following ability, is stable across all
nine models.

C Results on OpenWebText

Figures 9, 10, 11, 12, 13, and 14 repeat every main-
text result for models post-trained on OpenWeb-
Text instead of C4. As in the main text, values are
averaged over three training seeds, and error bars
are the standard deviation across those seeds. All
of the trends reported in the main text hold on this
corpus as well.

D STS by Concept Weight

We show results for STS Spearman correlation sep-
arated by concept weight, aggregated over model
families in Figure 15.

We also show STS Spearman correlation results
for the randomized synonym baseline models in
Figure 16.

E Short-Context MTEB by Task

We report results for the 15 short-context
MTEB (Enevoldsen et al., 2025; Muennighoff et al.,
2022) tasks, split by category:

* Classification (7 tasks; Figure 17): Amazon-
CounterfactualClassification (O’Neill et al.,
2021), Banking77Classification (Casanueva
et al, 2020), MassivelntentClassifica-
tion (FitzGerald et al., 2023), MassiveSce-
narioClassification (FitzGerald et al., 2023),
MTOPDomainClassification (Li et al., 2021),
ToxicConversationsClassification (cjadams
et al., 2019), TweetSentimentExtractionClas-
sification (Maggie, 2020).

* Pair-classification (3 tasks; Figure 18):
SprintDuplicateQuestions (Shah et al., 2018),
TwitterSemEval2015 (Xu et al., 2015), Twit-
terURLCorpus (Lan et al., 2017).
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¢ Reranking (1 task; Figure 19): AskUbun-
tuDupQuestions (Wang et al., 2021).

¢ Clustering (4 tasks; Figure 20 for
ArXivHierarchical ClusteringS2S and
Figure 21 without): ArXivHierarchical-
ClusteringS2S (Enevoldsen et al., 2025;
Muennighoff et al., 2022), MedrxivClus-
teringS2S.v2 (Enevoldsen et al., 2025;
Muennighoff et al.,, 2022), StackEx-
changeClustering.v2 (Geigle et al., 2021),
TwentyNewsgroupsClustering.v2 (Lang,
1995).

F Reasoning Tasks by Concept Weight

We show results for the knowledge reasoning
tasks separated by concept weight, aggregated over
model families in Figure 22.

We also show knowledge reasoning results for
the randomized synonym baseline models in Fig-
ure 23.

G Out-of-distribution NTP Perplexity

We report both ID and OOD results together for
NTP perplexity, aggregated over all model families,
in Figure 24.

H NTP Perplexity by Model Family

We show results for NTP perplexity over the Llama,
Qwen, and Falcon families separately in Figure 25,
Figure 26, and Figure 27 respectively.

I Weighted NTP Comparison by Model

We show results for weighted NTP compared with
concept models for each model separately in Fig-
ure 28.

J Saturation on Perplexity

We observe saturation at small data amounts on
both content word perplexity and global perplexity
(Figure 29).

K STS Saturation by Model Family

We report results per model family for STS Spear-
man correlation as we vary the amount of con-
tent words that receive concept supervision and
the amount of training data. The plots for Llama,
Qwen, and Falcon are in Figures 30, 31, and 32
respectively.

L Contrastive Finetuning Dominates
Concept Learning

Sections 4.1 and 4.2 evaluate our models with-
out any task-specific embedding finetuning, which
is why our concept-trained models do not reach
state-of-the-art embedding performance on STS
and MTEB. In this section, we further finetune our
concept-trained models using contrastive learning,
which is used for many state-of-the-art embedding
models (Lee et al., 2025b; Zhang et al., 2025; Lee
et al., 2025a), to investigate whether our models
can achieve better performance using this method.

Experimental Setup. We freeze each post-
trained model and train an identically initialized
LoRA on top of it with a SImCSE-style supervised
contrastive objective (Gao et al., 2021). The con-
trastive training data is a 50,000-triplet subsample
of the SNLI and MNLI (anchor, entailment, con-
tradiction) triplets (Bowman et al., 2015; Williams
et al., 2018). As throughout the paper, A denotes
the concept weight used to train the initial adapter.

We run our experiment on all 9 models as re-
ported in the paper (3 sizes for each model fam-
ily). We compare five types within each model:
pretrained, NTP-only (A = 0), concept (A = 1),
randomized synonym with A = 0.25, and random-
ized synonym with A = 1. We chose the first two
as baselines, the third as our presented model, and
the last two as intentionally degraded baselines for
comparison.

Results. Tables 3 and 4 report every C4-trained
model’s score on STS and MTEB short tasks be-
fore and after contrastive finetuning; Tables 5 and 6
do the same for the OpenWebText-trained models.
Before contrastive finetuning, the five types within
a single row differ by as much as 30.0 points on C4
and 20.4 points on OpenWebText. Afterwards, they
agree to within 1.16 points on C4 and 1.73 points
on OpenWebText. These results suggest that con-
trastive finetuning dominates over our post-training
scheme in general, which aligns with our intuition
because contrastive learning directly trains mod-
els’” embedding behavior. In contrast, our concept
learning technique is a variant on vanilla NTP that
improves embedding performance as a byproduct.
The signal from concept training is therefore un-
surprisingly dominated here: contrastive finetuning
has so large an effect that this experiment cannot
distinguish between our baselines, degraded mod-
els, and concept-trained models.
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Model family C4 OpenWebText
Llama 3 46.7 + 22.0 58.6 = 12.1
Qwen 3 46.1 +21.9 57.8 +12.2
Falcon 3 47.8 +22.4 58.2+12.3

Table 1: Mean number of content words (complete-word single-token nouns, verbs, and adjectives) per sequence, +
one standard deviation. This stage depends only on the tokenizer, so it is identical across the three sizes within each

model family.

Embedding Prompting
Model Candidates  Synonyms Coverage Synonyms Coverage
Cc4
Llama3.2 1B 92.5+10.9 7.06+3.74 88.3% 6.69 £ 3.59 87.2%
Llama3.23B 91.5+114 6.47+3.94 85.7% 5.52 + 3.36 92.4%
Llama3.18B 91.4+11.8 6.01 £4.01 83.7% 6.41 £ 3.16 95.3%
Qwen31.7B  92.7+10.8 8.11+£2.091 96.4% 2.99+2.13 90.5%
Qwen 3 4B 91.94+104 8.13+2.87 96.7% 5.39 £ 3.66 83.5%
Qwen 3 8B 92.6 £10.1 8.16£2.81 97.1% 5.22+3.78 76.2%
Falcon 3 1B 94.6 +£7.3 8.04+294 96.3% 2.04 £ 3.30 34.7%
Falcon 3 3B 94.1+£9.0 8.10+2.88 96.7% 4.88 +3.39 83.6%
Falcon 3 7B 93.4+84 8.00+294 96.3% 6.49 £+ 2.98 94.8%
OpenWebText
Llama3.21B 92.1+106 7.13+3.70 89.8% 5.48 £3.95 76.4%
Llama3.23B 90.8+11.4 6.44+3.95 86.2% 5.34 £+ 3.48 87.9%
Llama3.18B 91.1+11.5 6.02+4.00 84.5% 6.02 £ 3.40 90.2%
Qwen31.7B  923+104 8.21 +2.86 96.8% 2.61 +2.03 83.3%
Qwen 3 4B 91.4+10.2 8.20+2.84 97.0% 5.13 £3.70 80.7%
Qwen 3 8B 92.3+9.9 8254277 97.4% 5.00 + 3.84 73.5%
Falcon 3 1B 94.8+6.8 8.12+2.93 96.3% 1.72 4+ 3.06 31.0%
Falcon 3 3B 94.4+8.3 820+2.85 96.8% 4.42+3.35 79.9%
Falcon 3 7B 93.7£8.0 8.09+2.92 96.5% 6.04 £ 3.27 89.9%

Table 2: Concept set sizes per content word, & one standard deviation. Candidates is the size of the shared candidate
pool (top 100 next-token predictions after filtering) before applying either the embedding or prompting methods.
Synonyms is the mean size of the final concept set under each method, averaged over all content words including
those that receive no synonyms. Coverage is the fraction of content words whose concept set is non-empty.
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Figure 9: OpenWebText counterpart of Figure 3. Concept-trained models align more closely with human semantic
intuition. Concept models are shown at A = 1, randomized-synonym models at A = 0.25, and data-augmentation
models at 1 epoch.
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Figure 10: OpenWebText counterpart of Figure 4. Concept-trained models outperform all baselines when averaged
across the 15 short-context MTEB tasks. Concept models are shown at A = 1, randomized-synonym models at
A = 0.25, and data-augmentation models at 1 epoch.
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Figure 11: OpenWebText counterpart of Figure 5. Top: knowledge reasoning tasks (ARC-Challenge, ARC-Easy,
OpenBookQA). Bottom: commonsense tasks (HellaSwag, PIQA, WinoGrande). Concept models are shown at
A = 1, randomized-synonym models at A\ = 0.25, and data-augmentation models at 1 epoch.
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Figure 12: OpenWebText counterpart of Figure 6. Concept-trained models achieve substantially lower content
word perplexity than both the pretrained and NTP-only baselines, while global perplexity degrades compared to
the NTP-only baseline but performs on par with the pretrained model. Results are averaged across the three model
families, grouped by model size; we omit error bars because absolute perplexity values differ substantially across

families.

(a) Concepts via Embedding

(b) Concepts via Prompting

Mean STS Content Words Mean STS Content Words
Spearman T 50 PPL[ID] | Spearman T PPL[ID] |
0.525 0.525
40
0.500 40 0.500
0.475 30 0.475 30
0.450 0.450
~1B ~3-4B ~7-8B ~1B ~3-4B ~7-8B ~1B ~3-4B ~7-8B ~1B ~3-4B ~7-8B
(smallest) (mid) (largest) (smallest) (mid) (largest) (smallest) (mid) (largest) (smallest) (mid) (largest)

mmm Weighted NTP (matched on ID global PPL) B Concept-trained

Figure 13: OpenWebText counterpart of Figure 7. Concept-trained models outperform weighted-NTP models on

STS Spearman correlation while weighted-NTP models achieve lower content word perplexity. Each weighted-NTP
model is selected to match its corresponding concept model on in-domain global perplexity.
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Figure 14: OpenWebText counterpart of Figure 8. Concept training saturates at small data amounts on STS along
both axes we vary. For the training set size plots, “0” denotes training on the full dataset at A = 0. All models other
than the pretrained and pure-NTP baselines use A = 1.
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Figure 15: STS Spearman correlation increases as concept weight increases, indicating that a higher degree of
concept supervision allows models to align more strongly with human semantic intuition.
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Figure 16: STS Spearman correlation decreases as concept weight increases for the models with randomized
synonym sets. Thus, without semantic groupings of concept sets, model representations become more damaged as
we increase the weight on these noisy concept sets.
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Figure 17: Concept-trained models outperform all baselines on classification tasks. Scores are averaged over 7
classification tasks for models trained on C4 over three training seeds; error bars show the standard deviation across
seeds. Concept models are shown at A = 1, randomized-synonym models at A = 0.25, and data-augmentation
models at 1 epoch.
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Figure 18: Concept-trained models outperform all baselines on pair-classification tasks. Scores are averaged
over 3 pair-classification tasks for models trained on C4 over three training seeds; error bars show the standard

deviation across seeds. Concept models are shown at A = 1, randomized-synonym models at A = 0.25, and
data-augmentation models at 1 epoch.
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Figure 19: Concept-trained models outperform all baselines on the reranking task. Scores are for models trained on
C4, averaged over three training seeds; error bars show the standard deviation across seeds. Concept models are
shown at A = 1, randomized-synonym models at A = 0.25, and data-augmentation models at 1 epoch.
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Figure 20: The arXiv clustering task cannot distinguish between the models. Scores are for models trained on C4,
averaged over three training seeds; error bars show the standard deviation across seeds. ArXivHierarchicalCluster-
ingS2S is the only hierarchical clustering benchmark in our suite, and MTEB scores it by bootstrapping V-measure
across two label-hierarchy levels. This produces a within-run standard deviation of 3.3 points, which is far higher
than the 0.6—0.9 of our other three clustering tasks. The spread shown here is therefore dominated by evaluation
variance rather than by differences between training seeds, so we do not draw conclusions on model clustering
performance given these method differences on this task. Concept models are shown at A = 1, randomized-synonym
models at A = 0.25, and data-augmentation models at 1 epoch.

38947



(a) Concepts via Embedding (b) Concepts via Prompting

0.40
5 0.38
0.361
1 0.341
0.321
0.301
0.28-

iv)

no ArX

Mean Clustering

score (3

AD 2D P M AD ® AD 2D 1P AD 2D P 1% A® o AD 2D 1P
> > > RS TS D 1 0P A0 > > > RS 0P o™
\)\a@ \)\aﬁ\ \)\aﬁ\ o W e Qsﬂe Qsﬂe ?a\cﬁ ‘2\,‘)\00 ‘2,&\00 \)\aﬁ\ \)\3@ \)\3‘“ o \N®0 Q\Ne Q\Ne 12\,6\00 12\,6\00 12\,6\00

Hl Pretrained mE NTP-only FT B Randomized synonyms Ml Data augmentation Bl Concept-trained

Figure 21: Concept-trained models generally outperform baselines on the remaining 3 clustering tasks, with small
exceptions for Llama 1B, Falcon 1B, and Falcon 3B on the prompting side. Scores are averaged over these 3 tasks
for models trained on C4 over three training seeds; error bars show the standard deviation across seeds. Concept
models are shown at A = 1, randomized-synonym models at A = 0.25, and data-augmentation models at 1 epoch.
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Figure 22: Knowledge reasoning accuracy increases as concept weight increases, indicating that a higher degree of
concept supervision allows models to learn better factual reasoning connections. We note that the relative gains
are small, but general trends hold of concept training improving performance over both the pretrained and A = 0

baselines.
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Figure 23: Knowledge reasoning accuracy decreases as concept weight increases for the models with randomized
synonym sets. Without semantic groupings of concept sets, model representations become more damaged as we

increase the weight on these noisy concept sets.
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Figure 24: Concept-trained models achieve substantially lower content word perplexity than both the pretrained and
NTP-only baselines both ID and OOD, while global perplexity degrades compared to the NTP-only baseline but
performs either on par (ID) or slightly worse (OOD) compared to the pretrained models. Results are for models
trained on C4, averaged over three training seeds and across the three model families, grouped by model size. We

omit error bars because absolute perplexity values differ substantially across families due to differences in their base
models.
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Figure 25: These plots show content word perplexity and global perplexity results for the Llama family, for models
trained on C4; error bars show the standard deviation across three training seeds. Content word perplexity improves
both ID and OOD compared to both baselines. Global ID perplexity at higher concept weights is comparable to the
pretrained baseline but 1-2 points higher compared to the NTP-only baseline. Global OOD perplexity monotonically
increases as concept weight increases, but the rise is small compared to the drop in content word perplexity (note

the different y-axis scales). The prompting models appear to plateau for content word perplexity earlier than the
embedding models.
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Figure 26: These plots show content word perplexity and global perplexity results for the Qwen family, for models
trained on C4; error bars show the standard deviation across three training seeds. As concept weight increases,
content word perplexity plateaus around A = 0.5. Similar to the Llama family, global ID perplexity at higher
concept weights is comparable to the pretrained baseline but 1-2 points higher compared to the NTP-only baseline.
Global OOD perplexity monotonically increases as concept weight increases, but the rise is small compared to the
drop in content word perplexity (note the different y-axis scales).
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Figure 27: These plots show content word perplexity and global perplexity results for the Falcon family, for models
trained on C4; error bars show the standard deviation across three training seeds. Similar to the Qwen models, the
embedding models for Falcon also plateau and start degrading around concept weight A = 0.5. The prompting
models continue to improve as concept supervision increases. Similar to the other model families, global ID
perplexity at higher concept weights is comparable to the pretrained baseline but 1-2 points higher compared to the
NTP-only baseline. Global OOD perplexity monotonically increases as concept weight increases, but the rise is
small compared to the drop in content word perplexity (note the different y-axis scales).
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Figure 28: For every model, we see that the STS Spearman correlation for concept-trained models outperforms that
of the weighted-NTP models. Conversely, the content word perplexity of the weighted-NTP models is always better
than our concept-trained models, which makes sense because the weighted-NTP models specifically emphasize next
token prediction at content word positions. These models are trained on C4.
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Figure 29: These plots show content word perplexity and global perplexity performance at various amounts of
concept supervision. Content word ID perplexity saturates and begins overfitting when using concept supervision
on only 25% of content words, while content word OOD perplexity stays relatively constant past this point. For
global perplexity, we observe that the pure NTP-trained model achieves the best performance. As the amount of
concept supervision increases, the global perplexity stays relatively constant both ID and OOD for all model sizes.
Results are for models trained on C4, averaged over three training seeds and aggregated over model sizes in different

families.
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Figure 30: For Llama models, STS Spearman correlation saturates and sometimes begins overfitting after only
receiving concept supervision on 1 content word per sequence, indicating that concept supervision is strong enough
to affect alignment with human semantic judgments with only a sparse signal. Similarity, STS Spearman correlation

also achieves its highest value with only 2,000 samples in the training set (quarter) as opposed to larger training set
sizes (half, full).
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Figure 31: STS Spearman correlation for the Qwen models generally begins to plateau or improves incrementally
after receiving concept supervision on 1 content word per sequence and a quarter of the entire training set size.
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Figure 32: STS Spearman correlation for the Falcon models also achieves its highest values at 1 content word

per sequence receiving concept supervision and a quarter of the training set size. At higher degrees of concept
supervision, the performance slightly degrades, indicating overfitting.
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Model Pretrained NTP-only Concept A=0.25 =1
Concepts via Embedding
Liama 1B Before 53.27 54.16 55.13 52.01 46.77
After 80.49 80.48 80.52 80.49 80.39
Liama 3B Before 53.13 53.54 54.47 50.50 45.23
After 81.49 81.35 81.37 81.31 81.35
Liama 8B Before 52.54 52.49 52.94 48.61 44.19
ama After 82.41 82.23 82.44 82.25 82.01
Owen L7B Before 42.50 44.19 48.49 42.45 18.94
wen 1. After 79.64 80.05 79.77 79.23 79.90
Qwen 4B Before 45.41 46.42 48.32 4127 35.61
After 81.12 81.24 81.00 81.24 80.95
Qwen 8B Before 41.64 43.71 45.56 37.54 33.38
After 82.15 81.30 81.45 81.49 81.63
Falcon 1B Before 53.28 54.35 55.11 54.04 50.61
After 75.85 75.09 75.31 75.09 75.44
Falcon 3B Before 53.89 54.38 55.86 52.84 46.66
After 77.59 76.73 77.16 77.07 76.87
Falcon 7B Before 48.61 49.01 50.37 45.45 41.69
After 80.50 79.80 80.23 80.34 80.25
Concepts via Prompting
Llama 1B Before 53.27 54.11 55.25 52.80 47.67
After 80.49 80.50 80.52 80.39 80.68
Liama 3B Before 53.13 53.54 54.92 50.81 45.81
After 81.49 81.36 81.45 81.11 81.19
Liama 8B Before 52.54 52.48 53.51 49.23 45.10
After 82.41 82.37 82.24 82.01 81.94
Owen L7B Before 42.50 44.19 48.18 42.39 18.19
wen 1. After 79.64 80.02 79.93 80.04 80.07
Qwen 4B Before 45.41 46.42 47.80 40.10 33.74
After 81.12 81.24 81.00 81.51 80.85
Qwen 8B Before 41.65 43.13 45.39 35.64 30.18
After 81.72 80.94 81.46 81.06 81.34
Falcon 1B Before 53.28 54.34 54.81 53.83 47.83
After 75.79 75.09 75.28 75.36 75.43
Falcon 3B Before 53.89 54.39 55.52 52.68 4774
After 77.59 76.92 77.33 76.94 76.79
Falcon 7B Before 48.61 49.02 51.42 4521 41.11
alcon After 80.50 79.72 79.97 80.32 80.25

Table 3: STS (9 tasks) scores (x 100) for every C4-trained model, before and after identical SimCSE-style contrastive
finetuning. Before rows are the post-trained models the rest of the paper evaluates; After rows are those same models
after contrastive finetuning. Before finetuning the five types within each model differ by as much as 30.0 points
within a single row; afterwards they agree to within 0.86 points everywhere, including the randomized-synonym
variants trained on deliberately corrupted supervision.
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Model Pretrained NTP-only Concept A=0.25 =1
Concepts via Embedding
Llama IB Before 47.08 47.56 49.11 45.64 44.18
ama After 66.05 65.70 65.93 66.23 66.12
Liama 3B Before 48.38 48.55 49.49 45.50 43.95
a After 66.30 66.66 66.40 66.79 67.45
Liama 8B Before 49.12 49.36 49.82 44.98 40.32
ama After 65.33 65.56 65.76 65.92 65.86
Qwen 178 Before 37.28 37.88 41.92 37.24 25.53
: After 64.38 64.37 64.28 63.93 64.65
Qwen 4B Before 39.30 40.14 42.10 36.66 33.70
After 65.10 65.08 65.36 64.91 64.81
Qwen 8B Before 35.04 36.78 38.01 33.49 31.41
After 65.39 65.67 65.74 65.25 65.05
Falcon 1B Before 47.40 49.14 49.95 48.38 46.19
After 63.35 63.02 62.90 62.82 63.21
Falcon 3B Before 45.88 48.07 48.61 46.43 42.62
After 64.13 63.69 64.05 64.02 64.32
Falcon 7B Before 43.39 44.02 44.96 4133 38.95
After 64.10 64.22 64.37 64.02 64.30
Concepts via Prompting
Llama 1B Before 47.08 47.50 49.09 46.71 45.60
After 66.04 65.83 65.92 65.85 66.02
Liama 3B Before 48.38 48.50 49.58 45.80 4431
After 66.24 66.71 66.44 66.69 66.60
Liama 8B Before 49.11 49.15 50.16 45.92 41.68
ama After 65.33 65.74 65.85 65.70 65.56
Qwen 178 Before 37.29 37.88 41.61 37.37 23.65
: After 64.38 64.36 64.31 64.76 64.87
Qwen 4B Before 39.29 40.18 40.95 36.00 32.57
After 65.10 65.08 65.05 64.85 64.93
Qwen 8B Before 35.06 36.48 37.36 32.51 29.85
After 65.69 65.55 65.30 65.77 65.76
Falcon 1B Before 47.40 49.13 49.36 48.12 44.10
alcon After 62.72 62.52 62.47 62.49 62.72
Falcon 3B Before 45.88 48.00 48.18 46.27 44.63
After 64.13 63.96 63.97 64.06 64.17
Falcon 7B Before 43.39 44.08 45.86 41.42 38.63
After 64.10 64.05 64.24 63.99 64.09

Table 4: Short-context MTEB (15 tasks) scores (x100) for every C4-trained model, before and after identical
SimCSE-style contrastive finetuning (C4). Before rows are the post-trained models the rest of the paper evaluates;
After rows are those same models after contrastive finetuning. Before finetuning the five types within each model
differ by as much as 18.0 points within a single row; afterwards they agree to within 1.16 points everywhere,
including the randomized-synonym variants trained on deliberately corrupted supervision.
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Model Pretrained NTP-only Concept A=0.25 =1
Concepts via Embedding
Llama IB Before 53.27 53.20 54.15 51.21 45.83
a After 80.44 80.45 80.36 80.43 80.48
Liama 3B Before 53.13 53.24 53.70 50.16 45.94
After 81.49 81.43 81.47 81.18 81.32
Liama 8B Before 52.54 52.44 52.99 49.43 45.26
ama After 82.41 82.22 82.46 82.25 82.31
Owen L7B Before 42.50 44.89 46.30 41.08 35.05
: After 79.64 79.59 79.74 80.16 79.76
Qwen 4B Before 45.42 45.10 47.16 40.92 35.94
wen After 81.12 80.93 80.84 80.71 81.52
Qwen 8B Before 41.65 30.27 43.42 29.33 23.04
After 81.72 81.21 81.18 80.97 81.07
Falcon 1B Before 53.28 53.10 54.52 53.16 48.59
After 75.83 75.12 75.37 75.25 75.05
Falcon 3B Before 53.89 53.11 54.74 52.25 44.45
After 77.40 76.52 76.91 76.85 76.82
Falcon 7B Before 48.60 48.64 50.18 45.17 4135
After 80.50 79.91 79.90 79.93 80.14
Concepts via Prompting
Llama 1B Before 53.27 53.26 54.46 51.49 4591
After 80.44 80.47 80.42 80.60 80.61
Liama 3B Before 53.13 53.24 54.43 50.54 46.62
After 81.42 81.43 81.30 81.28 81.18
Liama 8B Before 52.54 51.89 53.23 49.44 45.01
After 82.41 82.20 82.27 82.18 82.49
Owen L7B Before 42.50 44.80 46.07 40.28 34.57
: After 79.64 78.50 79.99 80.23 80.11
Qwen 4B Before 45.42 45.10 46.59 39.43 33.56
After 81.12 80.93 80.94 80.84 81.20
Qwen 8B Before 41.64 30.34 42.12 29.35 2221
wen After 82.15 80.76 81.37 80.95 80.92
Falcon 1B Before 53.28 53.14 53.84 53.03 46.28
After 75.83 75.14 75.17 75.00 75.10
Falcon 3B Before 53.89 53.11 54.56 51.62 44.06
After 77.40 76.88 76.98 76.95 76.57
Falcon 7B Before 48.60 48.66 50.87 44.69 40.98
After 80.44 79.90 80.19 79.92 80.05

Table 5: STS (9 tasks) scores (x 100) for every OpenWebText-trained model, before and after identical SimCSE-style
contrastive finetuning. Before rows are the post-trained models the rest of the paper evaluates; After rows are
those same models after contrastive finetuning. Before finetuning the five types within each model differ by as
much as 20.4 points within a single row; afterwards they agree to within 1.73 points everywhere, including the
randomized-synonym variants trained on deliberately corrupted supervision.
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Model Pretrained NTP-only Concept A=0.25 =1
Concepts via Embedding
Llama IB Before 47.08 47.15 48.27 45.26 41.52
ama After 64.05 63.90 64.28 63.99 63.81
Liama 3B Before 48.34 47.84 48.80 44.71 41.12
ama After 64.22 64.78 64.38 64.69 64.99
Liama 8B Before 49.10 48.40 48.98 44.06 40.25
After 65.33 65.66 65.70 65.33 65.55
Qwen 178 Before 37.28 38.92 40.23 36.24 33.14
: After 64.38 64.34 64.41 64.72 64.71
Qwen 4B Before 39.29 39.07 41.08 36.03 32.94
After 65.10 64.85 65.10 65.01 65.24
Qwen 8B Before 35.06 30.83 36.75 29.66 26.57
After 65.69 65.55 65.36 65.68 65.60
Falcon 1B Before 47.40 47.77 49.12 47.29 42.02
alcon After 60.65 60.29 60.13 60.45 60.33
Falcon 3B Before 45.86 47.06 47.88 46.16 37.90
After 62.11 61.73 61.72 61.73 62.03
Falcon 7B Before 43.40 43.10 44.55 40.55 37.87
After 64.10 63.98 63.71 64.08 64.00
Concepts via Prompting
Llama 1B Before 47.08 47.20 48.25 45.73 41.99
After 64.05 63.77 64.01 64.06 63.65
Liama 3B Before 48.34 47.84 49.12 45.18 41.74
ama After 64.22 64.78 64.36 64.77 64.83
Liama 8B Before 49.11 48.24 49.47 44.82 40.02
ama After 65.33 65.75 65.78 65.54 65.62
Qwen 178 Before 37.28 38.83 39.74 35.66 32.59
: After 64.38 63.90 64.43 64.82 64.75
Qwen 4B Before 39.29 39.07 40.16 35.10 31.86
After 65.10 64.85 65.32 65.00 65.09
Qwen 8B Before 35.06 30.86 35.64 29.29 26.96
After 65.39 65.81 65.59 66.08 65.53
Falcon 1B Before 4736 47.90 47.79 47.12 40.63
After 60.65 60.22 60.26 60.37 60.09
Falcon 3B Before 45.86 46.85 47.43 45.20 37.56
After 62.11 61.93 61.78 61.96 61.83
Falcon 7B Before 43.42 42.93 44.71 40.08 37.37
After 64.03 64.15 64.09 64.02 64.01

Table 6: Short-context MTEB (15 tasks) scores (x 100) for every OpenWebText-trained model, before and after
identical SimCSE-style contrastive finetuning. Before rows are the post-trained models the rest of the paper
evaluates; After rows are those same models after contrastive finetuning. Before finetuning the five types within
each model differ by as much as 10.2 points within a single row; afterwards they agree to within 0.92 points
everywhere, including the randomized-synonym variants trained on deliberately corrupted supervision.
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