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Abstract001

Although the Universal Transformer (UT) miti-002
gates the diminishing returns of standard LLM003
scaling by decoupling parameter count from004
depth, it remains constrained by linear compu-005
tational costs and rigid weight-sharing mech-006
anisms. These limitations lead to severe func-007
tional homogeneity, which subsequently in-008
duces over-smoothing, representation rank col-009
lapse, and degraded reasoning performance. In010
this work, we present the first systematic study011
of Compute Distribution Skew, identifying it012
as the primary driver of extrapolation failure.013
This is a pathological phenomenon in ultra-014
deep recurrent Transformers characterized by015
a disproportionate distribution of contributions016
across recurrent steps, resulting in distinct func-017
tional states during prefix and suffix process-018
ing phases. To address this challenge, we pro-019
pose the Polymorphic Transformer, which020
aims to achieve functional polymorphism and021
depth sparsity within a shared-parameter frame-022
work. By integrating conditional sparse sub-023
spaces, SiLU Attention, and an uncertainty-024
aware depth scheduler, our architecture miti-025
gates power-method collapse and effectively026
decouples logical depth from computational027
cost. Experiments demonstrate that our model028
significantly enhances representation rank and029
robustness, achieving complex reasoning per-030
formance comparable to baseline while reduc-031
ing computation by 64.7%.032

1 Introduction033

The precipitous rise of Large Language Models034

(LLMs) has been driven primarily by a steadfast035

adherence to Scaling Laws, in which performance036

gains are inextricably linked to the exponential037

expansion of parameter counts and training cor-038

pora (Kaplan et al., 2020). However, this scaling039

trajectory faces critical bottlenecks: hardware limi-040

tations, notably the memory wall, limit the deploy-041

ment efficiency of large-scale architectures (Gho-042

lami et al., 2024), while the depletion of high-043
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Figure 1: The Universal Transformer can cause rank
collapse in depth computation when repeatedly calling
the same set of parameters. The Polymorphic Universal
Transformer encourages the model to sample sub-states
of parameters in each computation and update the sparse
samples as the depth increases.

quality corpora suggests that naive scaling is ap- 044

proaching saturation (Villalobos et al., 2022; Gao 045

et al., 2025b). Consequently, further progress can 046

no longer rely on indiscriminate parameter growth. 047

The central challenge is to extend reasoning and 048

generalization without a commensurate increase in 049

model size, motivating a shift from extensive scal- 050

ing—adding more parameters—to intensive scal- 051

ing—extracting deeper computation from existing 052

weights. 053

In this pursuit, the Universal Transformer 054

(UT) (Dehghani et al., 2018) has re-emerged as 055

an attractive candidate for parameter-efficient scal- 056

ing. By recursively applying a single set of shared 057

parameters over multiple time steps, UTs decou- 058

ple model size from logical depth, theoretically 059

enabling the network infinite adequate depth and 060

Turing-completeness, making it suitable for com- 061

plex iterative reasoning. However, despite these 062

conceptual advantages, recursive architectures have 063

struggled to displace standard deep Transformers. 064

They face a persistent "depth paradox": in prac- 065

tice, UTs rarely match the performance of non- 066

recursive baselines with equivalent FLOPs (Tay 067

et al., 2023; Saunshi et al., 2025). This perfor- 068
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mance gap is further exacerbated by a linear O(L)069

growth in computational cost and KV cache re-070

quirements (Pope et al., 2023), where each ad-071

ditional recursive step incurs a uniform latency072

penalty, rendering deep recurrence practically in-073

tractable for latency-sensitive deployment.074

The scalability failure of current recursive075

paradigms arises from intrinsic structural degener-076

acy, rather than optimization artifacts. First, math-077

ematically, the repeated application of identical078

linear operators approximates the Power Method,079

forcing internal representations to converge rapidly080

toward their principal eigenvectors, systematically081

eroding the model’s expressive diversity as recur-082

sion depth increases. Second, a Compute Distribu-083

tion Skew exists: while shallow steps are pivotal084

for constructing global topology, deep steps often085

contribute marginally to residual refinement yet086

consume identical computational resources, result-087

ing in waste of FLOPs.088

To address these homogeneous bottlenecks, we089

propose the Polymorphic Transformer. Rather090

than enforcing strict isomorphism where the op-091

erator ft is identical to ft+1, we introduce Func-092

tional Polymorphism to induce functional diver-093

sity within shared weights. Specifically, by inte-094

grating Conditional Sparse Subspaces, the model095

dynamically activates distinct parameter submani-096

folds across recursion depths, modulating the oper-097

ator’s spectral properties and escaping the Power098

Method’s convergence trap without introducing ad-099

ditional parameters. To further mitigate rank col-100

lapse, we replace linear projections with nonlin-101

ear SiLU Attention, injecting macroscopic nonlin-102

earity directly into the token-mixing process. Fi-103

nally, to correct compute skew, we introduce Depth104

Sparsity, an entropy-guided heterogeneous sched-105

uler that allocates increased computation to high-106

uncertainty tokens while allowing low-entropy to-107

kens to exit early, thereby aligning computational108

expenditure with the non-uniform distribution of109

information density.110

Our comprehensive empirical evaluation con-111

firms that the Polymorphic Transformer resolves112

the tension between parameter efficiency and ex-113

pressive power. Across a suite of logic-intensive114

benchmarks, our architecture significantly outper-115

forms both standard Universal Transformers and116

depth-matched non-recursive baselines. Further-117

more, heterogeneous depth scheduling reduces la-118

tency without loss of accuracy by aligning adequate119

sparse computation with depth. These findings sug-120

gest a scalable paradigm where static parameters 121

support dynamic evolution. 122

2 Preliminaries 123

We formally define the architectural frameworks, 124

establishing notation for the standard causal Trans- 125

former and its recursive generalization, the Uni- 126

versal Transformer. This formulation distinguishes 127

spatial layer stacking from temporal recurrence, 128

framing the spectral analysis in Section 4. 129

2.1 Standard Transformer Architecture 130

Given an input token sequence x = (x1, . . . , xn), 131

we define an embedding function ϕ that maps dis- 132

crete tokens to d-dimensional continuous represen- 133

tations, and an unembedding function ψ that maps 134

final hidden states to output predictions. Let 135

H0 = ϕ(x) ∈ Rn×d (1) 136

denote the initial hidden representation. A 137

Transformer layer Tθ composes Multi-Head Self- 138

Attention (MHSA) and Feed-Forward Networks 139

(FFN) with residual connections: 140

Tθ(H) = H + FFN(LN(H ′ +H)),

H ′ = MHSA(LN(H)).
(2) 141

A standard model Mstd of depth L stacks layers 142

with distinct parameters, where the forward pass is 143

the composition: 144

Mstd(x) = ψ ◦ TθL ◦ · · · ◦ Tθ1 ◦ ϕ(x). (3) 145

2.2 Universal Transformer 146

The Universal Transformer decouples logical depth 147

from model size by iterating a shared layer Tθ. 148

Let H0 = ϕ(x). To distinguish iteration steps, 149

a depth embedding P (t) is injected at each step 150

t ∈ {1, . . . , T}: 151

Ht = Tθ(Ht−1+P (t)), yielding MUT(x) = ψ(HT ). (4) 152

Unlike the heterogeneous composition of standard 153

Transformers, this recurrence mirrors the Power 154

Method. In a linearized regime, repeated applica- 155

tion of Tθ drives Ht toward the operator’s domi- 156

nant eigenspace, inducing the rank collapse phe- 157

nomenon analyzed in Section 3. 158

3 Observation 159

3.1 Analysis of Universal Transformers 160

To quantify functional dynamics, we employ a 161

targeted causal tracing protocol on the ouro-1.4B 162
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Figure 2: Left: Attention vs. MLP causal importance across recurrence depth. Middle: Progressive sparsification
with loop count. Right: Ablation of the effects of different UT model components in ARG-AGI experiments

model (see Appendix B). The marginal importance,163

or Patch Effect (PE), of recurrent step r is defined164

as:165

PE(r) =
logitclean − logitpatched(r)

|logitclean|
. (5)166

Marginal Utility Collapse. Empirical results167

show that causal utility is strongly front-loaded:168

early recurrent depths contribute most, while later169

depths yield diminishing returns. This supports170

functional homogeneity under naive recurrence,171

where repeatedly applying an identical operator172

drives representations toward a stable subspace,173

making additional steps increasingly redundant.174

Attention Dominates MLP in Causal Contribu-175

tion. Module-level patching reveals a consistent176

gap between components: Attention exhibits sub-177

stantially larger mean PE than the MLP across178

depths (Figure 2 Left). This indicates that the ef-179

fective computation in deep recurrence is primarily180

mediated by attention-based token mixing, while181

the MLP plays a comparatively weaker refinement182

role. Importantly, both components decay with183

depth, implying that deeper loops do not reliably184

introduce new causal influence even for the domi-185

nant Attention pathway.186

3.2 Progressive Sparsification187

We further track stepwise statistics of hidden states188

to characterize how representations evolve across189

loops (methodology in Appendix B).190

Sparsity Amplification. As loop count increases,191

activations become progressively sparser (Figure 2192

Middle). Concretely, the representation distribution193

concentrates more mass near zero (e.g., a higher194

zero ratio and/or increased kurtosis), suggesting195

that more units become inactive while a small sub-196

set carries the remaining signal. This trend appears197

in both Attention and MLP pathways, indicating198

that sparsification is an emergent property of re-199

peated application of the shared operator rather200

than a module-specific artifact. 201

Functional Saturation. Taken together, the joint 202

picture suggests a tight coupling between dimin- 203

ishing causal utility and progressive sparsification: 204

deeper recurrence increasingly suppresses diverse 205

feature channels, pushing computation into a nar- 206

row set of active directions. Consequently, addi- 207

tional loops tend to reinforce a low-dimensional 208

regime instead of expanding representational ca- 209

pacity, limiting algorithmic generalization at depth. 210

3.3 The Critical Role of Nonlinearity 211

To isolate sources of expressive power, we conduct 212

a component-wise ablation study on the ARC-AGI 213

1 benchmark (experimental setup in Appendix C, 214

result demonstrated in Figure 2 Right). 215

Monotonic Performance Degradation. Table 4 216

demonstrates a strict decline in reasoning efficacy 217

as nonlinear capacity diminishes. The full model 218

achieves 53.75% pass@1. Weakening MLP activa- 219

tions significantly reduces performance to 29.75%, 220

while removing Attention Softmax induces catas- 221

trophic collapse to 2.00%. This confirms high sen- 222

sitivity to operator strength at each recurrent step. 223

Nonlinearity and Recursive Depth. We posit 224

that nonlinear mapping richness, rather than pa- 225

rameter count, drives performance in loop-based 226

reasoning. Strong operators are essential to prevent 227

the collapse of iterative steps into near-linear trans- 228

formations, sustaining the logical depth required to 229

synthesize complex abstractions. 230

4 The Polymorphic Transformer 231

Standard UT suffers from spectral degeneracy 232

(rank collapse under repeated shared operators) 233

and computational homogeneity (uniform recursion 234

across tokens). To address this, we introduce the 235

Polymorphic Transformer, which reinterprets re- 236

cursion as a structured traversal over an implicit op- 237
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Figure 3: Overview of the Polymorphic Universal Transformer (PUT) architecture. At each recurrent step,
PUT samples and activates sparse, conditional subspaces of the shared parameter set, enabling dynamic functional
diversity across depth. This polymorphic design prevents rank collapse and over-smoothing by ensuring that
different computation sub-states are used as depth increases. PUT maintains high-rank, expressive representations
and adaptively allocates compute, supporting deeper and more robust reasoning without increasing parameter count.

erator family. This is achieved via two core mecha-238

nisms: Functional Polymorphism (dynamic sub-239

spaces, see§4.1) and Depth Sparsity (adaptive ca-240

pacity, see §4.3).241

4.1 Functional Polymorphism via Conditional242

Sparse Subspaces243

Standard UT updatesHt = Tθ(Ht−1) behave like a244

Power Method, compressing states into a low-rank245

subspace. To preserve expressivity without extra246

parameters, we induce step-dependent functional247

variation. We replace the static FFN with a sparsely248

activated polymorphic module conditioned on re-249

cursion depth t and state Ht−1:250

Zpoly = σpoly(t,Ht−1)
(
Ht−1Wup + P(t)

)
,

FFNPoly(Ht−1) = ZpolyWdown,
(6)251

where P(t) is a learnable step embedding. This252

allows distinct functional realizations under shared253

parameters, mitigating spectral collapse. Further254

analysis are provided in Appendix F.255

4.2 Nonlinearity Enhancement256

We augment the architecture with two non-linear257

mechanisms to further preserve rank and capture258

local structure.259

SiLU Attention. To disrupt spectral contraction260
in the attention mechanism, we apply a post-261
projection nonlinearity:262

Ô = SiLU(O)⊙O, where O = Attn(Q,K, V ). (7)263

This parameter-free operation maintains convex264

token mixing yet alters contraction properties, em-265

pirically preserving higher-rank dynamics across 266

recursive steps. 267

Local Depth Convolution. We insert a causal 268

depthwise convolution within the FFN to enhance 269

local autoregressive modeling (Gao et al., 2025a): 270

U = Dropout
(

SiLU
(
Ũ + Conv1ddw(Ũ ;K)

))
, (8) 271

where Ũ denotes the FFN intermediate activations 272

and K the Conv1d kernel size. This adds local in- 273

ductive bias within each expert’s token sequence, 274

while remaining orthogonal to global attention. Im- 275

plementation details are in Appendix F. 276

4.3 Sparsity via Adaptive Regularization 277

Polymorphic ReLU Gating. We implement 278

depth-adaptive capacity allocation using continu- 279

ous ReLU gating instead of discrete Top-K routing. 280

The polymorphic projection becomes 281

σpoly(t,Ht−1) = ReLU
(
Ht−1Wgate + P(t)

)
,

FFNPoly(Ht−1) =
(
σpoly(t,Ht−1)⊙

(
Ht−1Wup

))
Wdown

(9) 282

where sparsity emerges naturally from ReLU 283

thresholding in the gating space. 284

Compute Distribution Skew. We impose a 285

power-law schedule κ(t) to reduce capacity at 286

deeper layers, reflecting a shift from feature ex- 287

pansion to refinement: 288

κ(t; γ) = κmin+(κmax−κmin) ·
(
1 +

t− 1

τ

)−γ

, γ > 0.

(10) 289
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Adaptive Regularization. To enforce the target290
sparsity, we augment the training objective with a291
step-wise ℓ1 penalty on gating activations:292

L = LLM +

T∑
t=1

λ
(t)
i L(t)

reg , L(t)
reg = Eb,l

[
∥R(b,l)

t ∥1
]
, (11)293

where Eb,l[·] denotes the empirical expectation294
over batch and sequence positions. The coefficient295

λ(t) is adjusted online to match the empirical spar-296
sity with κ(t):297

λ
(t)
i+1 = λ

(t)
i · αsign

(
S(t)
i −(1−κ(t))

)
. (12)298

This feedback loop stabilizes training and tightly299

couples computation to the prescribed depth-300

dependent budget. Full derivations are included301

in Appendix F.302

4.4 Discussion: The High-Attention Regime303

Defining the Attention Density Ratio as Dattn(t) =304
FLOPsattn

FLOPstotal(t)
, the monotonic decay of FFN capac-305

ity (κ(t)) implies ∂tDattn > 0. This enforces a306

structural transition: early steps prioritize local307

FFN synthesis, while deeper steps focus on global308

attention-based refinement. (see Appendix D for309

detailed implications).310

4.5 Unified Formulation311

We define the Polymorphic Universal Trans-312

former (PUT) update rule, which incorporates313

three additional improvements over the baseline:314

(1) Decoupled Boundaries. Prefix and suffix315

layers use independent parameters, separating se-316

mantic encoding/decoding from recurrent latent317

reasoning and maximizing representational capac-318

ity. (2) Continuous Additive Residuals. To319

counter rank collapse and ensure stable propaga-320

tion, we impose explicit residual connections at321

each step. (3) Global Load Balancing. We adopt322

an auxiliary-free batch-level strategy to avoid ex-323

pert saturation and maintain efficient budget uti-324

lization (Appendix E). The polymorphic core con-325

sists of AttnPoly (SiLU-gated attention, Eq. 7) and326

FFNPoly (sparsely activated module, Eq. 9), en-327

hanced with local convolution (Eq. 8).328

5 Experiments329

5.1 Baselines330

We instantiate models following LLaMA2 (Tou-331

vron et al., 2023) at 137M, 156M, and 500M scales.332

All variants share a training budget to isolate the ef-333

fects of depth computation (detailed configuration334

in Appendix G). Recurrent models are evaluated at 335

2×, 3×, and 4× the depth of Vanilla. (1) Vanilla 336

Transformer. Standard non-recursive causal base- 337

line. (2) Standard UT. Weight-sharing baseline 338

iterating a recurrent body with time-step encod- 339

ings. Computation is uniform across tokens with- 340

out depth adaptation. (3) UTMOE. A Universal 341

Transformer variant replacing dense FFNs with 342

MoE layers to decouple parameter count from ac- 343

tive compute, serving as a sparse recurrent base- 344

line. (4) PUT. Retains the UT structure but inte- 345

grates functional polymorphism (Section 4) and 346

uncertainty-aware depth sparsity (Section 4.3). Un- 347

like UT, it induces step-wise diversity and routes 348

only high-uncertainty tokens to deeper steps. 349

5.2 Result 350

Overall Performance and Depth Scaling. Ta- 351

ble 1 reports that PUT achieves the strongest av- 352

erage score under matched compute, consistently 353

surpassing standard UT across both Loop ×2 and 354

Loop ×4 regimes while remaining competitive 355

with depth-increased dense baselines. Importantly, 356

improvements persist as the number of thinking 357

steps increases: Figure 6 shows a monotonic accu- 358

racy gain with additional steps for PUT, whereas 359

UT exhibits weaker scaling and earlier saturation. 360

These trends support our central mechanism: func- 361

tional polymorphism sustains step-wise operator 362

diversity, enabling effective depth scaling without 363

degrading representations. Additional scaling re- 364

sults are summarized in Table 4. 365

Training Stability and Data Efficiency. Fig- 366

ure 4 (Left, Middle) compares loss and evalua- 367

tion perplexity during 50B-token pretraining. PUT 368

converges more smoothly and reaches lower per- 369

plexity than UT and the vanilla baseline at sim- 370

ilar compute. This behavior aligns with the de- 371

sign in Section 4: SiLU-based non-linear enhance- 372

ment and local depth convolution reduce itera- 373

tive contraction, while polymorphic gating varies 374

the active subspace across steps to mitigate over- 375

smoothing. These components improve data effi- 376

ciency by achieving better perplexity at the same 377

training budget. 378

Compute Allocation and Efficiency. Figure 4 379

(Right) shows that PUT dominates the perplexity– 380

FLOPs frontier across selection strategies. The 381

gain is amplified at higher loop counts, indicat- 382

ing that the model translates extra recursion into 383

measurable accuracy rather than redundant compu- 384
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Model-Params FLOPs PPL↓
Commonsense & Reading Comprehension Continued LM

Avg.
SciQ PIQA WG ARC-E ARC-C Hella. LogiQA BoolQ Lam.

Vanilla-Deep 1.00× 25.03 52.5 63.3 50.9 41.8 21.6 29.3 19.7 59.6 36.1 41.6
Depth ×2-197M 1.44× 22.20 53.0 63.7 51.8 42.1 25.1 31.5 20.7 54.3 41.4 42.6

Loop ×2
UT -Deep 1.44× 24.29 54.0 63.7 49.3 41.0 21.2 30.4 20.4 50.5 37.0 40.8
UTMoE ×2 -A138M 1.44× 23.50 53.8 63.9 51.5 41.9 22.0 30.8 21.5 57.5 38.2 42.3
PUT ×2 -A138M 1.29× 22.90 53.2 64.1 52.0 42.0 22.5 31.0 22.1 58.0 38.5 42.6

Loop ×4
UT-Deep 2.31× 23.57 52.5 63.0 53.0 42.1 21.9 30.5 17.7 54.9 39.2 41.6
UTMoE ×2-A138M 2.31× 22.80 53.5 63.5 52.8 42.3 23.0 31.2 20.5 59.0 40.1 42.8
PUT ×2-A138M 2.09× 22.31 53.7 63.8 52.9 42.8 22.8 31.4 21.8 60.2 40.5 43.3

Vanilla -Wide 1.00× 26.31 52.3 63.7 49.9 41.7 24.1 29.4 23.2 53.2 34.6 41.3
Depth-210M 1.34× 22.42 53.5 64.2 50.4 42.2 24.6 31.2 18.0 57.1 40.3 42.4

Loop ×2
UT -Wide 1.34× 25.03 51.7 63.4 50.0 41.1 21.4 30.6 21.7 58.4 35.5 41.5
UTMoE ×2-A156M 1.34× 23.81 54.0 64.0 50.1 41.7 22.4 30.8 22.7 58.6 37.7 42.4
PUT ×2-A156M 1.11× 22.87 52.2 64.6 50.4 41.2 21.9 31.7 21.9 58.0 37.4 42.7

Loop ×4
UT-Wide 2.03× 24.29 52.2 64.4 49.3 42.0 22.6 30.1 22.6 59.1 39.7 42.4
UTMoE ×2-A156M 2.03× 22.65 52.9 63.9 51.4 42.2 22.6 31.8 21.0 60.1 39.8 42.9
PUT ×2-A156M 1.57× 19.69 53.5 63.2 52.5 42.7 22.1 31.8 21.2 60.7 41.4 43.2

Table 1: Comprehensively evaluate the basic capabilities of models with different activated parameters. In particular,
PUT ×4-180M represents a model with 180M total parameters using PUT to think total 4 steps.

64.7% Training Budget

Figure 4: Left: Loss curves for 180M-models pre-trained on 50B tokens. Middle: Eval Perplexity curves for
180M-models pre-trained on 50B tokens. Right: Eval Perplexity for 240M-models with Training FLOPs.

tation. The learned step allocation is visualized in385

Figure 5 (Middle, Right): step encoding weights386

concentrate on earlier steps while preserving non-387

trivial mass at later steps, and router weights remain388

well-distributed across steps. This pattern matches389

the objective of depth sparsity in Section 4.3, where390

computation is concentrated when refinement is391

most beneficial.392

Depth Scaling Behavior. Figure 6 compares av-393

erage accuracy under increasing thinking steps after394

50B-token pretraining. Standard UT shows limited395

depth scalability: performance improves slightly at396

shallow depth and quickly saturates as recursion in-397

creases, consistent with spectral degeneracy under398

shared operators. UTMoE delays this saturation399

by introducing conditional computation, but the400

gains remain sublinear. In contrast, PUT exhibits a401

monotonic and sustained improvement as depth in-402

creases, with no visible saturation up to eight steps.403

The widening gap at larger depths indicates that 404

additional computation is effectively utilized rather 405

than becoming redundant. These results validate 406

that functional polymorphism preserves step-wise 407

operator diversity, enabling meaningful refinement 408

at greater recursion depth. 409

5.3 Ablation Studies 410

We ablate the modules introduced in Section 4 on 411

PUT ×4-156M after 150B-token pretraining. Ta- 412

ble 2 reports perplexity at matched compute, to- 413

gether with the dense and UT baselines. We addi- 414

tionally track spectral proxies and stepwise causal 415

contribution. More details in Appendix H. 416

Functional polymorphism. Removing func- 417

tional polymorphism yields the largest drop, in- 418

creasing perplexity from 19.69 to 23.89. This 419

confirms that step-invariant recurrence quickly be- 420

comes redundant under shared weights, while con- 421
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ditional activation sustains step-wise operator vari-422

ation and preserves late-step contribution. In our423

diagnostics, rank- and entropy-related measures424

deteriorate most sharply in this setting, indicating425

accelerated homogenization.426

SiLU Attention. Disabling SiLU Attention427

causes a smaller but consistent regression to 19.92.428

This supports the role of post-attention nonlinearity429

in counteracting contraction from repeated con-430

vex token mixing, helping maintain non-trivial dy-431

namics in later steps. We observe reduced deep-432

step contribution without SiLU, consistent with433

increased over-smoothing.434

Local depth convolution. Removing local depth435

convolution increases perplexity to 20.33. The436

effect is moderate yet stable, suggesting that the437

causal depthwise convolution provides an orthogo-438

nal locality bias that complements global attention439

and supports refinement under recurrence.440

Depth sparsity. Turning off depth sparsity both441

increases the compute and degrades quality:442

FLOPs rise from 3.29 to 4.70, while perplexity443

increases to 21.85. This aligns with our compute-444

skew diagnosis: uniform recursion wastes steps on445

easy tokens without improving uncertainty resolu-446

tion. Depth sparsity yields a better trade-off.447

Configuration FLOPs Perplexity ↓

PUT ×2-A156M (Loop×4) 1.57× 19.69

w/o Functional Polymorphism 1.57× 23.89 (+1.58)
w/o SiLU Attention 1.56× 19.92 (+0.23)
w/o Local Depth Convolution 1.56× 20.33 (+0.64)
w/o Depth Sparsity 1.57× 21.85 (+2.16)

PUT Router: ReLU 1.57× 19.69 ( - )
PUT Router: Top-K 1.55× 19.84 (+0.15)
PUT Loss: Auxloss 1.57× 20.06 (+0.37)

UT-156M (Loop×4) 1.57× 24.29 (+4.59)

Vanilla-156M 1.00× 25.03 (+5.34)

Table 2: Ablation study on PUT ×2-A156M
(Loop×4).Due to gradient distortion caused by depth,
PUT uses the Auxfree method with an 1e-2 update rate.

Routing and stabilization variants. Under iden- 448

tical FLOPs, Top-K routing is slightly worse than 449

the ReLU router baseline, and replacing our sta- 450

bilization with auxiliary loss further degrades per- 451

plexity to 20.06. These results indicate that con- 452

tinuous gating is sufficient for stable conditional 453

computation in our setting, while auxiliary load 454

balancing is not required. 455

5.4 Analysis 456

Transferable Depth Sparsity. Figure 6 shows 457

that Depth Sparsity functions as an active depth– 458

width exchange mechanism rather than a static con- 459

straint. By extending the recursive horizon T , PUT 460

front-loads computation at early steps, yielding an 461

effective FFN width at t=1 that exceeds the physi- 462

cal parameter scale and maximizes initial feature 463

expansion. As depth increases, local FFN capacity 464

is progressively reduced and traded for temporal 465

refinement, which is reflected by the monotonic 466

increase in Attention Density. This transition in- 467

dicates a smooth shift from high-capacity local 468

processing to dense integration of global context. 469

Overall, depth sparsity enables PUT to convert 470
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Figure 7: Sparsity and Attention Dynamics. Left/Center: Power-law decay of active FFN capacity () under varying
depths and budgets. Right: Complementary rise in attention density, illustrating the shift from capacity-heavy
expansion to context-heavy refinement.

temporal redundancy into a variable-width archi-471

tecture, jointly optimizing early expressivity and472

late-stage contextual modeling.473

Depth Sparsity as an Efficient Compute–474

Performance Trade-off. Table 3 analyzes the475

sparsity curriculum by varying the decay parame-476

ters γ and τ . Slower decay schedules retain more477

active tokens in later steps, increasing FLOPs while478

consistently improving perplexity, whereas aggres-479

sive decay rapidly suppresses late computation and480

degrades performance. The default configuration481

achieves a favorable balance between perplexity482

and FLOPs with approximately 50% sparsity. The483

monotonic relationship between sparsity and per-484

formance confirms that recurrent steps remain ben-485

eficial only for a subset of tokens, validating depth486

sparsity as a principled mechanism for allocating487

compute to regions with the highest marginal gain.488

Nonlinearity Placement and Conv-SiLU Design.489

Table 5 disentangles the effects of attention nonlin-490

earity and Conv-SiLU under a fixed FLOPs budget.491

Removing all attention nonlinearity significantly492

degrades perplexity, confirming its central role in493

disrupting spectral contraction. Among partial vari-494

ants, applying nonlinearity to the value and out-495

put projections yields the most substantial gains,496

outperforming query- or key-only designs. Conv-497

SiLU benefits from a lightweight local bias: small498

causal kernels and mild expansion ratios match or499

exceed larger configurations at comparable com-500

pute cost, whereas additional dropout provides no501

benefit. These results indicate that nonlinearity is502

most effective when applied to value-space transfor-503

mations, and that shallow local convolutions suffice504

to enhance functional diversity.505

Layer-wise Evolution of Depth Sparsity. Fig-506

ure 5 further shows that ReLU-induced sparsity507

follows a stable depth-wise structure. Early loops508

Power-Law Decay (γ, τ ) FLOPs PPL ↓ Sparsity (%)

γ = 1.0, τ = 4 (default) 1.57× 19.69 50.0
γ = 0.5, τ = 4 2.38× 19.07 76.5
γ = 2.0, τ = 4 1.26× 21.68 40.2
γ = 1.0, τ = 2 1.46× 20.63 46.5
γ = 1.0, τ = 8 2.29× 19.32 73.0

Table 3: Ablation of Sparsity Curriculum (Power-Law
Decay) hyperparameters γ and τ . Varying the schedule
affects sparsity, FLOPs, and PPL.

remain relatively dense, while later loops progres- 509

sively suppress a larger fraction of channels, con- 510

centrating computation in early refinement stages. 511

This pattern remains consistent across training, in- 512

dicating convergence to a stable allocation strategy 513

rather than oscillation or collapse. Together, these 514

observations confirm that depth sparsity emerges 515

as an organized, depth-dependent schedule that en- 516

ables deeper recurrence without proportional in- 517

creases in compute. 518

6 Conclusion 519

We propose PUT, a dynamic architecture that re- 520

defines recursive computation. By enforcing Func- 521

tional Polymorphism through conditional sparse 522

subspaces and SiLU attention, PUT effectively 523

breaks the Power Method convergence trap in- 524

herent in standard weight sharing. Our uncertainty- 525

aware depth scheduling further decouples logi- 526

cal depth from computational cost, allocating re- 527

sources to critical tokens. Experiments demon- 528

strate that PUT significantly improves representa- 529

tion rank and reasoning robustness compared to 530

Standard UT, validating our theoretical premise 531

that structural diversity is key to scalable recursion. 532

7 Limitations 533

Despite the promising improvements brought by 534

the Polymorphic Universal Transformer, our ap- 535

8



proach still faces several limitations. First, the536

adaptive routing and sparsity scheduling mecha-537

nisms introduce additional complexity and compu-538

tational overhead, especially during training, which539

may limit scalability in extremely large models or540

real-time applications. Second, the effectiveness541

of our method depends on careful tuning of hyper-542

parameters such as sparsity decay rates and gating543

thresholds, which may not generalize optimally544

across different tasks or domains. Future work545

is needed to address these challenges and further546

improve the robustness and practicality of poly-547

morphic recurrent architectures. This manuscript548

was prepared with the assistance of AI tools for549

language polishing and structural refinement; all550

scientific content and conclusions are solely the551

responsibility of the authors.552

Ethical Considerations553

Our work adheres to ethical AI principles through554

three key aspects: 1) All experiments use publicly555

available datasets with proper anonymization, 2)556

The enhanced parameter efficiency reduces environ-557

mental impact from model training/inference, and558

3) Our architecture-agnostic approach promotes559

accessible performance improvements without pro-560

prietary dependencies. We acknowledge potential561

risks of enhanced reasoning capabilities being mis-562

applied, and recommend implementing output veri-563

fication mechanisms when deploying PUT-based564

systems. Our work is committed to advancing ac-565

cessible and efficient NLP technologies, fostering566

a more inclusive and automated future for AI.567
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A Appendix 811

A Related Work 812

Recurrent Computation The concept of recur- 813

rence in machine learning traces back to founda- 814

tional works on neural computation (Braitenberg, 815

1986) and LSTM networks (Gers et al., 2000). 816

Modern extensions integrate recurrence into trans- 817

formers through depth recurrence (Dehghani et al., 818

2019; Lan et al., 2020; Ng and Wang, 2024). Re- 819

cent works have rediscovered this idea for implicit 820

reasoning (Deng et al., 2023; Hao et al., 2024) and 821

test-time scaling (Geiping et al., 2025). In con- 822

trast, PUT establishes a general-purpose recursive 823

reasoning framework within individual layers and 824

designs the Residual Thinking Cnnection (RTC) 825

for enhanced capability. 826

Dynamic Computation Allocation Dynamic 827

Computation Allocation, like MoE, reduces com- 828

putational overhead by activating only a subset of 829

networks (Fedus et al., 2022; Riquelme et al., 2021; 830

Zhou et al., 2022; Jiang et al., 2024; Xue et al., 831

2024). Some works focus on elastic computation 832

in depth, such as early exit (Elhoushi et al., 2024; 833

Chen et al., 2024), parameter sharing (Mu et al., 834

2024; Wang et al., 2024), or using token-routing 835

for dynamic layer skipping (Zhang et al., 2024). In- 836

spired by these works, ITT designs an elastic deep 837

thinking architecture with Adaptive Token Rout- 838

ing (ATR) for efficient and adaptive computational 839

resources allocation. 840

B Experimental Protocols 841

Causal Tracing. We evaluate a model trained 842

with recurrent steps. A three-stage patching proce- 843

dure (clean, corrupted, patched) isolates the contri- 844

bution of each recurrent step to the final prediction, 845

as measured by the PE metric. 846

Statistical Monitoring. To quantify information 847

density, we compute the -norm, empirical entropy, 848

and effective matrix rank of activations at each step. 849

We simultaneously track the proportion of non- 850

zero elements and gradient norms for Attention 851

and MLP weights to measure functional activity. 852

C Ablation Protocols 853

To isolate the sources of expressive power within 854

the Universal Reasoning Model, we conduct a sys- 855

tematic ablation study on the ARC-AGI 1 bench- 856

mark. We progressively simplify or remove key 857

11

https://doi.org/10.48550/arXiv.2307.09288
https://doi.org/10.48550/arXiv.2307.09288
https://doi.org/10.48550/arXiv.2307.09288
https://arxiv.org/abs/2410.03765
https://arxiv.org/abs/2410.03765
https://arxiv.org/abs/2410.03765
https://arxiv.org/abs/2410.03765
https://arxiv.org/abs/2410.03765
https://doi.org/10.18653/V1/W17-4413
https://arxiv.org/abs/2402.01739
https://arxiv.org/abs/2402.01739
https://arxiv.org/abs/2402.01739
https://doi.org/10.18653/V1/P19-1472
https://doi.org/10.18653/V1/P19-1472
https://doi.org/10.18653/V1/P19-1472
https://arxiv.org/abs/2412.04449
https://arxiv.org/abs/2412.04449
https://arxiv.org/abs/2412.04449


nonlinear architectural components—specifically858

replacing SiLU with simpler activations (e.g.,859

ReLU), removing Short Convolutions, and ablating860

the Attention Softmax. All models are evaluated861

using pass@n metrics under an identical recurrent862

setup (8 inner loop steps, adaptive outer loop), al-863

lowing us to gauge how nonlinearity influences the864

efficacy of iterative computation.865

D Implications of the High-Attention866

Regime867

This emergent computational regime aligns natu-868

rally with the requirements of multi-step reasoning.869

In early recurrence stages, where Dattn is low, the870

model allocates most of its capacity to FFNs, facil-871

itating knowledge retrieval, feature synthesis, and872

local pattern processing.873

As recursion deepens and Dattn increases, com-874

putation shifts toward the attention mechanism. At875

this stage, the dominant objective is no longer fea-876

ture expansion but global consistency: resolving877

long-range dependencies, maintaining coherence878

across iterative updates, and suppressing semantic879

drift. By explicitly constraining FFN capacity in880

deeper steps via the Sparsity Curriculum, we in-881

duce a global refinement phase in which attention882

heads become the primary computational pathway.883

This design mitigates the instability and represen-884

tation collapse commonly observed in deeply re-885

cursive transformers, while preserving expressive886

power where it is most needed.887

E Global Load Balancing Strategy888

To resolve the deep-layer load-balancing problem889

common in recurrent models, we employ a global,890

batch-level strategy that utilizes auxiliary-free891

bias correction. During training, the regularization892

loss for depth sparsity is adaptively scaled based893

on the batch-wise utilization of recurrence steps894

and experts. This mechanism allows the model895

to self-organize its compute allocation, preventing896

pathological saturation or starvation of experts, and897

ensuring efficient use of the active compute budget898

at scale.899

F Additional Details of the Polymorphic900

Transformer901

G Baseline Configurations902

To provide a fair and controlled comparison, we903

instantiate models at three parameter scales: 180M,904

240M, and 520M, with hidden dimensions of 1024, 905

1536, and 2048 respectively. Unless otherwise 906

specified, all variants at a given parameter scale 907

share the same initialization, optimizer, training 908

corpus, and total token budget, enabling us to at- 909

tribute performance differences to the depth compu- 910

tation scheme rather than data or parameter count. 911

H Experiments Details 912

Training. All models are trained using Mega- 913

tron (Shoeybi et al., 2019) on H200 GPUs, with 914

a sequence length of 4096 and a global batch size 915

of 256. We adopt a cosine learning rate decay 916

schedule, starting from a peak learning rate of 917

5× 10−4 and decaying to 10% of the initial value, 918

with a warmup over the first 5% of total tokens. 919

Model weights are initialized with standard devia- 920

tion
√
2/(5d), where d is the hidden size. Mixture- 921

of-experts models use an auxiliary loss coefficient 922

of 10−3. Each model is trained with a data-to- 923

parameter ratio of 200, on the same data volume, 924

from random initialization. 925

Data. To pretrain PUT models and baseline mod- 926

els, we use OLMo 2 Mix 1124, which matches 927

the OLMoE (Muennighoff et al., 2025) pretraining 928

set. It combines DCLM (Li et al., 2024), Dolma 929

1.7 (Soldaini et al., 2024) subsets (arXiv, OpenWeb- 930

Math, Algebraic Stack, peS2o, Wikipedia), and 931

StarCoder (Li et al., 2023). The dataset totals 3.4 932

trillion training tokens, and we sample 2 million 933

tokens for validation. 934

Evaluation. We employed the lm-evaluation- 935

harness (Gao et al., 2023) to evaluate our mod- 936

els. For common sense and reading comprehension 937

tasks, we report 0-shot accuracy for SciQ (Welbl 938

et al., 2017), PIQA (Bisk et al., 2020), WinoGrande 939

(WG) (Sakaguchi et al., 2020), ARC Easy(ARC- 940

E) (Clark et al., 2018), and 10-shot HellaSwag 941

(Hella.) (Zellers et al., 2019), alongside 25-shot 942

accuracy for ARC Challenge (ARC-C) (Clark et al., 943

2018). For continued QA and text understanding, 944

we report 0-shot accuracy for LogiQA (Liu et al., 945

2020), 32-shot BoolQ (Clark et al., 2019), and 0- 946

shot LAMBADA (Lam.) (Paperno et al., 2016). 947

All reported results are calculated with the mean 948

and stderr of multiple experiments. 949
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Model-Params FLOPs PPL↓
Commonsense & Reading Comprehension Continued LM

Avg.
SciQ PIQA WG ARC-E ARC-C Hella. LogiQA BoolQ Lam.

Vanilla-500M 1.00× 19.45 68.5 64.2 47.5 48.0 25.4 38.2 24.1 54.6 38.5 45.4
Depth ×2-1.09B 1.69× 17.10 73.2 66.5 49.1 51.5 28.8 41.5 26.5 57.2 42.8 48.6

Loop ×4
UT -500M 3.07× 18.20 70.8 65.5 48.0 49.5 26.5 39.8 25.5 55.8 40.2 46.8
UTMoE ×8 -A500M 3.07× 17.55 72.5 66.8 49.3 51.0 28.2 41.0 26.8 57.5 42.0 48.3
PUT ×8 -A500M 2.87× 16.90 74.1 67.5 49.8 52.8 29.1 42.1 27.5 58.8 43.5 49.5

Loop ×8
UT-500M 5.83× 17.65 72.0 66.0 48.8 50.8 27.5 40.5 26.2 56.5 41.5 47.7
UTMoE ×8-A500M 5.83× 16.85 74.5 67.8 50.1 52.5 29.5 42.5 27.8 59.0 44.0 49.7
PUT ×8-A500M 5.49× 16.27 76.0 68.8 50.7 54.0 30.5 43.3 28.5 59.9 45.2 50.8

Table 4: Comprehensively evaluate the basic capabilities of models with different activated parameters. In particular,
PUT ×4-180M represents a model with 180M total parameters using PUT to think total 4 steps.

Nonlinearity Configuration Perplexity ↓

PUT ×2-A156M (Loop×4) 10.42

Location of SiLU in Attention
SiGLU on Q only 10.96 (+0.54)
SiLU on K only 10.91 (+0.49)
SiLU on V only 10.51 (+0.09)
SiLU on O only 10.42

Conv-SiLU Hyperparameters
Kernel size k = 1 10.56 (+0.14)
Kernel size k = 2 (default) 10.42
Kernel size k = 3 10.48 (+0.06)

Table 5: Ablation of nonlinearity and Conv-SiLU hyper-
parameters.

Model Setting L.2-Small L.2-Middle L.2-Large

hidden size 1024 1536 2048
intermediate size 2560 2560 4096
attention heads 32 32 32
num kv heads 32 16 32
layers 8 8 8

# Params 162M 230M 466M

Table 6: Detailed configuration, activation parameters,
and total parameters of the models included in our study.
L.2-162M represents the LLaMA-2 architecture model
with 162M total parameters.
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