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Abstract

Continuous diffusion language models lag behind autoregressive transformers, partly because diffusion is
applied in spaces poorly suited to language denoising and token recovery. We propose DiHAL, a geometry-
guided diffusion—transformer hybrid that asks where diffusion should enter a pretrained transformer. DiHAL
scores layers with geometry-based proxies, selects a diffusion-friendly hidden-state interface, and replaces
the lower transformer prefix with a diffusion bridge while retaining the upper layers and original LM head.
By reconstructing the selected-layer hidden state rather than tokens, DiHAL avoids direct continuous-to-
discrete recovery. Experiments on 8B-scale backbones show that the geometry score predicts effective
shallow insertion layers under a fixed bridge-training protocol and that hidden-state recovery improves over
continuous diffusion baselines in a diagnostic comparison matching the diffusion/recovery training budget.
These results suggest that hidden—state geometry helps identify where diffusion-based replacement is feasible
inside pretrained language models.

1. Introduction

Large language models have achieved remarkable progress across a wide range of language generation tasks, but this
progress has come with increasing size and computational cost (Brown et al., 2020; Hoffmann et al., 2022; Yang et al.,
2025). Diffusion models offer a different generative paradigm based on iterative denoising and have become a dominant
approach in image generation (Song et al., 2021). Their success has motivated growing interest in diffusion-based
language generation (Li et al., 2022; Strudel et al., 2023; Nie et al., 2025). However, transferring diffusion from images
to text is difficult because text generation must ultimately handle discrete tokens.

A natural response is to adapt diffusion to the discreteness of text. Prior work has explored discrete token corruption,
masked diffusion, continuous-to-discrete recovery, and continuous diffusion over token embeddings, self-conditioned
embeddings, or learned text latents (Li et al., 2022; Strudel et al., 2023; Lovelace et al., 2023; Gong et al., 2023; Zhang
et al., 2025). Despite these efforts, diffusion-based language models still lag behind autoregressive Transformers,
particularly in continuous diffusion settings (Jo and Hwang, 2026). A common explanation is that denoised continuous
vectors must eventually be mapped back to discrete tokens, so small errors in representation space can change the
recovered token (Li et al., 2022).

Why does this gap remain? We start from a complementary hypothesis: discreteness is important but may not fully
explain the gap. Transformer language models also use discrete tokens, yet most computation occurs in continuous
hidden states later mapped to vocabulary logits (Vaswani et al., 2017). This suggests that the difficulty may arise not
from continuity itself, but from applying diffusion in continuous spaces with unsuitable geometry.

If the choice of continuous space matters, then the central question becomes: what makes a representation space suitable
for diffusion? We call such a space diffusion-friendly: a space that is easy to denoise, stable under imperfect score
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Figure 1. Locate-and-Replace framework. Layer-wise geometric proxies score transformer layers, select an insertion point, and
guide replacement with a diffusion block.

estimates, and simple enough for diffusion to learn. We later motivate these requirements using tools from Langevin
dynamics and concentration theory (Villani, 2009; Bakry et al., 2014; Ledoux, 2001).

Where can such a space be found in a language model? A pretrained Transformer already contains many continuous
hidden spaces between the token embedding layer and the LM head. These hidden states are not decoded directly
into tokens; they are consumed by the remaining Transformer layers before the LM head produces the final token
distribution (Vaswani et al., 2017). Diffusion at an internal layer can therefore target hidden-state recovery rather than
direct token recovery (Lovelace et al., 2023; Rombach et al., 2022). Since hidden-state geometry varies across depth,
we ask: which transformer layer provides the most diffusion-friendly representation space?

To answer this question, we propose DIHAL (Diffusion-Transformer Hybrid Architecture for Language Generation), a
hybrid architecture based on a Locate-and-Replace strategy. As illustrated in Figure 1, DiHAL locates diffusion-friendly
layers using geometry-based criteria, then replaces the lower transformer layers with a diffusion bridge that reconstructs
the selected-layer hidden state while retaining the upper layers and original LM head for token prediction. This reduces
continuous-to-discrete recovery error and reframes continuous diffusion for language as a problem of choosing the right
internal representation space for denoising. Our contributions are threefold.

* We formulate diffusion insertion in pretrained transformer language models as a geometry-guided interface-
selection problem and propose practical layer-wise proxies—Ilocal compactness, global stiffness, and effective
rank—for identifying diffusion-friendly hidden spaces.

* We introduce a fixed geometry score that narrows the search for effective insertion layers without exhaustive
layer-wise bridge training and correlates strongly with hidden-state reconstruction quality under a one-epoch
bridge-training protocol across 8B-scale backbones.

* We introduce DiHAL, a Locate-and-Replace hybrid that replaces lower transformer layers with a conditional
diffusion bridge and reuses the upper layers and LM head. Under a diagnostic diffusion/recovery budget, DiHAL
shows that hidden-state recovery can improve generative perplexity and diversity over embedding-, latent-, and
continuous-to-discrete interfaces.

2. Background

Transformer language models take discrete tokens as input, but most computation occurs in continuous hidden spaces.
Given 1.7, an autoregressive model factorizes p(z1.7) = ]_[tT:1 p(z+ | x<+). Each token is mapped to an embedding
hﬁo) = E(xt) + py, hidden states are updated as H*) = F,(H*~1)), and the final state is projected to vocabulary

logits z; = Wrm th) + b. Thus, discreteness appears at the input and output interfaces, while intermediate computation
is continuous (Vaswani et al., 2017).

Diffusion models generate samples by gradually adding noise to data and then learning to reverse this noising
process (Song et al., 2021). In continuous space, this process can be written as a stochastic differential equation
dX; = (X, t) dt + g(t) dW;, where X is the noisy representation at time ¢ and W; is Brownian motion. The reverse
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process depends on the score V. log p;(x), which is approximated by a neural network. Applying this idea to language
requires choosing what representation the diffusion model should denoise. Discrete diffusion models corrupt tokens
directly (Austin et al., 2021; Hoogeboom et al., 2021), while continuous diffusion language models denoise token
embeddings or learned latent vectors (Li et al., 2022; Strudel et al., 2023; Lovelace et al., 2023).

Continuous token-level diffusion suffers from recovery errors: small denoising deviations can flip the recovered token
(Zhang et al., 2025; Shen et al., 2026). Learned latent diffusion reduces this issue but still requires an interface for
converting latents to text. We instead target internal transformer hidden states, where recovery becomes hidden-state
reconstruction rather than direct token decoding.

3. Method

DiHAL is a diffusion—transformer hybrid architecture that replaces part of a pretrained transformer, rather than a
standalone diffusion language model. Figure 1 illustrates our Locate-and-Replace procedure. This section develops
DiHAL in three steps: we first motivate diffusion-friendly representations using geometric principles from Langevin
dynamics and concentration theory, then instantiate them as layer-wise proxies for locating a suitable hidden-state
interface, and finally replace the lower transformer layers with a conditional diffusion bridge while retaining the upper
layers and original LM head. Rather than modeling token probabilities or recovering discrete tokens directly, the bridge
reconstructs an internal boundary representation that the retained upper layers can already process.

3.1. Geometric Principles for Diffusion-Friendly Layer Selection

We now make the notion of a diffusion-friendly representation space more concrete. Intuitively, a good diffusion
space should satisfy three properties: denoising should contract quickly toward the target representation distribution,
remain stable under score-estimation error, and have low effective complexity, meaning that variation is concentrated in
relatively few active directions.

We formalize the first two properties through overdamped Langevin dynamics, an idealized setting with clean con-
vergence and stability guarantees. The third property is captured by effective rank, which measures active variance
directions. The theorem settings in this section are idealized: they motivate geometric surrogates, not assumptions that
transformer hidden states exactly satisfy them.

Throughout this section, W5 denotes the 2-Wasserstein distance and P2 (R?) denotes probability measures with finite
second moment. For a density p, define U(z) = — log p(x). We interpret strong convexity of U as a curvature-like
restoring force toward high-density regions. Theorem 3.1 introduces the curvature parameter m and shows that larger
m yields faster convergence to the target distribution.

Theorem 3.1 (Wasserstein contraction under strong log-concavity (Villani, 2009; Bakry et al., 2014)). Let i € Po(R?)
be a probability measure with density p, and define U (z) := — log p(z). Assume that U € C?(R?), U is m-strongly
convex, i.e. VU (z) = ml for all x € RY, for some m > 0, and that VU is globally Lipschitz. Let (X;)¢>o satisfy
the overdamped Langevin stochastic differential equation (SDE) dX; = —VU (X;) dt + V2 dW,, where W, denotes
Brownian motion.

Then yu is an invariant distribution of (X;), and for every initial law vy € Pa(R%),
Wa(ve, ) < €™ Wa(vo, ), ve = L(Xy),
where L(X;) denotes the distribution of X. The invariant distribution y is unique in Py(R?).

Theorem 3.1 gives the first criterion. If the curvature parameter m is large, the distance to the target distribution shrinks
as e~™¢. Thus, larger m means faster contraction, which is desirable for diffusion because denoising should quickly
return noisy samples to the data distribution.

Fast contraction alone is not enough. In practice, the score is unknown and estimated by a neural network. Theorem 3.2
gives the second criterion. If the score error is at most €, the induced distributional error is bounded by /m. Thus,
larger m corresponds to stability under imperfect score estimation.

Theorem 3.2 (Stability of an invariant measure under score perturbation). Let i € Po(R?) have density p and
define U(x) := —log p(z). Assume that U € C?(R?) is m-strongly convex, and that VU is globally Lipschitz. Let
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s(z) := Vlogp(z) = —VU(x), and let 3 : R* — R< be globally Lipschitz and satisfy sup,cga ||3(z) — s(z)|| < e.
Consider the two SDEs dX; = s(X;) dt + /2 dW, and dX, = §(Xt) dt + /2 dW,. Assume that the second SDE
admits an invariant distribution [i.

Then ji € P2(R?) and

W2(/Aj/7 /J/) S

Together, Theorems 3.1 and 3.2 suggest that curvature is a useful proxy for convergence speed and stability under
score-estimation error. However, curvature alone does not capture whether a representation is easy to model: variation
may still spread across many directions. We therefore use effective rank as a proxy for dimensionality. If activations
concentrate near a low-dimensional manifold, diffusion needs to model a few meaningful directions. Here, tr(X) is
total variance and ||X|| is the largest covariance eigenvalue, so 7g(X) = tr(X)/||2|] measures the effective number of
active variance directions.

Lemma 3.3 (Approximate manifold support implies low effective rank). Let X be an R%-valued random variable
with covariance Y. := Cov(X). Assume there exist a k-dimensional C? manifold M C R and a measurable map
I : R — M such that tr(Cov(IL(X))) < C1k, E[| X — I(X)||2 < C2(6% + 1), and || Z|| > ¢ > 0. Then

’I"eﬁ‘(z) = <71€+?(52+77)

In particular, if §,n are controlled constants and ||%|| is bounded above and below by constants, then

refi () = O(F).

Lemma 3.3 justifies using r.¢(X) as an operational intrinsic-dimension proxy: near a k-dimensional manifold with
controlled off-manifold error, effective rank is controlled by & rather than ambient dimension d. Theorem 3.4 combines
this dimension control with the curvature conditions from Theorems 3.1 and 3.2, connecting low effective dimensionality
to representation concentration while curvature controls fluctuations around the mean. The concentration part follows
standard Bakry—Emery and Herbst arguments (Bakry et al., 2014; Ledoux, 2001).

Theorem 3.4 (Intrinsic dimension and effective representation complexity). Let y € Po(RY) have density p(x) =
Z7 e V@) for some U € C?(R?), and let ¥ := Cov (). Assume that V*U (z) = mlI for all x € R?, for some m > 0,
and that VU is globally Lipschitz.

Assume moreover that there exist a k-dimensional C? manifold M C R? and a measurable map 11 : R¢ — M. For
X ~ p, suppose that tr(Cov(II(X))) < Cik, E|| X — TI(X)||? < C2(6% + 1), and | Z]| > ¢ > 0.
Then 20, 20
re(S) < k=2 (07 ),
Co Co
and hence

20, ,  2C 12
(E1X - EXP) = Vi < 1 (2 220 1)
0 0

Furthermore, there exists an absolute constant ¢ > 0 such that for all t > 0,

B(|[X — EX|| — E||X — EX]|| > £) < 2exp(—cmt?).

Theorem 3.4 combines Lemma 3.3 with concentration under strong log-concavity. It shows that low-dimensional
concentration controls effective representation complexity through effective rank, while the curvature parameter m
controls fluctuations around the mean through concentration of measure.

Taken together, these results are not intended as guarantees for transformer activations but as theoretical motivation for
what a diffusion-friendly representation should look like. Since reverse diffusion uses time-dependent scores of noisy
marginals whereas overdamped Langevin dynamics uses the fixed target-distribution score, we use these results only
to motivate qualitative desiderata: contraction-like behavior, robustness to score-estimation error, and low effective
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complexity. A good layer should therefore exhibit strong curvature-like contraction for stable denoising and low
effective dimensionality for easier modeling. Because the true density, Hessian, and manifold structure are unavailable,
we approximate these ideas with empirical spectral proxies: local covariance concentration, global precision-based
stiffness, and effective rank. All proofs are in Appendix A.

3.2. Locate: Finding Diffusion-Friendly Layers

These theoretical results serve as surrogate motivation, not assumptions that hidden states are strongly log-concave.
Rather than guarantees, they motivate desiderata for diffusion-friendly representations: contraction-like behavior,
robustness to score-estimation error, and low effective complexity. Since the true density, Hessian, and manifold
structure are unavailable, we approximate these desiderata using empirical spectral quantities (see Appendix B for
details). For each layer, let x € RMX*D denote the activation matrix over M tokens and D hidden dimensions.

We compute three statistics on z. First, the local curvature proxy ¢, is obtained from the covariance of k-
nearest-neighbor neighborhoods: mgﬁ)rv =1/ )‘max(zl(élal)v with the layer-level value taken as the median; larger
values indicate compact neighborhoods. Second, the monotonicity proxy Mmmono captures global directional stiffness.
With P = (X + A)~! denoting the regularized precision of the empirical covariance X, we compute m;; =
(z; — 2j) " P(x; — x;)/||x; — x;||* for sampled pairs and take the median. Third, effective intrinsic dimension is
estimated as k = rog(X) = tr(2)/||2||. Diffusion-friendly layers should have large curvature-related proxies and
small effective rank.

We combine these into a selection score: selection_score(f) = z(10g Meury (£)) + 2(10g Mrmono (£)) — z(log k(£)),
where z(-) denotes layer-wise z-score normalization. The score rewards curvature proxies while penalizing effective
rank. We define bridgeability as reconstructability of a layer’s hidden state by the diffusion bridge under a matched
training protocol, measured by validation loss. The layer sweep evaluates whether this score predicts bridgeability,
not to tune it or select an oracle layer. We select £* = arg max; selection_score(£). This is a low-cost layer-selection
criterion, not a direct estimator of theoretical constants. Details are in Appendix C.

3.3. Replace: Hidden-State Diffusion Module

Given the selected insertion layer £*, we replace lower transformer layers with a conditional diffusion bridge. Let F} ¢«
denote the original computation up to layer £*, and Fy- 1.7, the retained upper layers. For input x, the original model
produces hg« = Fy.p«(z). The bridge is embedding-conditioned: ¢(x) is derived from the source model’s embedding
output before the first transformer block. It is trained to reconstruct hee = Dy(c(z)) in the same hidden space. The
bridge does not generate tokens directly. Instead, it reconstructs the selected-layer hidden state h«, which is consumed
by the retained upper layers as hy, = Fyp«y1., (;Lg* ). The original LM head then maps A, to token probabilities.

At inference time, lower layers are skipped and Dy maps this condition to the selected-layer hidden state. We instantiate
Dy as a UNet-based latent denoiser, using a Stable-Diffusion-style architecture as a conditional denoising backbone
for hidden-state activations rather than as an image generator; a small-scale ablation is provided in Appendix D.1.
Hidden states are projected into a latent tensor, denoised, and projected back to yield hy-. The bridge is trained on
language-model hidden states, with no text-to-image semantics or image supervision. For causal evaluation, DIHAL
uses the backbone’s left-to-right interface: at step ¢, the condition uses only prefix tokens x<;, future positions are
masked, and the retained causal suffix produces the next-token distribution. Attention and prefix masks are applied
consistently to the conditioning pathway and retained suffix.

The main objective is hidden-state denoising rather than standalone text generation. We optimize a diffusion loss
Lair = Eq.c[||éo(z1,t, ¢) — €]|3] and a reconstruction 10ss Lyee = ||hg- — he-||2. To preserve compatibility with the
retained language-modeling interface, we additionally use next-token and logit-distillation losses, L1\ and Lkp. The
overall objective is £ = Laiff + ArecLrec + ALMLLM + Axkp LKk D Implementation details are provided in Appendix C.7.

4. Experiments

4.1. Experimental Setup

We evaluate DIHAL on two representative 8B-scale decoder-only backbones: Llama-3.1-8B-Instruct (Grattafiori et al.,
2024), which has 32 transformer layers with hidden size 4096, and Qwen3-8B (Yang et al., 2025), which has 36 layers



6 WHERE SHOULD DIFFUSION ENTER A LANGUAGE MODEL?

1000 _ —F— m_curvawre (¢50, 425-475) 60 300 —JF— m_curvature (¢50, 425-q75) 20
—F— m_monotonicity (50, q25-q75) —F— m_monotonicity (g50, g25-q75)
J —F— K_effective_rank (g50, q25-75) —F— K_effective_rank (450, 425-q75)
750 I 15
) T 1) @
g 1 40 g 9 200 §
< = = =
E 500 Il s g 10¢
~ Y
r 20 E 100
250 1= 5
0 —~ 0 0 e XTE= 0
0 5 10 15 20 25 30 0 5 10 15 20 25 30 35

Layer Layer

Figure 2. Layer-wise geometry of hidden representations for Llama-3.1-8B-Instruct (left) and Qwen3-8B (right). Curvature-related
and effective-rank statistics vary substantially across depth. The selected insertion layer is determined by balancing local compactness,
global stiffness, and effective representation complexity, rather than by maximizing a single proxy.

with the same hidden size. For each backbone, we run the source model on 300K sequences from Dolma v1.7 (Soldaini
et al., 2024) and save layerwise hidden states. We estimate the geometric proxies Mcurvs Mmonos and k= Teff (2) from
100 repeated 3K-example subsamples, rank candidate insertion layers using the fixed geometry score from Section 3.2,
and verify score stability on 30 additional 500-example subsamples.

To test whether the ranking predicts bridgeability, we train one bridge per candidate layer for one epoch on a 150K-
example subset with a 9:1 train/validation split and measure validation bridge loss. This sweep evaluates the geometry
score but does not fit it. Each bridge is embedding-conditioned and targets the corresponding layer hidden state.
We instantiate it with Stable-Diffusion-v1.5-style latent denoising components (Rombach et al., 2022), freezing the
VAE while training the UNet and bridge-specific projections. These components are repurposed for hidden-state
denoising; training uses no CLIP conditioning, text-to-image objective, or image supervision. Finally, we fully train the
highest-scoring layer on the 300K-example corpus for four epochs and report negative log-likelihood (NLL), perplexity
(PPL), and output-distribution KL divergence against the original pretrained model.

Evaluation. We evaluate three aspects of DIHAL. For layer selection, we compare the geometry ranking with
validation bridge loss and report Spearman correlation, Kendall correlation, the best predicted layer, the best observed
layer, and their rank gap. For final model quality, we report NLL and PPL on WikiText-103 (Merity et al., 2016) and
held-out Dolma v1.7. For teacher alignment, we compute KL divergence between teacher and DiIHAL logits. Additional
implementation and hyperparameter details are provided in Appendix D.

4.2. Layer-Wise Geometry

We first examine whether transformer hidden representations exhibit systematic geometric variation across depth.
Figure 2 shows clear layer dependence in both backbones: input-adjacent layers tend to have large local curvature
values, while global monotonicity and effective rank follow different depth-dependent trends. These patterns suggest
that transformer hidden states do not form a uniform sequence of equally suitable diffusion spaces. Large Mmcurv
indicates locally compact neighborhoods, but local compactness does not necessarily imply globally coherent stiffness,
as measured by Mmpyono- Likewise, low effective rank alone does not guarantee strong curvature-related structure. Thus,
layer selection reflects a curvature—dimension trade-off rather than optimization of a single proxy.

The fixed geometry score combines local curvature, global monotonicity, and effective rank. It selects layer 3 for
Llama-3.1-8B and layer 2 for Qwen3-8B, rather than defaulting to the largest single proxy. Both selected layers are
close to the embedding interface, suggesting that continuous diffusion may be suitable for hidden spaces that retain
embedding-like geometric structure while remaining easier to denoise than token embeddings themselves. Since
geometry alone does not guarantee bridgeability, we next test whether this ranking predicts bridgeability under a
matched budget.

4.3. Fixed-Budget Layer Sweep

We perform a fixed-budget layer sweep to test whether the geometric pattern in Figure 2 translates into bridgeability.
For each candidate layer, we train one bridge for one epoch on 150K examples and measure validation bridge loss; the
sweep evaluates the geometry score but does not fit it. We compare against single-proxy baselines using only Mcyrv
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Figure 3. Fixed geometry score versus validation bridge loss for Llama-3.1-8B-Instruct (left) and Qwen3-8B (right). Each point is
one candidate layer, labeled by index. Higher scores generally correspond to lower validation loss, indicating that the fixed geometry
score predicts bridgeability.

Table 1. Fixed-budget layer sweep results. We compare the geometry-selected layer against representative baselines under the same

bridge-training budget. Validation bridge loss measures bridgeability.

Model Layer type Layer Selection score T Mcurvy T Mmono T k J Val. bridge loss |
Geometry-selected 3 2.360 553.166 227.324 1.332 0.331

Curvature-only 1 1.271 1780.707 45976 1.310 0.324

Llama-3.1-SB Dimension-only 2 1.857 701.159 102.836 1.314 0.327
) Early baseline 7 2.324 258717 374482 1.472 0.362

Middle baseline 17 0.265 51.230 134.336 2.679 0.397

Late baseline 27 -4.094 7.643 23.769 8.305 0.656
Geometry-selected 2 2.044 168.963 317.682 4.544 0.060

Curvature-only 1 1.661 292434 450.606 8.267 0.059

Qwen3-8B Dimension-only 6 1.492 4.965 7.484 1.008 139.092
Early baseline 7 1.430 4.602 7.237 1.012 139.161

Middle baseline 18 0.616 1.036 3.535 1.097 164.087

Late baseline 30 -3.734 0.034 0.112 4.089 276.584

or k, and depth-based Early/Middle/Late baselines. Figure 2 suggests that embedding-adjacent layers form a distinct
geometric regime, with stronger curvature-related proxies near the input and less favorable effective rank in later layers.

If the score is meaningful, higher-scoring layers should achieve lower validation loss. We therefore correlate the
geometry score with negative validation bridge loss, where higher is better. Figure 3 visualizes this trend, and Table 1
shows that the score is not intended to select the exact minimum-loss layer but still selects layers close to the best
observed loss and far below middle and late baselines. For Llama-3.1-8B, compared with selected layer 3, layer 17 has
much lower curvature (Mcyrv = 51.230 vs. 553.166) and higher effective rank (l; = 2.679 vs. 1.332); layer 27 further
decreases in curvature to 7.643 and increases in effective rank to 8.305. Qwen3-8B shows a similar pattern. These
results suggest that deeper, more task-specialized representations are less favorable for diffusion-based reconstruction
under the matched bridge-training protocol.

Across all candidate layers, the fixed score shows strong agreement with bridgeability. Table 2 reports correlations over
30 repeated 500-example score-estimation runs. The score achieves Spearman p = 0.9143 £ 0.0069 on Llama-3.1-8B
and p = 0.9267 £ 0.0157 on Qwen3-8B, with rank gaps of 2 and 1 between the best predicted and best observed layers.
These results show that the fixed geometry score is useful for cheaply identifying bridgeable layers under a matched
training budget.

4.4. Diagnostic Matched-Budget Comparison of Continuous Diffusion Methods

We compare continuous diffusion methods under the same budget for training diffusion/recovery components in the
Qwen3-8B setting. Baselines cover token-embedding denoising (Diffusion-LM (Li et al., 2022), SED (Strudel et al.,
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Table 2. Agreement between fixed geometry score and bridgeability under the fixed-budget sweep. Correlations use negative
validation bridge loss; parentheses report standard deviations over 30 repeated 500-example score runs. Geometry proxies use 100
repeated 3K-example subsamples.

Spearman Kendall  Pearson Best Best Rank
pT Tt rt pred. obs. gapl|

0.9143 0.8011 0.8687
Llama-3.1-8B (£0.0069) (£0.0086) (+0.0027) 3 1 2

0.9267 0.8208 0.8605
Qwen3-8B (4£0.0157) (£0.0256) (£0.0098) 2 1 I

Model

Table 3. Diagnostic same-budget comparison of continuous diffusion target spaces and recovery interfaces. This is not a pretraining-
matched comparison: DiHAL reuses a pretrained transformer suffix and LM head, while some baselines use smaller standalone
recovery modules.

Method Diffusion target Recovery interface Gen.PPL | Div. 1
DiHAL Hidden state A= Retained upper layers + LM head 136.02 0.5913
Diffusion-LM Token embeddings Embedding-to-token recovery 683.43 0.4324
SED Self-conditioned embeddings Embedding-to-token recovery 778.82 0.4942
LD4LG Learned text latent Frozen BART + latent decoder 166.11 0.5797
CoDAR Continuous token/latent states Continuous-to-discrete recovery 144.83 0.4777

2023)), learned-latent denoising (LD4LG (Lovelace et al., 2023)), and continuous-to-discrete recovery (CoDAR (Shen
et al., 2026)). In contrast, DiIHAL denoises an internal hidden state and delegates token prediction to retained Qwen3-8B
suffix and LM head. This is a diagnostic, not pretraining-matched, comparison: all methods use the same 300K-example
corpus and 40 H100-hour budget for diffusion/recovery training but differ in how they reuse pretrained components.

We evaluate generated text using Gen.PPL, the perplexity assigned by a GPT-2 evaluator, and diversity, defined as the
product of Distinct-1 through Distinct-4, where Distinct-n is the ratio of unique n-grams to generated n-grams. Table 3
shows that DIHAL achieves the lowest Gen.PPL and highest diversity in this setting. Compared with CoDAR, DiHAL
improves Gen.PPL from 144.83 to 136.02 and diversity from 0.4777 to 0.5913, suggesting that moving diffusion from
token recovery to hidden-state recovery can be beneficial in this diagnostic setting. Additional details are in Appendix E.

4.5. Top-Layer Full Training and Evaluation

We fully train the highest-ranked layer to test whether the short-budget signal transfers to a larger optimization setting.
We compare it against two controls: a validation-loss oracle, defined as the layer with the lowest validation bridge
loss in the fixed-budget sweep, and a worst-layer control, which tests whether poor insertion points degrade the hybrid
model. Since identifying the oracle requires explicitly training bridges across candidate layers, this comparison tests
whether the geometry score can select a competitive layer without using validation bridge loss as the criterion.

Table 4 reports the final evaluation. We also include CoDAR, a recent continuous-diffusion baseline, re-evaluated under
the same pipeline. The geometry-selected layer improves over the worst-layer control and remains competitive with the
validation-loss oracle. On Llama-3.1-8B, it outperforms the oracle in NLL and PPL, showing that the fixed-budget
oracle is not always optimal for final language-modeling metrics. On Qwen3-8B, the oracle is slightly better, but
the geometry-selected layer remains comparable without layer-wise bridge training and substantially improves over
CoDAR. Thus, this evaluation supports geometry-based layer selection and hidden-state recovery, while the remaining
gap to the original autoregressive teacher clarifies DiHAL’s scope.

5. Related Work

Diffusion language models adapt diffusion to text, where discreteness makes generation less direct than in images
(Hoogeboom et al., 2022). Prior work includes discrete token diffusion (Austin et al., 2021; Gong et al., 2023), masked
diffusion with iterative refinement (Sahoo et al., 2024; Nie et al., 2025; Ye et al., 2025), and continuous diffusion over
embeddings or learned latents (Li et al., 2022; Lovelace et al., 2023). Continuous methods avoid token corruption but
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Table 4. Final evaluation of DiHAL insertion layers against CoODAR on the combined WikiText-103 and held-out Dolma evaluation
sets. CoDAR is a recent strong continuous-diffusion baseline re-evaluated in the Qwen3-8B setting under the same evaluation
pipeline.

Model Method Layer NLLJ] PPL}] KL
Llama-3.1-8B DiHAL, geometry-selected 3 4.91 135.64 0.73
Validation-loss oracle 1 5.11 165.67  0.62
Worst layer 31 5.17 175.91 1.32
Qwen3-8B DiHAL, geometry-selected 2 4.97 144.03  0.53
Validation-loss oracle 1 4.94 139.77 0.54
Worst layer 35 5.23 186.79 1.46
Recent continuous diffusion CoDAR N/A 5.18 177.87 N/A

require recovering tokens from denoised vectors, which can introduce projection or decoding errors (Wang et al., 2022;
Li et al., 2022). We instead study transformer hidden states as a diffusion-friendly denoising space.

Diffusion behavior depends on representation geometry, including curvature, conditioning, and intrinsic dimension
(Pidstrigach, 2022; Rombach et al., 2022). In parallel, efficient generation has been studied through transformer
compression, distillation, layer reduction, early exiting, and hybrid modules (Fan et al., 2020; Sanh et al., 2020;
Lenz et al., 2025). DiHAL connects these directions by identifying internal transformer representations suitable for
diffusion-based replacement.

6. Limitations

Continuous diffusion language modeling still faces important limitations at scale, especially because it must learn
both continuous denoising and reliable recovery back to discrete language. DiHAL mitigates this difficulty by moving
diffusion to an internal hidden-state interface, but it is not a standalone diffusion language model: token prediction
still depends on the retained transformer suffix and LM head. Due to compute constraints, we do not fully explore
larger bridges, longer training, or deeper replacement. Future work could incorporate the proposed geometric proxies
directly into bridge training, making deeper hidden states more bridgeable and potentially enabling replacement of
larger transformer prefixes. We therefore view DiHAL as a step toward understanding where continuous diffusion can
operate inside pretrained language models.

7. Conclusion

We introduced DiHAL, a geometry-guided diffusion—transformer hybrid that moves continuous diffusion from token-
level recovery to internal hidden-state reconstruction. Instead of treating the continuous-to-discrete interface as an
unavoidable bottleneck, DIHAL asks where inside a pretrained language model diffusion should operate. It locates
diffusion-friendly layers using curvature, monotonicity, and effective-rank proxies, then replaces the lower transformer
prefix with a conditional diffusion bridge while preserving the upper layers and original LM head. This yields a
simple but important reframing: continuous diffusion need not generate language by directly recovering tokens; it can
reconstruct a representation that the pretrained transformer already knows how to decode.

Our experiments show that interface choice is not incidental. Across two 8B-scale backbones, geometry-selected
insertion points are embedding-adjacent, predict bridgeability under fixed-budget training, and remain competitive with
validation-loss oracles after training. Middle and late hidden states are harder to reconstruct, suggesting that diffusion
failures in language reflect not only discreteness but a mismatch between denoising and representation-space geometry.

DiHAL is not yet a standalone diffusion language model and still relies on retained pretrained layers. However,
this limitation sharpens the paper’s main lesson: successful continuous diffusion for language may require choosing
or learning the right internal interface, rather than applying diffusion uniformly to arbitrary continuous spaces. By
identifying where diffusion can effectively enter an existing language model, DiHAL provides a step toward principled
diffusion—transformer hybrids and future models that use geometry not only to locate, but also to train, more bridgeable
representations.
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14 WHERE SHOULD DIFFUSION ENTER A LANGUAGE MODEL?

A. Proofs of Theorems
Preliminaries

Law of a random variable. Let (Q2, 7, P) be a probability space and X : 2 — R be a random variable. The law
(distribution) of X, denoted by £(X), is the probability measure defined by

L(X)(A):=P(X € A), AcB(R).

2-Wasserstein distance. Let P2(R?) denote the set of probability measures with finite second moment. For v, yi €
Py (RY),

W) = inf / iz — g2 m(dz, dy).
mell(v,p) JRd xR

where II(v, 1) denotes the set of couplings of v and . Equivalently,

W3 (v,p) =inf {E[|X —Y|]*: L(X)=v,L(Y) = p}.

In R?, an optimal coupling attaining the infimum exists. If preferred, one may instead work with e-optimal couplings
and let € | 0O at the end.

Lemma A.1 (Strong convexity implies gradient monotonicity). Let U : R? — R be differentiable and m-strongly
convex, 1.e.

Uy) > Ue) + (VU )y =)+ Zlly—|? foralla,y.

Then
(VU(x) = VU(y),z —y) > mlx—y|* forallz,y.

Proof. Apply strong convexity twice, swapping x and y:

Uy) = Ule) + (VU(2),y —2) + T lly — =l

m
Uz) 2 U(y) + (VU (y), = — ) + 5 [|lz =yl
Summing the two inequalities yields

(VU(z) = VU (y),z —y) > m|z —y*.

Lemma A.2 (Gibbs invariance and uniqueness). Assume that U € C*(R%), VU is globally Lipschitz, and
V2U(z) =mI  forallz € R?

for some m > 0. Let

p(dz) = Z e V@ dg, Z = /]Rd e V@ gy,
Then Z < 0o, i € Po (Rd), and y is invariant for
dX, = —VU(Xy) dt + V2 dW;.
Moreover; if for every initial law vy € P2(R?) the law v; := L(X}) satisfies
Wa (v, 1) < e ™ Wa(vo, 1),

then 1 is the unique invariant distribution in Py (R?).
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Proof. By strong convexity, for every = € R%,
m, 2

U(z) 2 U(0) +(VU(0),z) + o [J]I".

Completing the square, this implies
m
e V) < Cexp(—z ||;1:||2>

for some constant C' < co. Hence Z < oo and  has finite second moment.

Let
Lo(z) == Ap(z) — (VU (2), Vo(z))

be the generator. For ¢ € C°(R?), integration by parts gives

/]Rd Lo(x) pu(dx) = Z_l/ (Ap(z) — (VU (=), Vgp(x)))e_U(x) dx = 0.

Rd
Since this holds for all ¢ € C2°(R%), the stationary equation L* 1, = 0 holds in the weak sense. Therefore 1 is invariant.
Finally, if v € P»(R?) is any invariant distribution, then applying the contraction estimate with vy = v yields
WQ(V7 M) = W2<Vta:u) < e_"LtW2(U5 :u’) forall ¢ > 0.

—mt

Fix any ¢ > 0. Since e < 1, this implies W (v, u) = 0, hence v = p. O

Proof of Theorem 3.1

By Lemma A.2, p is an invariant distribution for

dX, = —VU(Xy) dt + V2 dW,.

Let vg := L(X(). Choose an optimal coupling (X, Yy) between v and p such that
E[| Xo — Yol = W3 (v, ).

(Alternatively, choose an e-optimal coupling and let € | 0.) We take this initial coupling to be independent of the
Brownian motion below.

Define the synchronous coupling:
dX; = —VU(X,)dt + V2 dW,,

dY; = —VU(Yy) dt + V2 dWy,
driven by the same Brownian motion W,.

Since Yy ~ p and p is invariant, we have
L(Y:)=u forall t > 0.
Let Z, := X; — Y;. Subtracting the SDEs gives
dZy = —(VU(X;) = VU(Yy)) dt.
Since the stochastic terms cancel, Z, has absolutely continuous paths and satisfies the pathwise ODE
Z; = —(VU(X,) — VU(Y})) forae. t > 0.

Therefore the ordinary chain rule applies, and

d )
allzt\l2 = 2(Zy, Zy) = =2(Zy, VU(Xy) — VU(Y3)).
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By Lemma A.1,

d

—1Z:|1? < —2m| Z, 2.

Z1Zi1? < —2m|

By Gronwall’s inequality,
1Z])* < e7™| Zo .

Taking expectation yields
E[| X, — Y[* < e7*™E[ X0 — Yo|*.

Since (X}, Y}) is a coupling of £(X;) and p, by definition of Wa,
W3 (L(Xe), 1) < E[[ X - Yi*.

Therefore,
W3 (L(X:), ) < e ™ W3 (vg, ).

Taking square roots gives
W2 (l:(Xt)a :u) < eithQ(V(h ,U)

It remains to prove uniqueness of the invariant distribution in P,(R?). Let m € P»(R?) be any invariant distribution of
the same Langevin SDE. Applying the contraction estimate above with vy = 7 gives, for every ¢t > 0,

Wa(m, 1) = Wa(L(Xe), ) < e”™ Wa(m, ),
where we used the invariance of 7 to obtain £(X;) = 7. Since m > 0 and e™™* < 1 for ¢ > 0, this implies
Wa (7T5 ,u‘) =0.

Hence 7 = y1. Therefore y is the unique invariant distribution in Py(R%). O

Proof of Theorem 3.2
We prove stability of an invariant measure under a uniformly bounded perturbation of the score function.

Let 1 € P2(R?) have density p and define
U(z) := —logp(z).

Assume that U € C?(R9) is m-strongly convex, i.e.
V23U (z) = mI forall z € RY,

for some m > 0, and that VU is globally Lipschitz.

Define the true score
s(z) = Vlogp(z) = =VU(x).

Let s be a globally Lipschitz function satisfying

sup [|8(z) — s(z)|| < e.
zeRd

Consider the SDEs R R
dX, = s(X,)dt +V2dW,,  dX, = §(X,)dt +V2dW,,

and assume that the second SDE admits an invariant distribution /i. By Lemma A.2, 1 is an invariant distribution of the
first SDE.

We first show that i € Py (R?). Since s = —VU and U is m-strongly convex, Lemma A.1 applied with y = 0 gives

(z,s(z) — 5(0)) < —mlz|? for all z € R%.
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Hence
(x,5(2)) = (2,5(x) = 5(0)) + (z,5(0)) < —mlz]|* + [|s(0)]| [|]-

Using ||$(x) — s(x)|| < e, we obtain
(,5(2)) < (@, 5(x)) +ellzll < —mllz[* + (sO)] + &)l

By Young’s inequality, there exists a constant Cy < oo such that

(z,5(z)) < —%HxHQ +Cy forallz € RY,

Let .
Lf(z) = (5(z),V[f(z)) + Af(z)

be the generator of the perturbed SDE, and set
V(x) = |

Then

LV (x) = 2(z,5(z)) +2d < —m|z|* + C; = —mV (z) + C}
for some constant C; < oo.

We now justify the use of this unbounded Lyapunov function by truncation. Let 19z € C2([0, 00)) be nondecreasing
and concave, with
0<¢p<1, P <0,

such that
Yr(r)=r forr <R, Ygr(r) = constant forr > 2R.

Define

Ve(z) = ¢Yr(V(x)).
Since Vi € CZ(R?) and the perturbed SDE has globally Lipschitz drift, the associated Markov semigroup (]325)@0 has
generator L. Hence

= LVg.

By invariance of [,
PoVi(w) ji(dz) = / Vi(z) i(dz) forallt > 0,
Differentiating at ¢ = 0 gives

/ LVi(z) ji(dz) = 0.

By the chain rule for L, . .
LV = ¢(V)LV + 94 (V)| VV 2.

Since ¥}, < 0, we have A A
LVr < YR(V)LV < YR(V)(—mV + C4).
Therefore
0= [ Lndi < =m [ wp()Vdi+ Gy [ v di.
Since 0 < ¢ < 1, this implies
m/d);{(V)V di < Cy.

Moreover, ¢ (V) = 1 whenever V' < R, and hence

{V<R}
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Letting R — oo and using monotone convergence gives

C
/mem:/vmsﬁ<w.

Thus /i € Pa(RY).
Now choose an optimal coupling (X, X) of x and /i such that
E[| Xo — Xoll* = W3 (1, 2)-

We take this initial coupling to be independent of the Brownian motion below. Drive both SDEs by the same Brownian
motion (W;);>¢ and define

Zt = Xt - Xt-

Subtracting the two SDEs yields R
Since the stochastic terms cancel, Z, has absolutely continuous paths and satisfies the pathwise ODE

Zy = 5(Xy) — s(Xy) forae. t > 0.

Therefore the ordinary chain rule applies, and
d 9 P
1217 = 2(Ze, 8(Xe) — s(Xa)).-

We decompose

Hence p
§‘|Zt||2 = 2(Z;,8(X1) — s(X3)) + 2(Zy, s(X;) — (X))
For the first term, using the uniform bound on the score error,
2(Z;,3(Xy) — s(X0)) < 2¢)|Z4]|.
For the second term, Lemma A.1 implies
(Xy — Xy, VU(Xy) — VU(Xy)) > m|| Xy — X%

Since s = —VU, we get R
(Z1,8(X) — 8(X1)) < —ml| Z4||>.

Combining the two bounds gives
D)2 < —2m| 2] + 22 2.
By Young’s inequality,
2| 24| < w24 + <.
m

Substituting this into the differential inequality, we obtain
d g2
—1Z:|I? < —m|| Ze|* + —.
SNZP < —mlZ)l? + =

Multiplying both sides by e™ and integrating from 0 to ¢ yields

2
g
120 < ™ Z0]? + S5 (1—e™) s
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Taking expectations gives

2
—-m € -m
E|Z)? < e ™B| Z)P + S5 (1 - ™).

Since Xy ~ p and Xo ~ [u are invariant initial laws, we have
X, ~p,  Xe~p o forallt > 0.
Therefore (X, X;) is a coupling of 4 and /i, so
W3 (i, 1) < B X, - X|* = E||Z]*.
Combining this with the previous estimate gives
W31, 1) < e W (i) + —5 (1= 7).

Letting t — oo, we obtain

2/ A
W3 (i, p) < e
Taking square roots gives
. €
Wa(f, p) < —.
m
Proof of Lemma 3.3
Let
Y = Cov(X).
Define
R:=X —-II(X).
Since

EX = EII(X) + ER,

we may write
X -EX = (II(X) - EI(X)) + (R — ER).

2. we obtain

Therefore, using the inequality ||u + v||? < 2|u? + 2|jv

tr(X) = E[| X — EX|]? < 2E||II(X) — EI(X)|?* + 2E| R — ER|*.

For the first term, by assumption,
E|II(X) — EII(X)|? = tr(Cov(IL(X))) < Cik.
For the second term, since covariance is dominated by the second moment,
E|R — ER|]? = tr(Cov(R)) < E| R|*.
Using the approximation assumption,

E|R|* = E||X — II(X)[|* < C2(6* + ).

Combining the two bounds yields
tr(3) < 2C1k + 202(8* + 7).



20 WHERE SHOULD DIFFUSION ENTER A LANGUAGE MODEL?

By definition,
tr(X)
1=

Using the non-degeneracy assumption || X|| > ¢ > 0, we obtain

TGH(Z) =

2C1k +2C2(6% + 1) L@ 20,
C n C C

reft(33) < (6 + ).

In particular, if 6,7 = O(1) and ||X]| is bounded below by a positive constant, then
Teff(Z) = O(k‘ + 1).

If additionally k£ > 1, this simplifies to

Proof of Theorem 3.4

Let X ~ p, and denote

By the trace identity,

E|X — 32 =Et(X —2)(X —7)") = tr(E(X ~B)(X - a-;)T) — ().

Next, by the assumptions of Lemma 3.3, we have
tr(Cov(II(X))) < Cik,  E[X —I(X)|* < Co(6* +n),  [[Z] > co>0.

Therefore Lemma 3.3 yields

tr(2) < @k—FL@(dz

o (2
rer(X) = g ”

+1).

Since
tr(X) = [|Z]| rer (),

(8 ><||z(201k+202< +n>).

Using E|| X — z||? = tr(X), we obtain

1/2
(E1X - al)" = Vi) < e (P ke 22 0 )

it follows that

It remains to prove the concentration statement. Since
plx) =2t V")

and
VU (z) = ml for all z € R?,

the Bakry—Emery criterion implies that ;. satisfies a logarithmic Sobolev inequality with constant of order 1 /m, up to
the standard normalization convention. Consequently, by the Herbst argument, every 1-Lipschitz function f : R? — R
satisfies a Gaussian concentration bound of the form

P(|f(X) —Ef(X)| > t) < 2exp(—cmt?)  forallt >0,
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where ¢ > 0 is an absolute constant.

Now define
f(@) = llz—2|.
For any z,y € R,
[f (@) = f)| = [z =zl = [ly — 2] < |z~ yll,

so f is 1-Lipschitz. Applying the preceding concentration bound to this f gives

P(| X —z|| - E|| X — 2| > t) < 2exp(—cmt?)  forallt > 0.

This proves the claimed concentration inequality and completes the proof. O

Corollary A.3. By Jensen’s inequality,

E|lX — EX| < VE[X — EXP = \/ir(S).

Hence

]P’(HX CEX|| > (D) + t) < 2exp(—emt?).

In particular, if §,m are bounded by constants and ||2|| < 1, then there exists a constant C' > 0 such that

Vir(E) < oV,

and therefore

IP’(HX —EX|| > CVE + t) < 2exp(—cmt?).

B. Interpretation of the Geometric Proxies

In this appendix, we clarify why the empirical quantities used in our layer-selection procedure can be interpreted as
proxies for the theoretical geometric terms introduced in Section 3.1. Our goal is not to recover the exact strong-
convexity constant or the exact manifold dimension of the layerwise representation distribution. Rather, we seek
observable quantities that capture the same functional roles in diffusion-friendly geometry.

Theoretical role of m. In our theory, the quantity m appears as the strong-convexity constant of the potential
U(z) = —log p(x), namely

VU (z) = ml.
This means that, in every direction, the potential has at least curvature m. A larger m implies stronger contraction of
the corresponding Langevin dynamics and greater robustness to score perturbations. Therefore, from the perspective of
diffusion, m measures how strongly the representation distribution exhibits restoring geometry toward high-density
regions.

In practice, however, the exact density p(x) of layer activations is unknown, and only a finite sample of activation
vectors is available. As a result, neither U (z) nor its Hessian V2U () can be computed exactly. This motivates the use
of empirical curvature-related proxies.

Why "mono is an m-like quantity. Our monotonicity proxy is defined from the empirical covariance ¥ and its
precision matrix P = X!, For sampled pairs (z;, ), we compute

and summarize these values by a robust statistic such as the median.

This quantity is closely related to the role of m in the Gaussian case. Indeed, if the layerwise representation distribution
were exactly Gaussian with mean p and precision matrix P, then
1

Uz) = i(x — p) " P(z — ) + const,
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and hence

V23U (z) = P.
In that setting, the strong-convexity constant is precisely

m = )\min(P )
Moreover, for any displacement vector J, the Rayleigh quotient

)

16112
measures directional curvature under the quadratic potential. Therefore, M ,0no can be interpreted as an empirical
summary of the typical directional stiffness of the representation space. Although it is not an exact lower bound on the
Hessian, it captures the same global geometric intuition: layers with larger M, 0no behave as if they are embedded in a
more strongly restoring global geometry.

Why Mcy;v is also an m-like quantity. Our local curvature proxy is based on the covariance of local neighborhoods.
For each anchor point, we compute the covariance matrix i,c, Of its k-nearest neighbors and define a local score

proportional to
1

>\max (Elocal) .
The layer-level statistic My, 1S then obtained by aggregating these local values across anchors.

This proxy is motivated by a local quadratic approximation. If a small neighborhood of the representation distribution is
approximately Gaussian, then its local density may be written as

1
Plocal (LE) X exp (_2(1‘ - Mlocal)—r})local (LI? - Mlocal)) )

with Pigcal & Elj)ial. Under this approximation, the local Hessian of the negative log-density is given by Pjycal1, and the

corresponding local strong-convexity scale is
1
/\max (Elocal) '

Thus, My measures how compact and sharply curved the local representation neighborhoods are. Larger values
indicate smaller local spread along the most variable direction, which is consistent with the intuition of stronger local
restoring geometry.

)\min(-Plocal) = )\min(zﬂjial) =

Why £ reflects intrinsic dimension. The theoretical quantity % is intended to capture the intrinsic complexity of the
representation distribution, rather than its ambient dimension d. In our empirical procedure, we measure this using the
effective rank of the covariance:
tr(3)

1=

k=re(X) =

This quantity has a direct interpretation in idealized low-dimensional settings. Suppose the data are supported exactly
on a k-dimensional isotropic subspace with covariance eigenvalues

M ==\ =02, N1 = =Ag=0.
Then )
ko
Teﬁ(z):?:k.

Hence, in this ideal case, the effective rank exactly recovers the intrinsic dimension.

More generally, when the representation distribution is concentrated near a low-dimensional manifold or subspace, the
covariance spectrum typically contains a small number of dominant eigenvalues and many small residual ones. In such
cases, o (X) measures the effective number of active variation directions. For our purposes, this is the relevant notion
of intrinsic dimension, since diffusion complexity depends not on the nominal ambient dimension but on how many
directions carry meaningful variation.



23 WHERE SHOULD DIFFUSION ENTER A LANGUAGE MODEL?

Interpretation and limitation. Taken together, My ono and My serve as global and local proxies for curvature-
related restoring geometry, while k serves as an operational measure of intrinsic dimension. These quantities are not
exact estimators of the theoretical constants in Section 3.1. Instead, they are empirical surrogates designed to preserve
the same geometric design principle: diffusion-friendly layers should be locally compact, globally stable, and effectively
low-dimensional.

This distinction is important. Our empirical layer-selection score should therefore be interpreted as an operational
criterion motivated by theory, rather than as a direct numerical estimate of the exact constants appearing in the theorems.

C. Geometric Proxy Estimation and Layer Selection

This appendix describes the implementation details of the empirical geometric proxies used in the Locate stage, together
with the practical layer-selection procedure. Where Appendix B explains why these quantities can be interpreted
as theory-motivated surrogates for curvature and intrinsic dimension, the present appendix focuses on how they are
computed in practice and how they are combined into a robust empirical selection rule.

C.1. Representation Extraction

For each transformer layer, we begin from hidden activations of shape

acts € RVXSxH

where IV denotes the number of sequences, S the sequence length, and H the hidden dimension. For example, a layer
output may have shape [B, S, H] = [32, 1024, 4096].

To compute geometric statistics, we convert these activations into a set of representation vectors
T € RM ><D’

using an extraction function that supports several pooling modes.

Mean pooling. In the mean setting, each sequence is mapped to a single vector by masked averaging over valid

tokens:
s h
_ thl Ant Nint
- S
Zt=1 Ant

where a,; € {0,1} is the attention mask and h,: € R is the hidden state at token position £. This yields one
representation vector per sequence.

Tn )

Last-token pooling. Inthe 1ast setting, we take the hidden state of the final valid token in each sequence. This again
yields one vector per sequence, while preserving a token-level representation associated with the sequence endpoint.

Tokenwise extraction. In the token setting, all valid token representations are flattened across sequences and
positions. If necessary, a random subset is retained to control memory and computational cost. This yields a larger
collection of vectors and allows the layer geometry to be estimated directly from tokenwise activations.

Mask handling. Padding positions with attent ion_mask=0 are excluded from all computations. Special tokens
are retained whenever they are marked as valid by the attention mask. Thus, the extracted representation set reflects the
actual active tokenwise computation of the model.

Recorded representation statistics. For transparency and reproducibility, we store layerwise summary statistics
describing the extracted representation set, including the number of sequences, sequence length, hidden dimension,
number of vectors before and after projection, and the corresponding feature dimensions. These quantities make it
possible to verify that proxy estimation is based on comparable representations across layers. In the main experiments,
we use mean pooling and retain at most max_segs=2,000 sequences and max_t okens=200,000 valid tokens per
layerwise geometry run.
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C.2. Preprocessing and Random Projection

Because hidden representations can be high-dimensional, we optionally apply random projection before estimating the
geometric proxies. This serves two purposes: it improves numerical stability in covariance-based calculations, and it
reduces the computational cost of repeated layerwise estimation.

R]\lXD

Given vectors = € , we construct a Gaussian random matrix

Dxdpro;
R € R X 9proi,

followed by QR orthonormalization to obtain an approximately orthonormal projection basis. The projected representa-
tions are then
Tproj = TR € RM*dpros,

If the projection dimension satisfies dpro; < 0 or dpro5 > D, projection is skipped and the original vectors are used.
This design ensures that the projection acts only as a computational device and does not alter the pipeline when
dimensionality reduction is unnecessary.

The main hyperparameters governing this step are the projection dimension, the pooling mode, the maximum number
of sequences or tokens retained, and the ridge regularization used in subsequent covariance inversion.
C.3. Local Curvature Proxy

To capture local geometric compactness, we estimate a curvature-inspired proxy from neighborhoods in representation
space. For a given layer representation set z = {1, ...,z } C RP, we sample a set of anchor points and, for each
anchor, identify its k nearest neighbors under Euclidean distance. Distances are computed on the same representation
matrix used for proxy estimation, i.e., after the optional projection step when projection is enabled.

Let A; denote the neighborhood of anchor z;. We compute the local covariance matrix

50 = Cov(N;) + AT

local ™
where A > 0 is a small ridge term added for numerical stability. The local curvature score is then defined as

v
T (St

Intuitively, this quantity is large when the local neighborhood is compact even along its most variable direction, which
is consistent with the notion of strong local restoring geometry.

To obtain a layer-level statistic, we aggregate the anchorwise values using a robust summary:

~ . 3
Meury = Median; (mgu)rv) .

In addition, we record quantiles such as the 25th, 50th, and 75th percentiles in order to characterize variation across
local neighborhoods and to support uncertainty-aware visualization.

C.4. Monotonicity Proxy

To capture a global notion of directional stiffness, we compute a monotonicity-inspired proxy from the empirical
covariance of the layer representations. Let
Y = Cov(z) + A\

be the ridge-regularized empirical covariance and let
pP=x"!

denote its precision matrix.
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We then sample random pairs (x;, z;) and compute

(z; — ;)" P(x; — x;)
|z — 252

mij =
This is a Rayleigh-quotient-type quantity that measures how strongly a pairwise displacement is penalized by the global
precision geometry.

The layer-level monotonicity proxy is defined by a robust summary over sampled pairs:
Mmono = median; ;) (mi;).

As with the local curvature proxy, we additionally record quantiles and confidence intervals obtained by bootstrap
resampling. In the main experiments, we report 95% bootstrap percentile intervals for the median monotonicity estimate.
These summaries allow us to assess not only the central tendency of global directional stiffness, but also its stability
under finite-sample variation.

C.5. Effective Rank

To estimate the effective intrinsic dimension of the layerwise representation distribution, we compute the effective rank
of the empirical covariance:

(%)

=l

where ||X|| denotes the spectral norm, i.e., the largest eigenvalue of X.

k= reg(D)

This quantity measures the effective number of active directions of variation in the representation space. A smaller
value indicates that the representation is concentrated along fewer dominant directions, which is favorable from the
perspective of diffusion complexity.

In the main text, we use effective rank as the primary intrinsic-dimension statistic. In addition to the central estimate
k, we optionally record related quantities such as the participation ratio and bootstrap summaries as supplementary
diagnostics. To reflect finite-sample uncertainty, we also store quantiles such as

kq2s, kqs0, Kqrs-

C.6. Selection Score Construction

After computing Mcyrv, Mmono, and k for each layer, we combine them into a single empirical layer-selection score.

Baseline score. A simple baseline motivated by the curvature—dimension principle is
selection_scorepase (£) = 2(10g Meury (£)) — z(log k(£)),

where z(-) denotes z-score normalization across layers within the same model. Intuitively, the baseline rewards
curvature-related structure while penalizing excessive effective dimension.

Final score used in practice. In the final implementation, we use a fixed score based on log-transformed layerwise
statistics: .
selection_score(?) = a1 z(log Meury (£)) + a2z(log Mmono (€)) + asz(log k(£)).

‘We use the fixed coefficients
(Oél,(lg,ag) = (1.0, 1.0, —1.0).

Thus, the final score becomes

selection_score(f) = z(log Meury (£)) + 2(108 Mmoo (¢)) — z(log k().

This score reflects the curvature—dimension principle. First, both local and global curvature-related quantities are
rewarded through Meyyy and Mpyeno- Second, effective intrinsic dimension is penalized through k. We use only a
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Preset (a1, 2, 3,4) £ L(£*)  oracle ! gap Spearman
final, no k> (1.0,1.0,-1.0,0.0) 2 0.059 1 0.028 0.940
baseline w/ k> (1.0,1.0,-1.0,-0.5) 2 0.087 1 0.028 0.859
curvx0.5 (0.5,1.0,-1.0,-0.5) 6 139.092 1 139.033 0.729
curvx1l.5 (1.5,1.0,-1.0,-0.5) 2 0.087 1 0.028 0.916
mono x 0.5 (1.0,0.5,-1.0,-0.5) 6 139.092 1 139.033 0.733
monox 1.5 (1.0,1.5,-1.0,-0.5) 2 0.087 1 0.028 0.916
kiin X0.5 (1.0,1.0,-0.5,-0.5) 2 0.087 1 0.028 0.950
kiinx 1.5 (1.0,1.0,-1.5,-0.5) 6 139.092 1 139.033 0.725
kgqx0.5 (1.0,1.0,-1.0,-0.25) 2 0.087 1 0.028 0.898
kyqx2.0 (1.0,1.0,-1.0,-1.0) 6 139.092 1 139.033 0.733

Table 5. Sensitivity of layer selection to coefficient perturbations. Numbers are produced by our analysis script. The final score
removes the quadratic effective-rank penalty and uses only a linear curvature—dimension trade-off.

linear effective-rank penalty because the sensitivity analysis below shows that an additional quadratic penalty can
over-penalize some low-rank layers and lead to unstable layer selection.

The selected target layer is then defined by

0" = arg max selection_score(¥).

For convenience, we also report
predicted_loss(¢) = — selection_score(¢),

so that lower predicted loss corresponds to a more diffusion-friendly layer.

Sensitivity to coefficient choice. To address concerns that the fixed coefficients might implicitly overfit, we evaluate a
small set of coefficient perturbations around the final score and report (i) the selected layer £*, (ii) the validation loss at
£*, and (iii) rank correlations between the score and the validation loss. Table 5 summarizes the results computed from
layerwise_geometry. json and teacher_loss_frozen.csv (excluding layer 0). The final linear score
selects the oracle-best layer in this sweep while maintaining a strong monotonic relationship with validation bridge loss.
By contrast, adding or strengthening the quadratic effective-rank penalty can shift the selected layer from early layers to
layer 6, which yields a large degradation in validation loss in this setting. This suggests that effective rank is useful as a
soft complexity penalty, but overly strong rank penalties can hurt top-layer selection.

C.7. Implementation Details of the Diffusion Bridge

In the embedding-conditioned setting used in our experiments, the conditioning signal ¢(x) is the dumped activation
tensor embedding_out € RBxSxH e  the hidden state immediately before the first transformer block of the source
language model. This tensor is passed through a learned condition projection and mapped to the 768-dimensional
encoder_hidden_states interface expected by the pretrained UNet. Thus, the diffusion backbone is used as a conditional
latent denoiser over language-model hidden states rather than as a text-to-image model.

To instantiate the bridge, we adopt a Stable-Diffusion-style latent denoising architecture built on a pretrained UNet.
The target hidden state hy- is reshaped and projected into an image-like tensor, encoded by a frozen VAE into a latent
z¢«, noised to z; at timestep ¢ using a fixed diffusion scheduler, and denoised by the UNet to predict éy(z¢, t, ¢). The
denoised latent is then decoded and projected back to the original hidden space to obtain the reconstructed hidden state
hgs.

Hidden-to-image layout. Given a selected-layer hidden state hy« € REXS*H e first reshape the sequence
dimension into a fixed spatial grid and apply a learned 1 x 1 projection to map the hidden dimension to the channel
dimension required by the latent denoising backbone. This produces an image-like tensor of shape (C, Himg, Wimg)-
The reshape is deterministic and does not use image supervision. After denoising, an inverse learned projection maps
the output back to RE*S*H

In our experiments with S = 1024 and hidden size H = 4096, we use Hing = 32, Wing = 32, and C' = 3, matching
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the VAE input-channel interface of SD-v1.5. This channel projection should be understood as an architectural interface
to the pretrained latent denoising stack, not as an assumption that language hidden states are naturally RGB images.

We do not assume that language hidden states have natural 2D image semantics. The Stable-Diffusion-style backbone is
used only as a high-capacity conditional denoiser. The 2D layout is therefore an architectural interface rather than a
semantic image representation. To test this design choice, we compare it against sequence-native deterministic and
denoising backbones in Appendix D.1.

For the late-stage alignment losses, the language-modeling term is defined as Livt = CE(Dbridge (Tit1 | ©<i), Tit1)s
and the temperature-scaled distillation term is Lxp = T KL(softmax(0seacher/T’) || softmax(obridge/T")), where
Oteacher and Oy,idge denote the teacher and bridge logits, respectively.

During training, we update the UNet denoiser together with the bridge-specific projection modules, including the hidden-
to-image mapping, the image-to-hidden mapping, and the condition projection. By contrast, the VAE is kept frozen
and the diffusion scheduler is fixed. Under the embedding-conditioned setting described above, no Stable-Diffusion
text-conditioning pathway is used. This isolates the Replace stage as a hidden-space learning problem: the bridge is
trained to reproduce the selected-layer hidden state while remaining compatible with the retained upper transformer
stack.

D. Experimental Setup Details

This appendix provides experimental and implementation details supplementing Section 4. It describes the data
sampling pipeline, representation extraction, geometric proxy estimation, and optimization hyperparameters used for
the layer-sweep and full-training experiments.

Data sampling and activation dumps. We construct the activation corpus from a local raw-text copy of Dolma v1.7.
The dump pipeline samples up to 300,000 text sequences using stratified round-robin sampling over 700 source files,
with up to 500 samples per file and random seed 42. Each sequence is tokenized with the corresponding source-model
tokenizer and passed through the backbone model to save the embedding output, all decoder-layer outputs, input
IDs, and attention masks. Activations are computed in reduced precision and stored as float16 shards for subsequent
geometry estimation and bridge training.

Representation extraction. Sequences are tokenized with the source tokenizer under its default special-token
handling, so special tokens are retained in the stored input IDs and activation tensors. Padding positions are tracked by
the attention mask and excluded whenever masked averaging is used. When token IDs are decoded back into text for
prompt reconstruction, special tokens are removed. For geometry estimation, the implementation supports last-token
pooling and token-level sampling, but we use mean pooling by default.

Geometry estimation. The default geometry pipeline uses no random projection (dp,0; = 0), ridge coefficient 1073,
k = 64 nearest neighbors for local curvature, 512 anchor points, 200,000 sampled pairs for monotonicity, and bootstrap
resampling with 95% confidence intervals. In the main experiments, layerwise geometry proxies are estimated from
repeated subsamples as described in Section 4.1.

Bridge training. Bridge training uses a deterministic shard-level split with validation ratio 0.1 and split seed 42. In
the fixed-budget layer sweep, each candidate layer is trained for one epoch with up to 150,000 training examples, batch
size 4, learning rate 3 x 10~2, AdamW optimization, mixed-precision FP16, and a maximum of 37,500 optimization
steps. We use bridgeability to mean how easily a layer’s hidden state can be reconstructed by the diffusion bridge
under this fixed budget, and measure it by validation bridge loss. Training losses are reported as auxiliary optimization
diagnostics. The codebase also supports applying the auxiliary next-token language-modeling loss L1\ and teacher-
student distillation loss Lxp only in the final epoch.

Compute resources. The fixed-budget layer-sweep experiments were conducted on NVIDIA H100 GPUs with a
matched 40 GPU-hour budget. Each candidate layer was trained for one epoch on 150K examples using batch size 4
and mixed-precision FP16. The final full-training experiments, which are used for the main model-quality evaluation,
were conducted on NVIDIA B200 GPUs for 40 hours per main run, training the selected bridge for four epochs on
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Table 6. Validation bridge loss on layer 16 (S=512, N=500).

Bridge Layer  Split S N Mean loss |
stable_diffusion_UNet 16 valid 512 500 1163.587321
ddpm_hidden 16 valid 512 500 1411.363999
ddpm_hidden_transformer 16 valid 512 500 2799.283554
ddpm_hidden_conv1d 16 valid 512 500 3672.299440
Method Trainable params  Active bridge/module params
DiHAL 862.7M 946.3M bridge
Diffusion-LM 93.7M 93.7M
SED 73.7M 73.7M
LD4ALG 25.6M AE + 188M diffusion  25.6M AE + 188M diffusion
CoDAR 130M diffusion + 230.9M AR decoder 360.9M

Table 7. Trainable and active parameter counts for the same-budget representation-space comparison. Counts are measured or
estimated under our experimental configurations. Trainable parameters are updated by the optimizer, while active bridge/module
parameters are used in the forward pass, including frozen modules where applicable. For CoDAR, the count is estimated from
the reported MDLM-style diffusion backbone and GPT-2-small-style autoregressive decoder with cross-attention under the Qwen
tokenizer vocabulary.

the 300K-example corpus. We additionally report peak GPU memory, throughput, and latency in the final evaluation
table. Activation dumping stores float16 hidden states for the evaluated 8B-scale backbones, and therefore storage
requirements scale approximately linearly with the number of layers and sampled sequences.

D.1. Diffusion Bridge Architecture and Backbone Choices

Backbone choice. We choose a Stable-Diffusion-style UNet bridge because the replacement module must solve a
high-dimensional conditional denoising problem over continuous representations, rather than a standard next-token
prediction task. The target is an internal boundary hidden state h¢«, and the conditioning signal is the embedding-
derived representation of the same input. We therefore require a backbone that can denoise structured, high-dimensional
activations while exploiting the conditioning signal effectively.

Table 6 compares several bridge backbones under the same validation setting on layer 16 (S=512, N=500). The
Stable-Diffusion-style UNet bridge achieves the lowest validation loss among the evaluated trainable alternatives. Its
mean loss (1163.59) is lower than the MLP-based hidden DDPM bridge (1411.36), corresponding to a 17.6% reduction.
It also substantially outperforms the Transformer-based and 1D-convolutional bridges, reducing validation loss by
58.4% relative to ddpm_hidden_transformer and 68.3% relative to ddpm_hidden_convld.

These results suggest that reusing the Stable-Diffusion UNet as a conditional denoising backbone is a practical choice
in our setting. We do not claim that this architecture is optimal in general; rather, it provides the strongest validation
performance among the tested backbones under the same small-scale ablation. Importantly, the model is not used as an
image generator and does not rely on image supervision; we only reuse the latent denoising structure as a conditional
backbone for reconstructing language-model hidden states.

E. Baseline Details

Parameter accounting. Table 7 reports parameter counts for the same-budget representation-space comparison.
These counts are based on the current implementation and notebook configuration used in our experiments. Trainable
parameters are those updated by the optimizer. Active bridge/module parameters are parameters used in the forward
pass for the corresponding diffusion or recovery module, including frozen modules when applicable. For DiHAL, the
retained pretrained upper transformer layers and original LM head are not counted as trainable bridge parameters, but
they are part of the active language-modeling interface.
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Table 8. End-to-end inference cost. DiHAL cost includes bridge denoising, retained upper transformer layers, and the LM head.

Model Method Insert. layer NFEs Latency/token | Throughput 1 Peak mem. |
Llama-3.1-8B  Original - - 0.043 23509 16.2
Llama-3.1-8B DiHAL 3 1 0.074 13481 18.0
Llama-3.1-8B DiHAL 3 4 0.150 6681 18.0
Llama-3.1-8B  DiHAL 3 20 0.503 1989 18.0
Llama-3.1-8B  DiHAL 10 1 0.065 15314 18.0
Llama-3.1-8B DiHAL 10 4 0.146 6844 18.0
Llama-3.1-8B DiHAL 10 20 0.515 1941 18.0
Llama-3.1-8B DiHAL 20 1 0.051 19467 18.0
Llama-3.1-8B DiHAL 20 4 0.116 8597 18.0
Llama-3.1-8B DiHAL 20 20 0.503 1988 18.0
Llama-3.1-8B DiHAL 30 1 0.035 28676 18.0
Llama-3.1-8B DiHAL 30 4 0.114 8798 18.0
Llama-3.1-8B DiHAL 30 20 0.502 1993 18.0
Qwen3-8B Original - - 0.059 17033 159
Qwen3-8B DiHAL 2 1 0.081 12375 17.6
Qwen3-8B DiHAL 2 4 0.130 7668 17.6
Qwen3-8B DiHAL 2 20 0.503 1989 17.6
Qwen3-8B DiHAL 12 1 0.066 15222 17.6
Qwen3-8B DiHAL 12 4 0.132 7554 17.6
Qwen3-8B DiHAL 12 20 0.506 1977 17.6
Qwen3-8B DiHAL 22 1 0.047 21156 17.6
Qwen3-8B DiHAL 22 4 0.119 8428 17.6
Qwen3-8B DiHAL 22 20 0.500 2002 17.6
Qwen3-8B DiHAL 32 1 0.036 27581 17.6
Qwen3-8B DiHAL 32 4 0.093 10769 17.6
Qwen3-8B DiHAL 32 20 0.500 2001 17.6

F. Inference Cost Detail

Because DiHAL replaces a transformer prefix with a diffusion bridge, its end-to-end inference cost depends on two
factors: the insertion depth and the number of denoising steps. We therefore measure latency, throughput, peak memory,
and the number of function evaluations (NFEs) across several insertion layers. The measurement includes the full
hybrid inference path: bridge denoising, retained upper transformer layers, and the original LM head.

Table 8 shows the resulting cost trade-off. For the geometry-selected shallow insertion layers, DiHAL is slower than the
original backbone even with a single denoising step, and latency increases substantially as NFEs grow. This indicates
that bridge denoising is the dominant overhead in the current implementation. Deeper insertion layers can reduce
latency at NFE=1 by skipping more transformer layers, but these layers are not selected by the geometry criterion and
are less reliable as hidden-state reconstruction targets. Peak memory also increases because the diffusion bridge adds
extra active modules.

Overall, these results support our limitation claim that the current D1 HAL implementation should not be interpreted as
an end-to-end acceleration method. Instead, the table clarifies the cost-quality trade-off: deeper replacement can reduce
retained-transformer computation, but diffusion denoising overhead and hidden-state reconstruction difficulty limit
practical acceleration in the present setting.
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G. Existing assets and licenses.

Our experiments use publicly available pretrained backbones, datasets, and model components. We use Llama-3.1-8B-
Instruct under the Llama 3.1 Community License and Qwen3-8B under the Apache 2.0 license. We use Dolma v1.7 for
activation extraction and bridge training under the ODC-BY license, and WikiText-103 for evaluation under its Creative
Commons/GFDL licensing terms. The diffusion bridge reuses Stable Diffusion v1.5 components under the CreativeML
OpenRAIL-M license, and generative perplexity is computed using a GPT-2 evaluator under the GPT-2 license terms.
We cite the original papers and model or dataset sources for all existing assets and use them only for research evaluation
consistent with their respective terms.



