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Abstract001

Autoregressive large language models (ARMs)002
are effective but brittle on tasks where a sin-003
gle wrong token invalidates the full output and004
where iterative error correction is essential. In005
parallel, recent work shows that tiny networks006
can perform strong recursive reasoning on hard007
puzzle-like sequence tasks via deep supervi-008
sion and latent recursion (Jolicoeur-Martineau,009
2025; Wang et al., 2025). Separately, masked010
diffusion language models (MDMs) demon-011
strate that diffusion-based, non-autoregressive012
generation can scale and exhibit core language-013
model capabilities while enabling iterative re-014
finement (Nie et al., 2025; Austin et al., 2021;015
Shi et al., 2024; Sahoo et al., 2024; Ou et al.,016
2024). We propose TR-LDM, a tiny recursive017
masked diffusion language model that com-018
bines (i) a principled masked-diffusion likeli-019
hood surrogate (Nie et al., 2025) with (ii) a Tiny020
Recursive Model (TRM)-style latent reason-021
ing state and recursive refinement (Jolicoeur-022
Martineau, 2025). TR-LDM uses a single023
small network that alternates between latent-024
state updates (“reasoning”) and answer-state025
updates (“proposal”), and it can be trained ei-026
ther in standard one-step diffusion fashion or027
with TRM-style deep supervision over denois-028
ing iterations (TR-LDM-DS). To make the ap-029
proach feasible on a single H100 within an030
hour for algorithmic benchmarks, we present031
a compute-constrained recipe: ≤20M param-032
eters, short fixed-length tokenizations, mixed033
precision, early halting, and optional teacher034
distillation from a pretrained diffusion LM or035
ARM teacher. We provide full algorithms036
for training and sampling, step-by-step imple-037
mentation guidance, theoretical results con-038
necting our loss to an upper bound on neg-039
ative log-likelihood and justifying truncated040
credit assignment under contraction assump-041
tions, and a complete experimental plan on042
Sudoku-Extreme and Maze-Hard (Wang et al.,043
2025; Jolicoeur-Martineau, 2025).044

Keywords: diffusion language models; masked diffu-045
sion; recursive reasoning; deep supervision; tiny mod-046

els; denoising; algorithmic generalization; knowledge 047
distillation. 048

1 Introduction 049

Large language models are predominantly trained as au- 050
toregressive models (ARMs), factorizing the joint dis- 051
tribution left-to-right (Vaswani et al., 2017). While ef- 052
fective, ARM decoding can be brittle in settings where 053
a single token error invalidates the output, and where 054
iterative global correction would be preferable. Com- 055
mon mitigations include chain-of-thought prompting 056
(Wei et al., 2022) and test-time compute via sampling 057
and selection, but these approaches can be expensive 058
and still fail on certain algorithmic puzzles (Jolicoeur- 059
Martineau, 2025; Wang et al., 2025). Two recent re- 060
search directions motivate this work. 061

Recursive reasoning with tiny networks. Hierarchi- 062
cal Reasoning Models (HRMs) and Tiny Recursive 063
Models (TRMs) demonstrate that small networks with 064
recursive computation and deep supervision can gener- 065
alize strongly on puzzle-like sequence tasks (e.g., Su- 066
doku, Maze, ARC-style grids) using only thousands 067
of examples (Wang et al., 2025; Jolicoeur-Martineau, 068
2025). TRMs in particular simplify the HRM design, 069
using a single tiny network, a latent “reasoning” state, 070
and iterative refinement of an “answer” state, along with 071
early halting without expensive auxiliary forward passes 072
(Jolicoeur-Martineau, 2025). 073

Language diffusion via masking. Masked diffusion 074
models (MDMs) define a forward process that indepen- 075
dently masks tokens and train a mask-predictor to ap- 076
proximate the reverse denoising process (Austin et al., 077
2021; Shi et al., 2024; Sahoo et al., 2024; Ou et al., 078
2024). The LLaDA model scales this paradigm to 079
large language modeling and shows competitive down- 080
stream performance, while providing flexible iterative 081
sampling via (re)masking strategies (Nie et al., 2025). 082

Goal. We aim to combine these ideas into an imple- 083
mentable and compute-constrained approach: a diffu- 084
sion language model whose denoising predictor is ex- 085
plicitly recursive in the TRM sense. This yields a Tiny 086
Recursive Language Diffusion Model that (i) supports 087
iterative denoising in the diffusion sampling loop, (ii) 088
maintains an explicit latent reasoning state across de- 089
noising iterations, and (iii) can be trained quickly on a 090
single H100 for algorithmic sequence benchmarks. 091
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Figure 1: Architecture diagram for our method.

Algorithm 1 TR-LDM Recursive Denoiser Core
Require: Embedded masked input x = e([p, rt]) ∈

RL×d; answer state y ∈ RL×d; reasoning state
z ∈ RL×d; inner steps n; tiny network Netθ.

Ensure: Updated states (y, z) and logits ℓ.
1: for k = 1 to n do ▷ latent (reasoning) recursion
2: z ← Netθ(x+ y + z)
3: end for
4: y ← Netθ(y + z) ▷ answer refinement
5: ℓ←Woy ▷ token logits for all positions
6: return (y, z, ℓ)

Algorithm 2 Deep Recursion Wrapper (TRM-style)
used within each denoising step
Require: x, y, z, inner steps n, deep recursion cycles

T .
Ensure: (y, z, ℓ), with gradients only through last cy-

cle.
1: for j = 1 to T − 1 do
2: no grad: (y, z, )← Core(x, y, z, n)
3: end for
4: (y, z, ℓ)← Core(x, y, z, n) ▷ with gradients
5: return (y, z, ℓ)

2 Contributions092

• Model: We introduce TR-LDM, a masked diffu-093
sion LM whose mask predictor is parameterized by094
a TRM-style recursive reasoning module with two095
persistent states: an answer state y and a reasoning096
state z (Jolicoeur-Martineau, 2025).097

• Training: We present two training regimes: (i) one-098
step masked diffusion training as in LLaDA (Nie099
et al., 2025); and (ii) deep-supervised denoising100
iterations (TR-LDM-DS), mirroring TRM deep su-101
pervision but aligned with diffusion denoising steps.102

• Algorithms: We provide implementable pseu-103

docode for training and sampling, including low- 104
confidence remasking (adapted from Nie et al., 2025; 105
Chang et al., 2022) and a lightweight halting head 106
(adapted from Jolicoeur-Martineau, 2025). 107

• Theory: We formalize the objective, relate it to a 108
known upper bound on negative log-likelihood for 109
masked diffusion (Shi et al., 2024; Sahoo et al., 2024; 110
Ou et al., 2024; Nie et al., 2025), and give conditions 111
under which truncated credit assignment across re- 112
cursive denoising steps incurs bounded error. 113

• Feasible compute recipe: We specify an H100- 114
hour training recipe (model size, tokenization, 115
batch sizes, recursion depths, and step counts) for 116
Sudoku-Extreme and Maze-Hard (Wang et al., 2025; 117
Jolicoeur-Martineau, 2025). 118

3 Related Work 119

Recursive reasoning and deep supervision. HRM 120
introduced recursive computation across two modules 121
and deep supervision for puzzle solving, with a fixed- 122
point and one-step-gradient motivation (Wang et al., 123
2025; Bai et al., 2019). TRM simplified this to a single 124
tiny network with explicit reasoning and answer states, 125
backpropagating through a full inner recursion and us- 126
ing deep recursion without relying on fixed-point as- 127
sumptions (Jolicoeur-Martineau, 2025). Our approach 128
adopts TRM-style state recursion but changes the gen- 129
erative paradigm from deterministic supervised predic- 130
tion to masked diffusion. 131

Discrete and masked diffusion models. Discrete dif- 132
fusion and masked diffusion define forward noising pro- 133
cesses in discrete spaces and train a denoiser to invert 134
them (Austin et al., 2021; Lou et al., 2023; Shi et al., 135
2024; Sahoo et al., 2024; Ou et al., 2024). MaskGIT 136
proposed masked iterative generation with heuristic ob- 137
jectives and sampling (Chang et al., 2022). LLaDA 138
trains a large masked diffusion LM under a principled 139
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Algorithm 3 TR-LDM-DS Training (deep supervision
over denoising iterations, optional)
Require: Dataset of prompt/response pairs (p, r0);

max denoising steps Nsup; schedule {ts} from 1
to 0; recursion hyperparameters (n, T ); optimizer.

1: for each minibatch {(p(b), r(b)0 )}Bb=1 do
2: Initialize r ← fully masked responses (all
[MASK]) of length Lr

3: Initialize states y ← e([p, r]), z ← 0
4: for s = 1 to Nsup do
5: Form input x← e([p, r])
6: (y, z, ℓ)← DeepRecursion(x, y, z, n, T )
7: Decode r̂ ← argmax softmax(ℓ) on re-

sponse positions
8: Compute masked-token setM← {i : ri =
[MASK]}

9: Compute LMDM onM using Eq. (3)
10: Optionally compute LKD using Eq. (8)
11: Compute Lhalt from match indicator 1[r̂ =

r0]
12: Backprop and update parameters using total

loss Eq. (9)
13: if hθ(y) > τ then break ▷ early halting
14: Update r via low-confidence remasking to

match next mask ratio ts+1

15: Detach y ← stopgrad(y), z ←
stopgrad(z)

16: end for
17: end for

likelihood surrogate and demonstrates competitive per-140
formance and flexible sampling (Nie et al., 2025).141

Non-autoregressive and bidirectional modeling.142
Masked prediction models such as BERT (Devlin et al.,143
2018) and any-order autoregressive models (Uria et al.,144
2014) motivate bidirectional conditioning. LLaDA ar-145
gues that diffusion models can capture LLM-like capa-146
bilities while mitigating certain ARM limitations (e.g.,147
reversal issues) (Nie et al., 2025; Berglund et al., 2023).148

Knowledge distillation. Distillation from large149
teachers to smaller students is standard for enabling150
tiny models (Hinton et al., 2015). In diffusion contexts,151
teacher guidance and distillation have been explored152
in continuous diffusion and discrete diffusion acceler-153
ation, including guidance and sampling improvements154
(Ho and Salimans, 2022; Schiff et al., 2024). We fo-155
cus on teacher distillation as a pragmatic mechanism156
to make recursive diffusion training stable and fast in157
low-data regimes.158

4 Problem Setup159

We consider conditional generation from a prompt p to160
a response r:161

r ∼ pθ(r | p).162

For algorithmic benchmarks (Sudoku, Maze, ARC-like163
grids), p and r are tokenized fixed-length sequences164

Algorithm 4 TR-LDM Sampling with Low-Confidence
Remasking
Require: Prompt p; response length Lr; sampling

steps N ; mask-ratio schedule t1 = 1 > t2 > · · · >
tN ≈ 0; recursion hyperparameters (n, T ).

1: r ← fully masked sequence of length Lr

2: y ← e([p, r]), z ← 0
3: for s = 1 to N do
4: x← e([p, r])
5: (y, z, ℓ)← DeepRecursion(x, y, z, n, T )
6: For each response position i:
7: if ri ̸= [MASK] then keep ri fixed (copy-

through)
8: else set ri ← argmaxv softmax(ℓi)v
9: Compute confidences ci ←

maxv softmax(ℓi)v
10: Remask the lowest-confidence fraction to

achieve mask ratio ts+1 (MaskGIT/LLaDA-style)
(Chang et al., 2022; Nie et al., 2025)

11: end for
12: return final r (optionally truncate at [EOS])

representing an input grid and an output grid/solution 165
(Wang et al., 2025; Jolicoeur-Martineau, 2025). For 166
general language, p and r are natural-language token 167
sequences. 168

We treat the concatenation x0 = [p, r] as a single 169
sequence of length L, but only the response segment 170
is eligible for masking and prediction, following super- 171
vised fine-tuning (SFT) practice for masked diffusion 172
LMs (Nie et al., 2025). 173

5 Proposed Method 174

5.1 Masked diffusion objective 175

Let r0 denote the clean response tokens and rt its 176
masked version at masking ratio t ∈ (0, 1]. In the 177
forward process, each response token is independently 178
masked with probability t: 179

qt|0(rt | r0) =
Lr∏
i=1

qt|0(r
i
t | ri0), (1) 180

qt|0(r
i
t | ri0) =

{
1− t, rit = ri0,

t, rit = [MASK],
(2) 181

where Lr is the response length (Nie et al., 2025; Ou 182
et al., 2024). 183

The mask predictor pθ(· | p, rt) outputs a categor- 184
ical distribution over the vocabulary for each masked 185
position. The standard masked diffusion training ob- 186
jective (used by LLaDA) is a reweighted cross-entropy 187
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on masked tokens:188

LMDM(θ) ≜ E(p,r0), t, rt

[
− 1

t Lr

Lr∑
i=1

1[rit = [MASK]]189

log pθ(r
i
0 | p, rt)

]
, (3)190

with t ∼ U(0, 1] (Nie et al., 2025; Shi et al., 2024;191
Sahoo et al., 2024).192

5.2 TR-LDM: a TRM-parameterized mask193
predictor194

The core change in TR-LDM is how we parameter-195
ize the mask predictor pθ. Following TRM (Jolicoeur-196
Martineau, 2025), we maintain two persistent latent se-197
quences:198

• an answer state y ∈ RL×d, intended to represent199
the model’s current clean guess for x0 = [p, r0] (in200
practice, only the response segment is read out and201
evaluated); and202

• a reasoning state z ∈ RL×d, intended to store203
intermediate reasoning analogous to latent chain-204
of-thought, but never decoded directly (Jolicoeur-205
Martineau, 2025).206

Let e(·) be the token embedding map, and let x ≜207
e([p, rt]) be the embedded masked input. We define208
a single tiny network Netθ : RL×d → RL×d (e.g., a209
2-layer Transformer block) that is reused recursively:210

z ← Netθ(x+ y + z) (latent update), (4)211

y ← Netθ(y + z) (answer update). (5)212

We perform the latent update n times before the answer213
update, mirroring TRM (Jolicoeur-Martineau, 2025).214
The logits for token prediction are produced by an out-215
put head Wo applied to the answer state:216

ℓ = Woy ∈ RL×|V|,217

and pθ(· | p, rt) is the softmax of ℓ on response posi-218
tions.219

Why two states? TRM argues that carrying both y220
(current answer) and z (reasoning) is minimal and bene-221
ficial: without y, z must encode the full answer; without222
z, the model lacks persistent reasoning state (Jolicoeur-223
Martineau, 2025). We adopt this rationale but place it224
within a diffusion denoising loop.225

5.3 Deep recursion and deep supervision over226
denoising227

TRM uses deep recursion (multiple forward-only recur-228
sion cycles, then one backpropagated cycle) to emulate229
large depth at low memory cost (Jolicoeur-Martineau,230
2025). We adopt the same idea inside each denoising231
iteration:232

• Run T − 1 recursion cycles without gradients to 233
improve (y, z). 234

• Run one recursion cycle with gradients, compute 235
logits and losses, and detach (y, z) for the next de- 236
noising iteration. 237

We then optionally add deep supervision across de- 238
noising iterations (TR-LDM-DS): for each training ex- 239
ample, we start from a highly masked response and 240
iteratively denoise for up to Nsup steps, applying losses 241
at each step, with early halting to reduce computation 242
(Section 5.4). 243

5.4 Halting head for early stopping 244

To control compute, we add a lightweight halting head 245
hθ(y) ∈ (0, 1), trained with a binary cross-entropy 246
target indicating whether the current decoded answer 247
matches the ground truth, following TRM’s simplified 248
halting mechanism (Jolicoeur-Martineau, 2025). This 249
avoids HRM’s Q-learning style ACT that requires extra 250
forward passes (Wang et al., 2025; Jolicoeur-Martineau, 251
2025). 252

Formally, let r̂ be the decoded response (argmax on 253
response positions). Define corr ≜ 1[r̂ = r0]. We add: 254

Lhalt(θ) ≜ E[−corr log hθ(y) (6) 255

− (1− corr) log(1− hθ(y))]. (7) 256

5.5 Optional teacher distillation 257

To accelerate training, we allow distillation from a 258
teacher pϕ(· | p, rt), where ϕ may correspond to: 259

• a pretrained masked diffusion LM (e.g., an existing 260
MDM checkpoint) (Nie et al., 2025); or 261

• an autoregressive LLM adapted to provide to- 262
ken distributions for masked positions via pseudo- 263
likelihood or fill-in-the-middle prompting (Devlin 264
et al., 2018; Uria et al., 2014). 265

We use KL distillation on masked positions: 266

LKD(θ) ≜ E

[
1

t Lr

Lr∑
i=1

1[rit = [MASK]] 267

KL(pϕ(· | p, rt) ∥ pθ(· | p, rt, y, z))

]
.

(8)

268

The full objective is: 269

L(θ) = LMDM(θ)+λhaltLhalt(θ)+λKDLKD(θ). (9) 270

6 Detailed Algorithms 271

We now provide implementable pseudocode for the core 272
recursive denoiser, training, and sampling. 273

6.1 Recursive denoiser core 274

We show detailed algorithm in 1. 275
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Model EM (%) Valid (%) Optimal (%)
Vanilla Transformer 33.4 46.0 36.4
TRM
(No Diffusion) 26.0 33.6 30.0
Random Remask
(no recursion) 49.4 68.0 59.8
TR-LDM
(Baseline; nrec=2,
Tdeep=1) 67.2 76.4 72.6

Table 1: 20×20 Maze results (20K training steps).
EM: exact match of full output path. Valid: valid path
produced. Optimal: path matches the optimal solution.

Configuration EM (%) Valid (%) Optimal (%)
Baseline (both y and z) 67.2 76.4 72.6
No reasoning state (No z) 0.0 0.0 0.0
No answer state (No y) 31.0 49.2 44.2

Table 2: Component ablations on 20×20 Maze. Re-
moving the reasoning state z collapses performance;
removing y degrades to near-transformer-level.

6.2 Deep recursion inside one denoising iteration276

We show detailed algorithm in 2.277

6.3 Training with optional deep-supervised278
denoising iterations279

We show detailed algorithm in 3.280

6.4 Sampling (reverse process) with281
low-confidence remasking282

We show detailed algorithm in 4.283

7 Explanation of Algorithm Steps284

This section provides implementation-level guidance285
for the algorithms above.286

7.1 Tokenization and sequence layout287

We recommend representing each problem as a fixed-288
length token sequence with a small vocabulary:289

• Sudoku: digits 0–9 with 0 for blanks, plus separators290
if needed; length 81 (or 81 plus structural tokens).291

• Maze: tokens for wall/free/path markers; lengthH×292
W (e.g., 20× 20 = 400).293

• ARC-style grids: colors 0–9; similarly length294
H ×W ; demonstrations can be concatenated with295
delimiter tokens (Chollet, 2019; Chollet et al., 2025).296

The concatenated sequence [p, r] can be formed by plac-297
ing the input grid (prompt) first and the target grid (re-298
sponse) second, with delimiter tokens if required.299

7.2 State initialization300

At the start of a denoising run (training or sampling),301
initialize:302

r ← [MASK]Lr , y ← e([p, r]), z ← 0.303

This mirrors diffusion sampling (start from fully noised) 304
while giving the model an explicit answer state. 305

7.3 Inner recursion 306

Algorithm 1 runs n latent updates before one answer 307
update. In code, this is a short loop with shared weights 308
(no parameter growth). This is the main mechanism that 309
provides iterative reasoning capacity without increasing 310
model size (Jolicoeur-Martineau, 2025). 311

7.4 Deep recursion without backprop through all 312
cycles 313

Algorithm 2 performs T − 1 cycles with gradients dis- 314
abled, then one cycle with gradients. This is memory- 315
efficient and aligns with TRM’s approach to approxi- 316
mate very deep computation without BPTT (Jolicoeur- 317
Martineau, 2025). 318

7.5 Denoising-step supervision and halting 319

TR-LDM-DS (Algorithm 3) uses multiple denoising 320
steps per minibatch, each with its own parameter up- 321
date, and an early-stopping criterion via a halting head 322
trained to predict correctness. This is directly inspired 323
by TRM’s deep supervision loop but adapted to diffu- 324
sion denoising iterations (Jolicoeur-Martineau, 2025). 325
In practice, you should cap Nsup and use a conservative 326
halting threshold τ to avoid premature stops early in 327
training. 328

7.6 Low-confidence remasking 329

Low-confidence remasking (Algorithm 4) is essential to 330
make parallel masked generation stable (Chang et al., 331
2022; Nie et al., 2025). The heuristic is: after predict- 332
ing tokens, remask a subset with lowest confidence to 333
maintain a controlled mask ratio and allow correction 334
in later steps. 335

8 Theoretical Results 336

We present theoretical statements that motivate the ob- 337
jective and the recursive design. 338

8.1 Likelihood surrogate bound 339

Theorem 1 (Masked diffusion loss upper-bounds neg- 340
ative log-likelihood). Let pθ be a model distribution 341
induced by an approximate reverse process parameter- 342
ized by a mask predictor trained with Eq. (3). Under 343
the standard masked diffusion construction, the objec- 344
tive LMDM(θ) is an upper bound on the negative log- 345
likelihood−E(p,r0)∼pdata

log pθ(r0 | p) (up to constant 346
factors determined by the discretization and masking 347
construction). 348

Discussion. This statement follows existing theory for 349
masked diffusion / absorbing discrete diffusion objec- 350
tives (Shi et al., 2024; Sahoo et al., 2024; Ou et al., 2024) 351
and is explicitly used in LLaDA (Nie et al., 2025). In 352
TR-LDM, we change the parameterization of the mask 353
predictor but keep the same objective, so the bound 354
continues to apply. 355
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Configuration EM (%) Valid (%)
Baseline (nrec=2, T=1) 67.4 76.4
Deeper recursion (nrec=4) 0.0 0.0
Deeper recursion (nrec=6) 0.0 0.0
Deep computation (T=2) 0.0 0.0
Deep computation (T=3) 0.0 0.0

Table 3: Depth and recursion ablations on 20×20 Maze.
Increasing recursion depth (nrec ≥ 4) or compute depth
(T ≥ 2) collapses to 0% in this suite.

Model Valid (%) Exact Fit (%)
Vanilla (baseline) 31.9 0.0
TRM 46.8 4.0
TR-LDM(fixed; reset z every=1) 50.3 7.4

Table 4: Sudoku-Extreme (81 cells), 20k steps, tiny
Transformer (256d, 4L). TR-LDM uses 2-step unroll
during training and 32-step unroll during inference with
periodic state reset.

8.2 Convergence of latent recursion under356
contraction357

Proposition 1 (Contraction implies fast convergence of358
reasoning state). Fix an embedded masked input x and359
answer state y. Suppose the latent-update operator360

F(z) ≜ Netθ(x+ y + z)361

is anα-contraction in z under some norm, i.e., ∥F(z)−362
F(z′)∥ ≤ α∥z − z′∥ for all z, z′, with α < 1. Then363
the n-step latent recursion in Algorithm 1 converges to364
a unique fixed point z⋆ and satisfies:365

∥z(n) − z⋆∥ ≤ αn∥z(0) − z⋆∥.366

Discussion. This provides a clean condition under367
which increasing n yields diminishing returns, moti-368
vating small n in compute-constrained settings. Unlike369
HRM’s fixed-point assumption (Wang et al., 2025), TR-370
LDM does not require convergence for correctness; it371
simply benefits when the recursion behaves contrac-372
tively in practice (Jolicoeur-Martineau, 2025).373

8.3 Bounded error from truncated credit374
assignment across denoising steps375

Proposition 2 (Detaching across denoising steps yields376
bounded gradient bias under contraction). Consider377
Nsup denoising iterations with state updates (ys, zs) 7→378
(ys+1, zs+1). Suppose the state transition is contrac-379
tive with factor α < 1 in the sense that perturbations in380
(ys, zs) influence (ys+k, zs+k) with magnitude at most381
αk. Then the difference between (i) full backpropa-382
gation through all Nsup denoising steps and (ii) the383
TR-LDM-DS training rule that detaches states between384
steps is bounded by a geometric tail:385

∥∇θLfull −∇θLdetached∥386

≤ C

Nsup−1∑
k=1

αk = C
α(1− αNsup−1)

1− α
, (10)387

for a constant C depending on Lipschitz properties of 388
the loss and network. 389

Discussion. This proposition provides a formal justifi- 390
cation for TRM-style deep supervision without BPTT 391
when the recursive dynamics are stable. It parallels the 392
intuition behind truncated-gradient methods and deep 393
equilibrium approximations (Bai et al., 2019), but we 394
emphasize that TR-LDM does not rely on fixed-point 395
guarantees; rather, it benefits when contraction approx- 396
imately holds. 397

9 Numerical Experiments 398

9.1 Experimental Setup 399

We evaluate TR-LDM on algorithmic sequence bench- 400
marks where outputs are brittle (a single wrong to- 401
ken can invalidate the full solution) and where iterative 402
global correction is desirable. Our goals are: (i) test 403
whether TRM-style latent recursion improves masked 404
diffusion denoising, (ii) quantify the role of the an- 405
swer/reasoning states (y, z), and (iii) characterize sta- 406
bility vs. compute controls (inner recursion n, deep 407
recursion T , and denoising steps). We target algorith- 408
mic tasks with short, fixed-length sequences and small 409
vocabularies, enabling large batches. A feasible con- 410
figuration is: 411

• Parameters: 5–20M (2-layer Transformer, d = 512, 412
8 heads, SwiGLU, RMSNorm, RoPE) (Vaswani 413
et al., 2017; Zhang and Sennrich, 2019; Shazeer, 414
2020; Su et al., 2024). 415

• Inner recursion: nrec ∈ {2, 4, 6, 8} latent updates; 416
deep recursion T ∈ {1, 2, 3} (Jolicoeur-Martineau, 417
2025). 418

• Denoising steps: Nsup ≤ 8 with early halting; aver- 419
age steps typically far lower when the task is easy. 420

• Optimizer: AdamW (Loshchilov and Hutter, 2017), 421
bf16 mixed precision, EMA for stability (Brock et al., 422
2018; Jolicoeur-Martineau, 2025). 423

• Total steps: ≈20k optimizer updates for Su- 424
doku/Maze experiments; total token throughput is 425
small enough to fit in an hour on a single H100 GPU 426
for these sequence lengths. 427

We provide a more explicit budget estimate in Ap- 428
pendix B. 429

9.2 Benchmarks 430

We adopt the puzzle-style benchmarks emphasized by 431
TRM: 432

• Sudoku-Extreme: difficult 9×9 Sudoku instances 433
with limited training examples (Wang et al., 2025; 434
Jolicoeur-Martineau, 2025). 435

• Maze-Hard: 9×9 and 20×20 mazes with long 436
shortest paths (Lehnert et al., 2024; Wang et al., 437
2025; Jolicoeur-Martineau, 2025). 438
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Model / Setting Valid (%) Optimal (%) Mean Len. Ratio
Vanilla 86.2 78.3 0.906
TR-LDM (2D+Weighted; default) 83.2 74.5 0.837
TR-LDM (nrec=8, sweep; d=256, lr= 10−4) 89.8 89.2 0.905
TR-LDM (nrec=16, d=256, lr= 10−4) 81.0 80.4 0.824
TR-LDM (nrec=32, d=256, lr= 10−4) 60.8 59.2 0.619
TR-LDM (nrec=4, d=256, lr= 10−4) 89.1 88.2 0.899
TR-LDM (nrec=4, d=256, lr= 3×10−4) 82.6 81.6 0.833
TR-LDM (nrec=8, d=128, lr= 3×10−4) 48.9 35.9 0.497
TR-LDM (nrec=8, d=128, lr= 10−4) 24.9 18.4 0.255
TR-LDM (nrec=4, d=512, lr= 10−4) 74.6 72.9 0.748
TR-LDM (nrec=2, d=512, lr= 3×10−4) 7.6 5.4 0.077

Table 5: Maze 9×9 with 2D learnable positional embeddings and weighted loss (Path weight=10.0) and T = 2
for all. TR-LDM models use 2-step unroll during training, 32-step unroll during inference, and reset z every=1.
Best overall is nrec=8, lr= 10−4, d = 256; nrec=4 is nearly as strong with lower compute.

9.3 Baselines439

• Direct prediction: non-recursive supervised model440
predicting r0 in one pass (Transformer/MLP).441

• TRM supervised: TRM as in Jolicoeur-Martineau442
(2025) (deterministic supervised, not diffusion).443

• Masked diffusion without recursion: an LLaDA-444
style mask predictor of similar parameter count,445
trained with Eq. (3) but without y, z recursion (Nie446
et al., 2025). See Table 1.447

• TR-LDM: recursive mask predictor trained with448
one- or multi-step diffusion objective.449

9.4 Ablations450

• Remove reasoning state z (only y). In Table 2, we451
observe that remvoing the latent reasoning state ’z’452
results in 0.0% accuracy confirming its essential role453
in the recursive process.454

• Remove answer state y (only z; decode from z). In455
same Table 2, we observe that removing ‘y‘ (train-456
ing only on final verification) drops performance to457
31.0%, showing ‘y‘ provides a useful intermediate458
learning signal but ‘z‘ is the primary driver of capa-459
bility.460

• Vary inner recursion nrec ∈ {2, 4, 8} and deep461
recursion T ∈ {1, 2, 3}. In Table 5, we observe462
that the deeper recurrence does not necessarily im-463
prove performance on 9×9 mazes, the best rest result464
is for nrec = 8. More one this experiment later.465
In Table 3 we observe performance collapses on466
20×20, indicating that optimal recursion depth is467
scale-dependent: smaller grids tolerate and benefit468
from deeper refinement, while larger grids require469
conservative recursion to maintain latent stability.470

• Random remask (No recursion) (Chang et al.,471
2022; Nie et al., 2025). In Table 1, we consider472
a masked diffusion model using iterative remasking473
but without recursive latent states. While it improves474
over the vanilla Transformer (49.4% EM), it under-475
performs TR-LDM, indicating that remasking alone476

cannot capture global structure without explicit rea- 477
soning recurrence. 478

9.5 Maze (9×9): 2D embeddings + weighted path 479
loss 480

To address topological discontinuities in maze-path out- 481
puts, we augment the maze denoiser with (i) 2D learn- 482
able positional embeddings and (ii) a weighted token 483
loss that upweights path tokens (weight= 10). We eval- 484
uate on 9×9 mazes using a tiny Transformer (d=256, 4 485
layers, 8 heads) with recursive unrolling (2-step during 486
training; 32-step during inference; reset z every=1). 487
Table 5 summarizes performance (Valid, Optimal, and 488
mean length ratio). With this setup, moderate re- 489
currence improves performance over the vanilla base- 490
line: nrec=8 achieves the best overall results (89.8% 491
Valid, 89.2% Optimal), while nrec=4 is nearly as 492
strong (89.1% Valid) at lower compute. Increasing 493
recurrence beyond this regime degrades performance 494
(nrec=16, 32), and optimization is highly sensitive to 495
the learning rate (e.g., larger LR causes collapse for 496
deeper recurrences). Reducing width to d=128 signif- 497
icantly harms performance, while increasing to d=512 498
also degrades under this data/compute budget. 499

9.6 Training details 500

A concrete, implementable recipe: 501

• Model: 2-layer Transformer, d = 512, 8 heads, FFN 502
dim 2048, RMSNorm, SwiGLU, RoPE (Vaswani 503
et al., 2017; Zhang and Sennrich, 2019; Shazeer, 504
2020; Su et al., 2024). 505

• Parameters: ≈7–15M depending on vocab and 506
heads. 507

• Batch: 1024–4096 (Sudoku), 256–512 (Maze, due 508
to longer sequences), bf16. 509

• Steps: 20k optimizer updates. 510

• Recursion: nrec = 4, T = 2, Nsup = 8max, halting 511
threshold τ = 0.9; early in training, clamp min steps 512
to 2 to avoid premature halting. 513
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• Optimizer: AdamW (Loshchilov and Hutter, 2017),514
LR 1e-3 with 200-step warmup, weight decay 0.1;515
EMA 0.999 (Brock et al., 2018; Jolicoeur-Martineau,516
2025).517

This configuration is designed for rapid convergence in518
low-data puzzle settings (Appendix B).519

10 Discussion520

Why diffusion for puzzles? Although puzzle tasks521
are often deterministic, diffusion provides a natural it-522
erative editing process: partial solutions can be refined523
globally, and errors can be overwritten in later denoising524
steps. This is complementary to TRM-style recursion,525
which improves an internal solution estimate iteratively526
(Jolicoeur-Martineau, 2025).527

Why recursion inside diffusion? A standard masked528
diffusion LM predicts masked tokens from a single for-529
ward pass. TR-LDM introduces an explicit recurrent530
state z that can store intermediate reasoning across de-531
noising steps, and an answer state y that is iteratively532
improved. This mirrors how TRM achieves strong gen-533
eralization with tiny networks: iterative computation534
substitutes for parameters (Jolicoeur-Martineau, 2025).535

Future work. Efficiency improvements (e.g., block536
diffusion (Arriola et al., 2025), distillation of sampling537
steps) and broader language benchmarks are natural538
extensions. Another direction is to unify halting with539
adaptive sampling schedules and formalize the interplay540
between recursion depth and denoising steps.541

11 Limitations.542

First, diffusion sampling can be slower than autoregres-543
sive decoding for long sequences, and KV caching does544
not directly apply (Nie et al., 2025). Second, deep-545
supervised denoising iterations add training complex-546
ity.547

Stability on natural language. While TR-LDM is548
designed for short, fixed-length, low-vocabulary algo-549
rithmic tasks, preliminary experiments on TinyStories550
indicate that naı̈vely applying recursive masked diffu-551
sion to large-vocabulary natural language modeling can552
be unstable. In an auxiliary trial, an aggressive learn-553
ing rate led to early training collapse and empty gen-554
erations, and stable training was only achieved after555
substantially reducing the learning rate and disabling556
multi-step denoising. Even under stable settings, the557
resulting perplexity remains far from competitive with558
standard language models. This suggests that scaling559
TR-LDM to general language modeling likely requires560
additional stabilization mechanisms (e.g., improved ini-561
tialization, normalization or gating of recursive states,562
and curriculum or teacher-guided training), which we563
leave to future work.564

12 AI Usage 565

We have used chatGPT plus 5.2 version for help with 566
technical writing and polishing and organizing the writ- 567
ing. 568

13 Conclusion 569

We introduced TR-LDM, a Tiny Recursive Language 570
Diffusion Model that combines masked diffusion lan- 571
guage modeling (Nie et al., 2025) with TRM-style recur- 572
sive reasoning states and deep supervision (Jolicoeur- 573
Martineau, 2025). TR-LDM is designed to be imple- 574
mentable under tight compute constraints and offers 575
a principled, iterative correction mechanism suitable 576
for brittle algorithmic sequence outputs. We provided 577
complete training and sampling algorithms, theoretical 578
motivation. 579

Ethical Statement 580

Diffusion language models raise many of the same soci- 581
etal risks as ARMs: generating misleading or harmful 582
content, reproducing biases present in training data, and 583
enabling misuse at scale (Nie et al., 2025). While our 584
work focuses on small models and algorithmic bench- 585
marks, the methods could be extended to broader text 586
generation. We recommend standard mitigation prac- 587
tices: careful dataset curation and filtering, bias evalu- 588
ation, red-teaming for misuse scenarios, and transpar- 589
ent reporting of model limitations. Compute and envi- 590
ronmental impact are reduced relative to training large 591
models from scratch by targeting tiny architectures and 592
short training runs, but any deployment should still con- 593
sider energy usage and efficiency. 594

Reproducibility Statement 595

To ensure reproducibility, we recommend releas- 596
ing: (i) code for tokenization and dataset genera- 597
tion/augmentation; (ii) full hyperparameters including 598
recursion settings (n, T ) and denoising steps N ; (iii) 599
random seeds and deterministic settings; (iv) model 600
checkpoints and EMA variants; (v) scripts for evalu- 601
ation and remasking strategies; and (vi) logs of wall- 602
clock time and GPU type. Appendix C enumerates all 603
key settings required to replicate the proposed experi- 604
ments on a single H100. 605

A Implementation Details 606

A.1 Architecture 607

We recommend the following tiny Transformer block 608
for Netθ: 609

• Pre-norm with RMSNorm (Zhang and Sennrich, 610
2019). 611

• Multi-head self-attention (no causal mask) (Vaswani 612
et al., 2017). 613

• RoPE positional encoding (Su et al., 2024). 614
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• SwiGLU FFN (Shazeer, 2020).615

For Sudoku-like fixed-length grids where L is small,616
an MLP-mixer-style token mixing block may be com-617
petitive (Tolstikhin et al., 2021; Jolicoeur-Martineau,618
2025).619

A.2 Copy-through constraint620

During sampling, unmasked response tokens should be621
preserved exactly (Algorithm 4). This is essential for622
conditioning correctness and aligns with masked dif-623
fusion reverse transitions (Ou et al., 2024; Nie et al.,624
2025).625

B Compute Budget Estimate626

We provide an order-of-magnitude estimate using the627
common 6ND proxy for training FLOPs (Kaplan et al.,628
2020; Hoffmann et al., 2022; Nie et al., 2025), where629
N is the number of non-embedding parameters and630
D is the number of tokens processed in training. For631
example, with:632

• N = 10M non-embedding parameters,633

• Sudoku sequence length L ≈ 200 tokens634
(prompt+response),635

• batch size B = 2048,636

• 3000 updates,637

the total token count is D ≈ 2048 × 200 × 3000 ≈638
1.23 × 109 tokens, and the proxy FLOPs is ≈ 6 ×639
107 × 1.23× 109 ≈ 7.4× 1016 FLOPs. With bf16 on640
an H100, this is consistent with a single-hour training641
budget when accounting for non-ideal utilization, es-642
pecially since (i) many tokens are prompt-only and (ii)643
early halting reduces the average number of denoising644
steps in TR-LDM-DS.645

C Recommended Hyperparameters for646

Proposed Experiments647

• Optimizer: AdamW (Loshchilov and Hutter, 2017),648
β1 = 0.9, β2 = 0.95, weight decay 0.1.649

• LR schedule: linear warmup 200 steps to 1e-3; co-650
sine decay to 1e-4 by end.651

• EMA: 0.999 for model weights (Brock et al., 2018;652
Jolicoeur-Martineau, 2025).653

• Recursion: n = 4 latent updates, T = 2 deep re-654
cursion cycles, Nsup = 8 maximum denoising steps655
with halting.656

• Sampling: N = 32 steps for Sudoku, N = 64 for657
Maze; low-confidence remasking.658

• Seeds: report mean/std over 3 seeds.659

D Proofs 660

D.1 Proof of Theorem 1 661

Proof. Fix a prompt p and write x0 ≜ r0 ∈ VLr for 662
the clean (ground-truth) response sequence. We use a 663
standard absorbing masking diffusion realization of the 664
marginal corruption qt|0(xt | x0) in Eq. (3). 665

Step 1: An absorbing (Markov) forward process 666
with the same marginals. Let 0 = t0 < t1 < 667
· · · < tK = 1 be a time grid (for simplicity, take 668
tk = k/K). Define a Markov forward chain (xtk)

K
k=0 669

where each coordinate is independently absorbed into 670
[MASK] and then stays [MASK] forever: for each posi- 671
tion i ∈ {1, . . . , Lr}, we have basically 672

q
(
xi
tk

= [MASK] | xi
tk−1
̸= [MASK]

)
= αk, 673

q
(
xi
tk

= [MASK] | xi
tk−1

= [MASK]
)
= 1, 674

with αk ≜ tk−tk−1

1−tk−1
. A short calculation shows that the 675

resulting marginal satisfies 676

q(xi
tk

= [MASK] | xi
0) = tk, 677

q(xi
tk

= xi
0 | xi

0) = 1− tk 678

hence q(xtk | x0) matches the independent masking 679
corruption in Eq. (3) (at times t = tk). Moreover, at 680
tK = 1 we have xtK = [MASK]Lr deterministically. 681

Step 2: Variational bound (ELBO) for the reverse 682
model. Define the generative (reverse) model as fol- 683
loows 684

pθ(x0 | p) =
∑

xt1
,...,xtK

p(xtK )

K∏
k=1

pθ(xtk−1
| p, xtk), 685

with prior p(xtK ) = δ[MASK]Lr . The standard diffu- 686
sion variational identity yields the evidence lower bound 687
(ELBO): 688

log pθ(x0 | p) ≥ Eq(xt1:K |x0)[log p(xtK ) 689

+

K∑
k=1

log pθ(xtk−1
| p, xtk) 690

−
K∑

k=1

log q(xtk | xtk−1
). 691

Rearranging and using nonnegativity of KL-divergence 692
gives the standard upper bound on NLL we have 693

− log pθ(x0 | p) ≤ KL
(
q(xtK | x0) ∥ p(xtK )

)︸ ︷︷ ︸
=0 since both are δ

[MASK]Lr

694

+

K∑
k=1

Eq

[
KL

(
q(xtk−1

| xtk , x0)
∥∥ pθ(xtk−1

| p, xtk)
)]

.

(11)

695
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Step 3: Closed form of the true reverse conditionals696
for absorbing masking. Because the forward process697
is coordinate-wise and absorbing, the true reverse con-698
ditional factorizes over positions. For any coordinate699
i:700

• If xi
tk
̸= [MASK], then necessarily xi

tk−1
= xi

tk
701

deterministically.702

• If xi
tk

= [MASK], then xi
tk−1

is either already703

[MASK] or equal to xi
0. A direct computation using704

tk = P(xi
tk

= [MASK]) gives705

q(xi
tk−1

= [MASK] | xi
tk

= [MASK], xi
0) =

tk−1

tk
,706

q(xi
tk−1

= xi
0 | xi

tk
= [MASK], xi

0) =
tk − tk−1

tk
.707

Step 4: Standard reverse parameterization and re-708
duction to masked cross-entropy. Under the stan-709
dard masked-diffusion parameterization, the reverse710
kernel uses the known mixture weights tk−1

tk
and pre-711

dicts only the unmasking distribution via a mask pre-712
dictor. Concretely, for each masked coordinate i we713
parameterize714

pθ(x
i
tk−1
| p, xi

tk
= [MASK], xtk) =

tk−1

tk
δ[MASK]715

+
tk − tk−1

tk
pθ(· | p, xtk).716

With this choice, the per-coordinate KL term becomes717

KL
(
q(xi

tk−1
| xi

tk
= [MASK], xi

0)
∥∥ pθ(xi

tk−1
| p, xtk)

)
718

=
tk − tk−1

tk

(
− log pθ(x

i
0 | p, xtk)

)
,719

and it is 0 when xi
tk
̸= [MASK]. Plugging this into (11)720

and summing over coordinates yields721

− log pθ(x0 | p)722

≤
K∑

k=1

Extk
∼q(·|x0)

[
tk − tk−1

tk
723 ∑

i: xi
tk

=[MASK]

(
− log pθ(x

i
0 | p, xtk)

)
. (12)724

Step 5: Connection to LMDM. If we take an equally725
spaced grid tk = k/K, then tk− tk−1 = 1/K and (12)726
becomes727

− log pθ(x0 | p)728

≤ Lr ·
1

K

K∑
k=1

Extk

[
− 1

tkLr
729 ∑

i: xi
tk

=[MASK]

log pθ(x
i
0 | p, xtk).730

The bracketed term is precisely the masked cross-731
entropy used in Eq. (3), and the average over k cor-732
responds to sampling t uniformly (discretely). Passing733

to the continuous-time limit (K →∞) yields the expec- 734
tation over t ∼ U(0, 1] in Eq. (3). Therefore, up to the 735
multiplicative factor Lr (and the usual discretization- 736
dependent constants), LMDM(θ) upper-bounds the con- 737
ditional negative log-likelihood − log pθ(r0 | p). Tak- 738
ing expectation over (p, r0) ∼ pdata completes the 739
proof. 740

E Sketch Proof of Proposition 2 741

Proof sketch. Let us ≜ (ys, zs) ∈ Rm denote the 742
stacked state at denoising step s. Write the (possibly 743
input-dependent) state transition as 744

us+1 = Fθ,s(us), s = 1, . . . , Nsup − 1, 745

where the dependence on the current masked se- 746
quence/prompt is absorbed into the index s (treated as 747
exogenous for differentiation). 748

Assume the per-step training objective is a sum (or 749
average) of step losses, 750

Lfull(θ) =

Nsup∑
s=1

ℓs(θ, us(θ)). 751

The detached objective corresponds to the same forward 752
recursion but applying stopgrad between steps, i.e., 753

udet
s+1 = Fθ,s

(
stopgrad(udet

s )
)
, 754

which is equivalent to truncating backpropagation- 755
through-time across denoising steps: when differ- 756
entiating ℓs(θ, us), gradients do not flow through 757
us−1, us−2, . . . . 758

Step 1: Expand the full gradient into path contribu- 759
tions. By repeated application of the chain rule, the 760
dependence of ℓs on parameters used ath the earliwe 761
steps t < s propagates through the Jacobians of the 762
transition maps. Let 763

Aj ≜
∂Fθ,j

∂u
(uj) ∈ Rm×m, 764

Bj ≜
∂Fθ,j

∂θ
(uj) ∈ Rm×dim(θ) 765

Then the contribution of parameters at step t to the loss 766
at step s > t can be written (up to standard transpose 767
conventions) in the schematic form 768

∆s,t ≜
(
∇uℓs(θ, us)

)(
As−1As−2 · · ·At+1

)
Bt, 769

1 ≤ t < s ≤ Nsup. 770

The full gradient contains these cross-step terms, while 771
the detached gradient discards them (because ut+1 is 772
treated as constant w.r.t. parameters used before step 773
t+ 1). Hence, 774

∇θLfull −∇θLdetached =

Nsup∑
s=2

s−1∑
t=1

∆s,t. 775
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Step 2: Use contraction to bound each cross-step in-776
fluence geometrically. Assume the stated contraction777
property in operator-norm form:778

∥Aj∥ ≤ α < 1 for all j,779

⇒
∥∥As−1 · · ·At+1

∥∥ ≤ α s−t−1.780

Assume also boundedness/Lipschitz-type controls781
(standard in such sketches):782

∥∇uℓs(θ, us)∥ ≤ L for all s, ∥Bt∥ ≤M for all t.783

Then by submultiplicativity,784

∥∆s,t∥ ≤ ∥∇uℓs∥ ∥As−1 · · ·At+1∥ ∥Bt∥785

≤ Lα s−t−1 M786

Let C absorb the step-uniform constants (e.g., C ≜787
LM , or C ≜ sups,t ∥∇uℓs∥ ∥Bt∥).788

Step 3: Sum the geometric tail. Therefore,789 ∥∥∇θLfull −∇θLdetached

∥∥790

≤
Nsup∑
s=2

s−1∑
t=1

∥∆s,t∥791

≤
Nsup∑
s=2

s−1∑
t=1

C α s−t−1.792

Grouping terms by the lag k ≜ s− t ∈ {1, . . . , Nsup−793
1} yields a geometric series in α. Up to absorbing794
any remaining horizon-dependent multiplicative factors795
into C (e.g., if losses are averaged across steps, or if796
one bounds using the maximum per-lag contribution),797
we obtain the advertised form as follows798 ∥∥∇θLfull −∇θLdetached

∥∥799

≤ C

Nsup−1∑
k=1

αk800

= C
α(1− αNsup−1)

1− α
801

This shows that under contraction, the gradient bias802
introduced by detaching across denoising steps is con-803
trolled by a geometric tail.804
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