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One-liner summary: What makes LLMs better than small LMs? Data? Parameters? Geometry might play a role!
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Figure 1. Nlustration of the embedding condensation phenomenon. In pre-trained language models, embeddings of all tokens from the
same input sequence condense into a narrow cone after being processed by many Transformer layers. This phenomenon is substantially
more pronounced in smaller models than in larger models within the same family, which motivates our hypothesis in Section 3.3.

Features of embedding condensation

Feature 1. More severe in smaller models than in larger counterparts (Figure 2).
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Larger models are more resistant to the embedding condensation phenomenon.

Figure 2. Qualitative and quantitative observations of the embedding condensation phenomenon. a. The cosine similarity heatmaps
demonstrate that smaller models (e.g., GPT2, Qwen3-0. 6B) are susceptible to condensation, since token cosine similarities become
increasingly positive as the embeddings proceed to deeper layers. In contrast, larger models (e.g., GPT2-x1, Qwen3-32B) are more
resistant to embedding condensation. b. Quantifications using Spearman correlation and Kendall’s Tau demonstrate a consistent trend of
“larger model, less condensation” across multiple families of language models. Additional results can be found in Figure S1.

Feature 2. Reproducible under confounder-controlled settings (Figure 3).
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Figure 3. In a highly controlled experiment, we reproduced the observation of “larger model, less condensation”. We pre-trained four
GPT2-like models of varying sizes that differ only in MLP dimension, while keeping all other factors fixed, including the number of layers,
embedding dimension, dataset, and training configuration. The resulting models exhibit consistent trends in embedding condensation,
shown qualitatively (panel a) and quantitatively (panel b). Horizontal dashed lines are added to panel a for easier visual comparison.

Feature 3. Emerging at model initialization (Figure 4).
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Feature 4. Not resolved by distillation from a larger model (Figure 5).
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Figure 5. Knowledge distillation is not a remedy to embedding condensation, shown qualitatively (panel a) and quantitatively (panel b).

Solution: dispersion loss

Table 1. Our dispersion loss and its alternative formulations. Main implementation dlfferences from (Wang & He, 2025) are highlighted in
teal and magenta. Including or excluding di 1 terms yields identical gradi and ic. For dispersion loss and
£>-repel, we adopt the 1og—sum—exp trick for numerical stability, wluch differs from log(mean(exp( ))) only by an additive constant.
For £5-repel, we mclude a norm regularization term to prevenl the distance
margin is fixed to 2 since we use angular distance, where 1 3 corresponds to onhogonallty and thus serves as the ideal margin.

For improving generalization of
Transformer-based language models (Ours)

For generative modeling in
diffusion-based models (Wang & He, 2025)
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Figure 6. Nllustration of how dispersion loss and its alternative formulations promote embedding dispersion. a. Dispersion loss enforces

uniform angular dispersion by spreading out all pairs along the unit hypersphere. b. Decorrelation loss encourages different feature

dlmensmns to remam uncorrelated. c. £-repel loss increases pairwise Euclidean distance, while the norm regularization prevents
d d. Orth ization loss spreads out vectors forming acute angles while leaving obtuse ones unchanged.

Results: mid-training

Table 2. Using dispersion loss during mid-training improves performance on language tasks. For each base model, the best single-
benchmark metrics are displayed in bold, whereas the best average ranks and best average performances are boxed and in bold. We also
perform the Student’s ¢-tests on the average performances and report the significance level with respect to “Liin + Dispersion loss”.
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Figure 7. Di loss beddi d i ) a. Starting from condensed embeddings (gray dashed

box), mid-1 trammg w1Lh the default loss has a hmlted u'npacl (green box). b. In contrast, mid-training with our dispersion loss as a
regularizer ly (blue box).

ResultS'

Table 5. Using d loss during pre-training imp:
Qwen3-0. 6B pre-training setting.

pre-training

performance on language tasks. Experiments are performed under the

Zero-shot Few-shot
Averaget
Loss ANLIg;? LAMBADAcpenaif OpenbookQAt PIQAT TruthfulQAt WinoGrandet ARCeasy? ARCnailenge? MedMCQAT MMLUP
Linin 340 2.0 155 645 378 58.0 aLs 220 2.5 26 3484
Luin + Dispersion loss 320 275 135 685 452 545 400 245 295 249 [3601] 1)




