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Figure 1 Language modeling performance improves smoothly as we increase the model size, datasetset
size, and amount of compute? used for training. For optimal performance all three factors must be scaled
up in tandem. Empirical performance has a power-law relationship with each individual factor when not
bottlenecked by the other two.

2Here we display predicted compute when using a sufficiently small batch size. See Figure 13 for comparison to the
purely empirical data.

Kaplan, Jared, et al. "Scaling laws for neural language models.” arXiv preprint arXiv:2001.08361 (2020).
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Embedding Condensation

Four features of embedding condensation

1 Feature1 2 Feature 2 3 Feature3 4 Feature 4

More severe in smaller Reproducible under Emerging at model Not resolved by
models than in larger confounder-controlled initialization and gets knowledge distillation
counterparts (Figure 2). settings (Figure 3). alleviated by  pre- from a larger model

training (Figure 4). (Figure 5).
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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.
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Figure S1. Additional quantitative and qualitative evaluations on GPT2, Qwenl, Qwen2 .5, Qwen3 and Bl oom families all demonstrate
consistent trends that within each model family, larger models are less susceptible to the embedding condensation phenomenon.
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Figure S2. The embedding condensation effect is consistent regardless of the input text dataset. Results are shown for four datasets,
namely (a) wikitext, (b) pubmed_ga, (¢) imdb, and (d) squad.
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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.
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Figure 4. Embedding condensation is observed immediately
after model initialization. We analyze checkpoints of
Olmo—-3-1025-7B spanning initialization, intermediate pre-
training stages, and the final base model. Each checkpoint is
annotated by its training stage and the number of training tokens.
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Figure 5. Knowledge distillation is not a remedy to embedding condensation, shown qualitatively (panel a) and quantitatively (panel b).
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Dispersion loss

fWhat if we proactively
disperse the embeddings?

Will we narrow the performance
gap between smaller models
\and larger models?

N

J

7,75'7 _ arccos(cossim(zi,zj))

L= Ltrain + )\disp ' Ldisp
Litrain denotes the standard training loss, which defaults

to the cross-entropy loss for next-token prediction in
most language models.
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Table 1. Our dispersion loss and its alternative formulations. Main implementation differences from (Wang & He, 2025) are highlighted in
teal and magenta. Including or excluding diagonal terms yields identical gradients and is therefore cosmetic. For dispersion loss and
£2-repel, we adopt the 1og—sum-exp trick for numerical stability, which differs from log(mean(exp(-))) only by an additive constant.
For />-repel, we include a norm regularization term to prevent unbounded expansion of embeddings. For Orthogonalization, the distance
margin is fixed to % since we use angular distance, where % corresponds to orthogonality and thus serves as the ideal margin.

For generative modeling in For improving generalization of
diffusion-based models (Wang & He, 2025) Transformer-based language models (Ours)
formulation term definition formulation term definition

Dispersion loss logE; ;jlexp(—D(zi,2;)/7)] D(zi,2;) = —cossim(z;, 2;) log 377 lexp(—D (21, 2;)/7)] D(z;, z;) = 2reces(cossin(zi,z;))

s




ICML

Dispersion Loss Counteracts Embedding Condensation and Improves Generalization in Small Language Models S S

Dispersion loss

Table 1. Our dispersion loss and its alternative formulations. Main implementation differences from (Wang & He, 2025) are highlighted in
teal and magenta. Including or excluding diagonal terms yields identical gradients and is therefore cosmetic. For dispersion loss and
£2-repel, we adopt the 1og—sum-exp trick for numerical stability, which differs from log(mean(exp(-))) only by an additive constant.
For />-repel, we include a norm regularization term to prevent unbounded expansion of embeddings. For Orthogonalization, the distance
margin is fixed to % since we use angular distance, where % corresponds to orthogonality and thus serves as the ideal margin.

For generative modeling in For improving generalization of
diffusion-based models (Wang & He, 2025) Transformer-based language models (Ours)
formulation term definition formulation term definition
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Alternative formulations
Decorrelation > COVar,, Cov? = Z e, Z;ﬁ‘éf) " szl" CovZ,, Cov? = Z e, Z;:(‘fz(fz)
£>-repel logE; jlexp(—D(zi, 2;)/7)]  D(z;, zg) IIZz,: Z.5ll3  log 327 [exp(=D(2i, 2) /T)H Aol Z]5 Dz, zg) = ||Zz,= - 2.2

Orthogonalization E; j[max(0,e — D(2i,2;))?] D(z;,2;) = —cossim(z;, z;) Ezij [max(0, 5 — D(z;,2;))?] D(zi,z;) = arccos(cossim(zi,%;))
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Figure 6. llustration 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

dimensions to remain uncorrelated. c. £2-repel loss increases pairwise Euclidean distance, while the norm regularization prevents
unbounded expansion. d. Orthogonalization loss spreads out vectors forming acute angles while leaving obtuse ones unchanged.
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Empirical results

Dispersion loss counteracts the embedding condensation phenomenon
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Figure 7. Dispersion loss counteracts the embedding condensation phenomenon. a. Starting from condensed embeddings (gray dashed
box), mid-training with the default loss has a limited impact (green box). b. In contrast, mid-training with our dispersion loss as a
regularizer substantially mitigates embedding condensation (blue box).
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Empirical results

Dispersion loss is effective in 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 “Lirin + Dispersion loss”.

Mid-training Training time Zero-shot Few-shot
Model Rank| Averagef t-test
Train Loss A100 hours ANLIz;T LAMBADA,penaiT OpenbookQAT PIQAT TruthfulQAf WinoGrande? ARCeasylT ARCchalienge MedMCQAT MMLUT
GPT2 X — — 34.4 30.8 15.6 61.6 403 52.4 420 16.2 254 248 6.1 3435 p<0.0001
V' Luin 1122 (1.00x) 340 £03  32.4+06 164+0.1 622+07 436+02  528+31 41.6+00 174+06 242+38 248+04 62 3495+011 p<0.01
V' Luin + noisy embedding 1.122 (1.00x) 343 £ 0.1 33.0+03 169+04 6L1+£07 439+02  53.6+£20 437404 18006 21.6+25254+04 43 3515+£006 p<00l
V' Luuin +active forgetting 1.127 (1.00x) 350 £03  33.8% 1.1 166+03 61.0+£00 440+01 522408 44304 186+11 224+17 257+02 3536015  ns
V' Liin +Decorrelation  1.221 (1.09x) 350 £ 0.0 33.6+0.5 170 £0.6 608+06 439+03  520+17 438+0.5 180+13 244+23 25602 3.6 3541+006 ns
V' Luvain + £2-repel 1175 (1.05x) 346 £0.3  32.8+02 166+02 608+03 439+02  542+08 43402 17.6+08 246+20 257+01 41 3542+011  ns
V' Lisin + Orthogonalization 1.210 (1.08x) 34.4 0.1 312+ 1.1 168+07 616+£00 d42+04  53.4+£08 44210 180+03 248+33 256+02 35424+0.19  ns
V' Luuin + Dispersion loss  1.176 (1.05x) 348 £0.0  34.0 £ 0.4 166+00 624+03 442201  516+01 426+04 180+08 266+23 254+02 [32] [3561]+0.12 ref
GPT2-m X — — 333 404 18.6 66.3 40.1 54.8 50.2 19.9 29.1 253 54 3780  p<0.0001
V' Luin 2541 (1.00x) 33.1+£0.6  432+03 191400 67.7+04 405+13  555+10 542427 189+07 282+23 251+03 45 3855+0.18 p<001
V' Liin + n0isy embedding 2.580 (1.01x) 333+ 0.1 44.0+03 186+06 667+01 445+06  521+16 S517+16 195+18 255+01 258+03 48 3816+025 p<0.0l
V' Liin +active forgetting 2.580 (1.01x) 33.4 £03  43.0£06 189+0.1 66.7+0.1 443+0.1 508+14 518+25 198+14 265+0.1 261+£00 44 3813+029 p<00l
V' Liin + Decorrelation  2.760 (1.09x) 334 £ 0.0  45.4+13 189+08 666+0.1 422+01  562+04 538433 180+08 282+30254+02 40 3881+0.12 p<00l
V' Ligin + Lo-repel 2,675 (1.05x) 33.6 £ 0.8 44.2+0.8 185+06 662+01 424+01  544+11 540+20 186+06 289+21 253+04 47 3861+003 p<00l
V' Ligin + Orthogonalization 2.692 (1.06x) 33.0 £ 0.4 452+ 04 186+0.6 681+04 414+£02  55.1+£06 53.6+27 184+04 290+04 25001 48 3874+030 p<0.05
V' Luuin + Dispersion loss  2.673 (1.05x) 33.6 £ 0.1 45.2+0.8 192+£02 67.5+0.1 434+02  564+11 538+11 201+£09 286+0.1 25703 ref.
GPT2-1 X — — 336 478 19.6 716 389 58.4 54.0 24 262 256  — 39.81 —
GPT2-x1 X — — 36.4 49.4 22 71.8 38.0 572 58.0 236 27.0 252 — 40.89 —
Qwen3-0.6B X — — 350 430 19.5 66.5 407 60.5 67.5 25 26.5 494 57 4411 p<0.0001
V' Lo 4676 (1.00x) 325+0.3  52.0+03 215405 67.5+14 443+09  6L0+08 680+28 330+13 295+09 50.0+0.1 41 4593+037 p<001
V' Liin + n0isy embedding 4.839 (1.03x) 340 £0.7  48.8+04 205+07 660+07 494+0.1  57.5+07 672+11 345+07 350414 488+00 53 46.17+028 p<001
V' Luuin +active forgetting 4.829 (1.03x) 35.0 £0.7  49.0+4.2 200+21 672404 486+09  588+18 690+14 342+11 368+04 493+00 40 4679+027 p<0.05
V' Ligin +Decorrelation  4.939 (1.06x) 35.0 £0.0  50.5 + 0.4 195+18 67.5+11 470+£23  505+18 685432 350+18 340+04 498+02 35 4662+025 p<001
V' Luuin + fa-repel 4864 (1.04x) 335400  46.0+2.1 190+07 660+04 474+02  5905+14 69.0+32 350+18 40.0+£04 469+02 48 4623+004 p<0.001
V' Luia + Orthogonalization 4.936 (1.06x) 35.5+ 1.1 50.0+0.7 20407 655404 491+0.0  565+21 715+32 330+11 360+07 489+02 42 4680+020 p<0.05
V' Louin + Dispersion loss  4.878 (1.04x) 35.5+£0.8  49.5+0.8 225406 650+16 498+11  585+16 725+23 345+08 37.5+13 492+02 [32] +0.16  ref.
Qwen3-1.7B X — — 395 53.0 29.0 715 416 60.5 72.0 50.0 455 63.1 5.1 5318  p<0.0001
V' Lo 9.148 (1.00x) 400 +£0.9  60.7+0.3 285+09 743+06 491+02  613+03 713+14 477+12 497+12 631+00 43 5457+0.17 p<001
V' Luin + noisy embedding 9.345 (1.02x) 35.0 £ 0.0 60.5+2.8 280+£00 70.5+07 503+09  608+32 732+04 485+00 485+2.1 625+06 50 5378+0.07 p<0.0001
V' Luia +active forgetting 9.208 (1.02x) 352 £04 595+ 14 275407 725400 499+02  605+14 742+04 472+11 490+14 632+02 50 53.89+007 p<0.001
V' Luwia +Decorrelation  9.535 (1.04x) 39.5+15  60.7+1.0 283+12 748+10 497+05  61.5+09 727+15 497+08 497+1.0 635+02 3.1 5501+0.13 p<001
V' Liuin + fa-repel 9.440 (1.03x) 335+ 00  47.8+06 230+£00 678412 421+02  57.5+05 683+19 413+18 385+26 423+05 80 4622+0.57 p<0.0001
V' Ligin + Orthogonalization 9.565 (1.05x) 408+ 13  61.0+05 292403 748+13 495+02  613+08 723+19 482+16 495+13 637+00 30 5504+026 p<0.05
V' Louin + Dispersionloss  9.455 (1.03x) 40.2+£2.0  62.2+08 290+10 752+08 502404  627+12 73.0+13 493+08 5L0+18 641+02 +021  ref
Qwen3-4B X — — 415 60.5 275 75.0 52.8 67.0 80.0 58.5 555 731 — 59.14 —
Qwen3-8B X — — 495 675 33.0 715 54.7 71.0 86.0 63.5 56.0 782 — 63.68 —
Qwen3-14B X — — 54.0 65.5 355 77.0 547 74.5 86.0 68.5 62.0 817 — 65.93 —
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Empirical results

Dispersion loss is effective in mid-training

Table 3. Dispersion loss is more effective when applied to deeper layers, where embedding condensation is more pronounced. Experiments
are performed under the GPT2 mid-training setting.

Zero-shot Few-shot t-test
Average?

Dispersion location ANLIz,? LAMBADAgpena;iT OpenbookQAf PIQAT TruthfulQAf WinoGrandel ARCeasy? ARCchallengeT MedMCQAT — MMLU?T

Layers € [1, % 346+0.3 33.0+£04 16.7 £ 0.6 609 £ 0.4 433+£05 524+03 43703 17.9+13 219+£10 253+£06 3496+020 p<0.05
Layers € [%, L] 349+04 33.3+06 169 +0.1 61.3 £0.8 439 £0.1 522+1.1 438+12 17.8+09 23.7+24 258+0.1 |3537|£0.06 ref
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Empirical results

Dispersion loss is effective in mid-training

Table 3. Dispersion loss is more effective when applied to deeper layers, where embedding condensation is more pronounced. Experiments
are performed under the GPT2 mid-training setting.

Zero-shot Few-shot Averaget t-test
Dispersion location ANLIz,T LAMBADAgpenaiT OpenbookQAT PIQAT TruthfulQA? WinoGrande?l ARCeasy? ARCchallengeT MedMCQAT  MMLU?T
Layers € [1, % 346 £0.3 33.0+04 16.7 £ 0.6 60.9+04 433 4+0.5 524+03 437+0.3 179+ 1.3 219+1.0 253+06 3496+020 p<0.05
Layers € [%, L] 349+04 33.3+0.6 169 £ 0.1 61.3+0.8 439 + 0.1 522+1.1 438 +1.2 17.8 £ 0.9 23.7+24 258 +0.1 |35.37 |+ 0.06 ref.

Table 4. Effect of hyperparameters on the dispersion loss. Ablation
experiments are performed under the GPT2 mid-training setting.

Coefficient = Temperature

Loss Average (same 10 tasks) 1
)\disp T
Lirain + Dispersion loss 0.1 1.0 35.61
0.01 1.0 35.36
0.5 1.0 35.37
1.0 1.0 35.29
0.1 0.1 35.33
0.1 0.5 35.42

0.1 2.0 35.27
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Empirical results

Dispersion loss is effective in pre-training

Table 5. Using dispersion loss during pre-training improves performance on language tasks. Experiments are performed under the
Qwen3-0. 6B pre-training setting.

Zero-shot Few-shot
Average?
Loss ANLIg,T LAMBADAgpenaiT OpenbookQAT PIQAT TruthfulQAfl WinoGrande?l ARCeasy? ARCchallengeT MedMCQAT MMLUT
L train 34.0 24.0 15.5 64.5 37.8 58.0 41.5 22.0 26.5 24.6 34.84

Lirain + Dispersion loss ~ 32.0 27.5 13.5 68.5 45.2 54.5 40.0 24.5 29.5 249 [36.01] .17
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Conclusion

What makes LLMs better than small LMs?
Data? Parameters? Geometry might play a role!

Larger language models are better than smaller language models,
but might not merely because they have more parameters.

It can be partially attributed to
how they organize the information in the latent representations.

We hope to see future efforts along this interesting direction.
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Future Directions

o Better regularizers. The dispersion loss is a very simple and straightforward solution, likely with
benefits and drawbacks. A more carefully designed method to counteract embedding
condensation might be more helpful.

e Beyond pre-training. Track how embedding condensation evolves in later stages of training, such
as supervised fine-tuning (SFT) and reinforcement learning (RL). It remains unclear whether
condensation re-emerges, stabilizes, or interacts differently with alignment objectives.

e Mechanism and causality. Pin down the root causes of embedding condensation and establish
stronger causal links between condensation and downstream behavior such as generalization.

o Better architectures. Design model famlies or modules that inherently resist condensation,
complementing or replacing purely loss-based regularization.

 Better initialization. Develop initialization schemes that start models in a less condensed regime,
potentially reducing the burden on the training objective to counteract the geometric collapse.
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Thank you!




