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Abstract

Diffusion language models (DLMs) have emerged as competitive alternatives to autoregressive (AR)
language models, yet their activation dynamics remain poorly understood. We characterize these
dynamics in LLaDA-8B and identify a striking layer-collapse property: a few early layers exhibit
highly similar, collapsed activation patterns dominated by a single large super-outlier that persists
across all token positions. Despite its apparent redundancy, pruning this outlier collapses the model
into repetitive token loops. Apart from this outlier, LLaDA-8B is more redundant than comparable
AR models, with redundancy concentrated in earlier layers, the reverse of the AR pattern, where
deeper layers are usually more redundant due to undertraining. Weight spectral analysis attributes
this to relative overtraining of early layers, and a controlled 160M AR/DLM pre-training pair
reproduces the pattern, isolating the diffusion objective as the cause.

1. Introduction

Diffusion language models (DLMs) have recently emerged as a competitive alternative to autoregres-
sive (AR) large language models. Open models such as LLaDA-8B [31] and DREAM-7B [46] match
the quality of AR counterparts at comparable scale on standard reasoning and language understanding
benchmarks. Rather than producing one token at a time from left to right, DLMs denoise a masked
sequence over multiple refinement steps, enabling parallel token generation [42]. As DLMs become
more widespread, questions arise on the structure of their internal representations and how they
propagate through layers.

In this paper, we find that LLaDA-8B’s internal representations are qualitatively unlike those of
any AR model previously studied. Most strikingly, a single activation channel (Figure 1) remains
persistently and highly activated across all tokens throughout the first half of the model’s layers —
an extreme outlier that drives layer collapse, causing multiple early layers to produce nearly identical
hidden representations. This channel dominates the model to such a degree that ablating it alone
causes a near-total collapse in capability, in stark contrast to AR outlier channels [11, 47] whose
removal causes only minor degradation. The layer-wise similarity structure is also inverted (Figure 2):
standard AR models exhibit distinct early layers and redundant deeper layers [39], while LLaDA-8B
is the opposite, with redundancy concentrated in early layers and driven by the super-outlier. Weight
spectral analysis attributes this to relative overtraining of early layers rather than undertraining.

Contributions.

* We identify a super-outlier in LLaDA-8B: a single dominant activation channel whose removal

collapses the model.
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Figure 1: LLaDA activations contain a single consistent super-outlier channel persisting well into
the middle layers. The marked dot shows the channel with the largest activation magnitude
(averaged over tokens and sequence positions). For Llama, the dominant channel changes
on almost every layer.

* We characterize LLaDA-8B’s layer-similarity structure and show it is inverted relative to
AR models: early layers are highly redundant, with heavy-tailed weight spectra indicating
overtraining.

* We pre-train an AR and a DL model under identical conditions to isolate the diffusion objective
as the source of these behaviours — to our knowledge, the first such controlled comparison.

2. Layer Dynamics in Diffusion Language Models

2.1. Metrics

Layer similarity. Our main analysis is the per-token cosine similarity between hidden states at
different layers. With h;(x,t) € R? the hidden state at layer 7 for sequence = ~ p, at non-padding
position ¢, we define

. <hi($,t),hj(l‘,t)> .
LR, )l 1y (2, O)]12]
values near 1 indicate near-collinear representations, our proxy for layer redundancy. We estimate

activations on 128 sequences of length 2048 from C4; for DLMs we mask a ¢t ~ Unif|0, 1] fraction
of tokens, which barely affects the results (subsection C.1).

sim(i, j) = E ()
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Weight-spectrum trainability. Similarity alone conflates near-identity redundancy from un-
dertraining with apparent redundancy from a few dominant directions. Following Heavy-Tailed
Self-Regularization (HT-SR) theory [26, 27], we also measure each layer’s weight-spectrum heavy-
tailedness, a data-free quality proxy. For a weight matrix W with eigenvalues Ay > --- > Ay of
W TW, the Hill estimator on the top k is

k
k An—it1’
> i1 log .

with smaller o meaning heavier tails (k set by the fix-finger method [45]). A heavier tail indicates
stronger feature learning; a balanced apy; across layers signals a well-trained network, a relatively
low agj an “overtrained” layer and a high one “undertrained” [17, 23, 51].

amn(k) =1+ 2

2.2. Super-Outlier in LLaDA-8B

Activation outliers in LLMs typically spike only briefly for specific tokens or positions [2]. LLaDA-
8B is qualitatively different: a single dominant channel maintains a persistently high activation (up to
5x the next-largest outlier) at all sequence positions across many layers (Figure 9). In contrast to AR
outliers, which have identifiable mechanisms such as stop-word suppression [47], the super-outlier in
LLaDA-8B behaves like a learned constant bias.

Zeroing out the super-outlier channel collapses LLaDA-8B into prompt-independent repetitive
token loops (e.g., a GSM8K word problem yields only “buy buy buy buylyl buy buy”): it drops
LLaDA-8B from ~83% to 0% on a GSM8K subset, whereas zeroing Llama-3.1-8B’s highest-
magnitude channel costs only 4 points, so the super-outlier is functionally load-bearing despite the
apparent redundancy of the layers it dominates.

2.3. Early-Layer Redundancies in LLaDA-8B

Figure 2 shows pairwise hidden-state similarities. In LLaDA-8B (top left) almost all layers are highly
similar, with early layers near-identical over 15+-layer ranges; zeroing the super-outlier (middle)
reduces but does not eliminate this. Llama-3.1-8B (bottom left) instead shows distinct early layers
and more redundant late ones, as in the AR literature. DREAM-7B (top right) inherits Qwen-2.5-7B’s
pattern, confirming that diffusion fine-tuning on AR weights does not produce the collapsed regime;
only training from scratch does, pointing to the training trajectory rather than bidirectional inference
or the masking loss as the source of layer collapse.

2.4. Heavy-Tailed Evidence of Overtraining

Weight-spectrum analysis attributes LLaDA-8B’s early-layer redundancy to relative overtraining
rather than undertraining. As shown in Figure 3, early layers in LLaDA-8B have a strikingly low
apin relative to the rest of the network, while Llama-3.1-8B’s distribution is far flatter. The low ag;y
co-localises with the super-outlier: an overtrained layer whose representation has collapsed onto a
single dominant direction.

3. Supporting Evidence: A Controlled 160M Pair

To rule out architectural or data-mix artifacts, we pre-train two Pythia-160M models [4, 40] on
100B FineWebEdu tokens [32] that differ only in the training objective: cross-entropy with masking
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Figure 2: Per-token cosine similarity. Top row: DLMs; bottom row: ARs. Left: LLaDA-8B
has highly redundant (collapsed) layer similarities relative to Llama-3.1-8B. Middle:
removing the largest outlier from the similarity calculation eliminates much of LLaDA-
8B’s redundancy but barely affects Llama-3.1-8B. Right: DREAM-7B and Qwen-2.5-7B
have nearly identical patterns, as DREAM-7B was fine-tuned from Qwen-2.5-7B weights.
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Figure 3: apy is very low in the early layers of LLaDA-8B, indicating overtraining; Llama-3.1-8B’s
distribution is much flatter. Values are averaged over modules within each layer.

(DLM-160M) vs. without (AR-160M); details in subsection B.2. The early-layer redundancy pattern
reproduces at this scale (Table 1): block-averaged cosine similarity is higher in DLM-160M than
AR-160M within the first 4 layers, and the relation flips within the last 4. The oy signature is
directionally consistent in the first few layers (lower for DLM-160M). The super-outlier itself does
not appear at this scale, consistent with extreme activation outliers only emerging above ~6.7B
parameters [11]. The controlled setup isolates the diffusion objective (rather than architecture, data,
or bidirectional inference) as the cause.

4. Related Work

Outliers, sinks, and super-weights. A small number of coordinates disproportionately shape
LLM behaviour: attention sinks concentrate probability mass on a handful of tokens [16, 43],
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Table 1: Average per-token cosine similarity within the first-4 and last-4 layer blocks of the controlled
160M pair (averaged over the 16 inner-block layer pairs). The LLaDA/Llama early-layer-
redundancy pattern reproduces.

Model Early-layer similarity = Deeper-layer similarity
DLM-160M 0.877 0.787
AR-160M 0.818 0.829

massive activations grow orders of magnitude larger than the rest at a few positions [37], and super
weights [47] and systematic outliers [2] identify individual parameters and feature dimensions whose
removal damages the model. These phenomena are predominantly described along the foken axis.
The super-outlier we report is the channel-axis counterpart: a single hidden dimension dominating
the representation across all positions, absent in AR models of comparable scale.

Curse of depth. Multiple works analyze the tendency of AR models to have under-trained deeper
layers [15, 36, 39], a phenomenon termed the Curse of Depth, with mitigations including depth-
growing [18], sparsity [29], and mixed Pre/Post-LN [21]. While we show that early layers in DLMs
are more redundant than in ARs, this does not mean the curse is broken: even if an improved training
paradigm made early layers more distinct, DLMs still exhibit strong redundancies in later layers and
could face similar issues.

Weight and activation dynamics in DLMs, and DLM compression. A concurrent work [14]
also uses layer cosine similarity and observes early-layer redundancy, but does not identify the
super-outlier or perform a controlled AR/DLM comparison; Rulli et al. [33] characterise (token-level)
attention sinks in DLLMs, complementary to our channel-wide outliers. A separate line of work
adapts PTQ and pruning pipelines to DLMs [22, 30, 44, 50]; our focus is analytical, characterising
the dynamics rather than proposing a compression method.

5. Discussion

DLMs exhibit activation dynamics qualitatively distinct from their AR counterparts. LLaDA-8B
contains a single dominant channel, persistent across all positions in the early layers, whose removal
collapses the model, a fragility with no parallel in comparable AR models. Its early layers are also
the redundant ones, which we attribute to overtraining (supported by heavy-tailed early-layer spectra)
and replicate in a controlled 160M pair. These dynamics also have direct implications for model
compression, which we explore in section A.

Limitations. Our large-scale findings rest on a single DLM/AR pair, as LLaDA-8B is, to our
knowledge, the only large-scale DLM pre-trained from scratch (other public DLMs [35, 6, 48] are
AR-fine-tuned); the 160M pair lacks the super-outlier at that scale.
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Figure 4: Compression for LLaDA-8B and Llama-3.1-8B: pruning across allocation strategies (top,
€ = 0.08) and GPTQ across bit-widths (bottom), on base-model QnA (left) and instruct-
model GSMS8K (right).

Appendix A. DLMs Are More Robust to Compression Despite Super-Outliers

We translate our observations into compression experiments: pruning and quantization of LLaDA-8B
and Llama-3.1-8B across overall and layer-wise compression strengths. We find that (a) AR-optimal
layer-wise sparsity schedules are inverted for DLMs, and (b) DLMs are overall more robust to
compression — surprising given the super-outlier’s sensitivity, but consistent with LLaDA-8B having
fewer secondary outliers and more redundant layers.

Setup. Models are evaluated on the average of 6 QnA tasks (ARC-C, HellaSwag, PIQA, Wino-
grande, BoolQ, OBQA) and on GSMS8K. DLMs use FastDLLM [42] with generation length 1024
and one token per diffusion step. Pruning uses WANDA [38] with 128 C4 samples; quantization
uses GPTQ [12] with 256. The schedules earlier-is-sparser (EIS) and deeper-is-sparser (DIS) are
linear with € = 0.08 (layer ¢ in a T-layer model receives sparsity s = 0.08 (1 — 2(¢t — 1) /(7" — 1))).
See subsection B.1 for evaluation details.

Pruning. Figure 4 (top row) shows accuracy at sparsities {0.3,0.5,0.7} under three allocation
strategies (uniform, EIS, DIS). Two observations: (i) LLaDA-8B starts below Llama-3.1-8B but is
much more robust under compression, achieving almost double the GSM8K accuracy of Llama-
3.1-8B at 50% sparsity — consistent with its higher representation redundancy, which makes any
single layer less critical (provided the super-outlier is preserved, as WANDA naturally does). (ii) The
optimal allocation flips: for Llama-3.1-8B, EIS is always suboptimal and uniform or DIS wins; for
LLaDA-8B, DIS is usually the suboptimal choice. Only at 70% sparsity on QnA does DIS beat EIS
for LLaDA-8B, likely because that regime forces pruning of weights tied to the super-outlier.

Quantization. The bottom row of Figure 4 shows GPTQ across bit-widths. The same robustness
ordering holds: LLaDA-8B starts below Llama-3.1-8B but surpasses it from 3 bits on QnA and 4 bits
on GSMS8K.
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Figure 5: ayyy for the 160M pair: lower for DLM-160M than AR-160M in the early layers, replicat-
ing the LLaDA/Llama overtraining signature, though more weakly than at 8B scale.
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Figure 6: Controlled 160M pair: pruning (left) and quantization (right). DLM-160M loses less
performance than AR-160M; best sparsity allocation is EIS for the DLM and DIS for the
AR, mirroring the LLaDA/Llama inversion.

A.1. Heavy-Tailedness and Compression in the Controlled 160M Pair

Beyond the layer-similarity replication reported in section 3, the agyjy signature of the controlled
160M pair (Figure 5) is directionally consistent with the 8B observation in the first few layers: DLM-
160M has lower ayj than AR-160M at layers 0-3, after which the two curves intertwine, a weaker
effect than at 8B as expected at this scale. DLM-160M is also more robust to compression than
AR-160M (Figure 6): under quantization it starts below AR-160M at full precision but surpasses it
from 2 bits onward, where AR-160M collapses to near-random accuracy; the best sparsity allocation
is EIS for DLM-160M and DIS for AR-160M, replicating the inversion observed at 8B scale.

Appendix B. Experimental details
B.1. Evaluation of Language Models

Models are evaluated on the following question-answering tasks: ARC-Challenge Clark et al. [9],
HellaSwag Zellers et al. [49], PIQA Bisk et al. [7] WinoGrande Sakaguchi et al. [35], BoolQ Clark
et al. [8], OpenbookQA Mihaylov et al. [28]. Additionally, we evaluate on reasoning via GSM8K [10].
We use 25-shot for ARC-Challenge, 10-shot for HellaSwag, 5-shot for WinoGrande and GSMS8K,
and 0-shot for BoolQ, OpenBookQA, and PIQA. We used base models for QnA, and corresponding
instruction-finetuned variants for GSM8K.
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For the DLMs, we used an adapted version FastDLLM [42] with single KV-cache, but not parallel
decoding. The block-length was set to 32 and the generation length to 1024, with 1024 decoding
steps (so 1 token per decoding step) and low confidence remasking. For the AR models, we use
vLLM [20] for inference acceleration together with LM-Eval [13].

All evaluations are done on a single HI00 GPU. Evaluations take around 6 hours for DLMs and
20 minutes for AR models for both task sets.

B.2. Small-scale pre-training

Autoregressive Model. We used Ajroldi [1] to pretrain Pythia-160M parameter transformer models
[4, 40] on causal language modeling, with 100B tokens of FineWebEdu [32] on 8 x A100-80GB
GPUs. We use sequence length 2048 and a batch size of 0.5M tokens, cross-entropy loss, Adam
[19] with decoupled weight decay [24] of 0.1, gradient clipping of 1, and (1, 52) = (0.9,0.95).
We use Warm up-Stable-Decay [41] to schedule the learning rates, warm up of 1900 steps (1%)
and decay to 0 [3] of 10% of token budget. We perform three independent runs for learning rates
{3x1073,1x1073,3x 1074},

Diffusion Language Model. We adapt this pipeline into a Masked Discrete Diffusion Language
Model [MDLM; 25, 34] trainer with four modifications: (i) a bidirectional attention patch on the
GPTNeoX backbone, (ii) a forward absorbing-state corruption step, (iii) an importance-weighted
cross-entropy loss applied only at corrupted positions, and (iv) the reuse of an unused vocabulary
slot as the [MASK] token. All other hyperparameters, including data order, are identical to the AR
trainer.

Appendix C. Further experiment plots
C.1. Activations and similarities without masking

We replicate a subset of our experiments while calculating activations in DLMs without masking
tokens to showcase that our findings are robust over diffusion steps.
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LLaDA-8B — Top-5 outlier channels through layers

T
—e Ch3848 —+ ch753 —e— ch2471 —e— ch2374 —— ch 1863
AV
20 ] ./
=]
€151
)
©
2
=
&
= 101
[¢]
[}
b
5_
0- ¥, -
0 5 10 15 20 25 30
Layer

Figure 7: Similar to 9(a)subfigure, but without including masked sequences.
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C.2. Extended activation plots
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Figure 9: Top-5 QKV input channel magnitudes across layers. LLaDA-8B has one persistently
dominant channel; Llama-3.1-8B has none.
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Figure 10: Extended version of Figure 1.
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C.3. Channel activation over Diffusion Steps
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Figure 11: Channel magnitude mean of the top-5 largest (by mean) channels in LLaDA-8B, over
different diffusion steps. The channel magnitudes for early-mid layers barely change
over the diffusion step.

17



	Introduction
	Layer Dynamics in Diffusion Language Models
	Metrics
	Super-Outlier in LLaDA-8B
	Early-Layer Redundancies in LLaDA-8B
	Heavy-Tailed Evidence of Overtraining

	Supporting Evidence: A Controlled 160M Pair
	Related Work
	Discussion
	DLMs Are More Robust to Compression Despite Super-Outliers
	Heavy-Tailedness and Compression in the Controlled 160M Pair

	Experimental details
	Evaluation of Language Models
	Small-scale pre-training

	Further experiment plots
	Activations and similarities without masking
	Extended activation plots
	Channel activation over Diffusion Steps


