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Abstract

We introduce Elastic Looped Transformers (ELT), a001
highly parameter-efficient class of visual generative models002
based on a recurrent transformer architecture. While con-003
ventional generative models rely on deep stacks of unique004
transformer layers, our approach employs iterative, weight-005
shared transformer blocks to drastically reduce parameter006
counts while maintaining high synthesis quality. To effec-007
tively train these models for image and video generation,008
we propose the idea of Intra-Loop Self Distillation (ILSD),009
where student configurations (intermediate loops) are dis-010
tilled from the teacher configuration (maximum training011
loops) to ensure consistency across the model’s depth in a012
single training step. Our framework yields a family of elas-013
tic models from a single training run, enabling Any-Time in-014
ference capability with dynamic trade-offs between compu-015
tational cost and generation quality, with the same parame-016
ter count. ELT significantly shifts the efficiency frontier for017
visual synthesis. With 4× reduction in parameter count un-018
der iso-inference-compute settings, ELT achieves a compet-019
itive FID of 2.0 on class-conditional ImageNet 256 × 256020
and FVD of 72.8 on class-conditional UCF-101.021

1. Introduction022

Traditional techniques to increase compute capacity in deep023
learning models, such as stacking deeper layers or increas-024
ing network width, inevitably lead to a proportionally larger025
memory footprint. Recurrence offers a powerful alternative,026
decoupling compute from memory via parameter reuse.027
While popularized by Universal Transformers [2] and re-028
cently leveraged for language reasoning [24, 31], looping029
remains largely untapped for high-fidelity visual generation.030
Compared to standard deep models, Looped Transformers031
offer three distinct practical advantages: (a) extreme pa-032
rameter efficiency (more FLOPs per parameter), (b) have033
higher throughput by minimizing the “memory wall” bot-034
tleneck. They use a compact set of shared parameters and035
maintain its major parameter footprint on-chip or adjacent036
to the chip. This avoids the cost of repeated transfers be-037
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Figure 1. Latent Trajectories of Standard vs. Elastic Looped
Transformers. Xk

int & Xk
max represent output of intermediate

(Lint) & final loops (Lmax) respectively for kth generation sam-
pling step. Unlike standard recurrent models (left) where only the
final iteration Xk

max reaches the solution space, our ILSD train-
ing (right) guides intermediate states Xk

int also toward the target
space. This transformation shifts the model from a fixed-depth ar-
chitecture to an Any-Time inference framework, supporting flex-
ible computational budgets through early exits within a sampling
step.

tween different units of the accelerator (GPUs/TPUs) re- 038
quired in large transformers, and (c) can exhibit robustness 039
against overfitting in data-constrained regimes. 040

Despite the parameter efficiency of looped architectures, 041
their training remains challenging because intermediate rep- 042
resentations often remain uninterpretable until the final loop 043
(see Fig. 1). We address this by introducing Elastic Looped 044
Transformers (ELT), a class of generative models designed 045
for progressive refinement. Unlike traditional recurrent 046
transformers, ELT provides meaningful, high-quality syn- 047
thesis even at intermediate repeats, enabling Any-Time 048
(elastic) inference - where a single model can scale its com- 049
pute based on available resources without sacrificing gener- 050
ation quality (Figs. 2 and 3). 051

To achieve this flexibility, we propose an Intra-Loop Self 052
Distillation (ILSD) algorithm for training looped transform- 053
ers. Rather than treating the loop as a fixed-depth process, 054
our framework operates as a dual-path system: a teacher 055
path executes the full loop count to provide a high-fidelity 056
target, while a student path, defined strictly as a subset of 057
the teacher’s trajectory, learns to produce comparable re- 058
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(a) Any-Time inference from a single training run
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(b) Vanilla looped transformers

Figure 2. Class-conditional Image Generation on ImageNet
256 × 256. Comparing ELT based diffusion model with ILSD
(left) and without ILSD (right). ELT is trained with N = 4 and
Lmax = 8. Number of loops during inference (L) is varied from 2
to 10. ELT with ILSD (left) offers good generation quality for a
variety of loops, which is not the case for the vanilla looped trans-
formers.

sults with fewer iterations. Since the student computation is059
a literal subset of the teacher’s forward propagation, there is060
no additional training overhead. This forces the shared pa-061
rameters to compress complex transformations into earlier062
loops, learning a progressive refinement process that main-063
tains generation quality regardless of exit point (Fig. 1). Our064
contributions and findings are summarized as follows:065
State-of-the-Art Parameter Efficiency: ELT achieves a066
competitive FID of 2.0 on class-conditional ImageNet 256×067
256 and FVD of 72.8 on class-conditional UCF-101. This068
represents a 4× reduction in parameters compared to base-069
lines MaskGIT [1] (image generation) and MAGVIT [32]070
(video generation), while matching or improving perfor-071
mance under iso-inference-compute settings.072
Elastic/Any-Time Inference: Our models enable Any-073
Time inference [35], traversing the pareto frontier of quality074
versus compute at test-time without retraining.075
Scalability: Recursive looping provides a unique test-time076
compute lever that scales predictably across both Masked077
Generative Transformers [1, 32, 33] and Diffusion Trans-078
formers [19].079

2. Background080

Masked Generative Transformers: MaskGIT [1] intro-081
duced iterative parallel decoding for image generation us-082
ing discrete tokens [32]. Unlike autoregressive models,083

MaskGIT generates and refines all tokens simultaneously 084
over K sampling steps: 085

Xk ← Mask ◦ Sample(M(Xk−1, c), k) (1) 086

where M is a fixed-depth transformer predicting tokens 087
conditioned on class c. MAGVIT [32] extends this frame- 088
work to video generation. Diffusion Transformers: Dif- 089
fusion models [11, 25] generate data by reversing a nois- 090
ing process. Diffusion Transformers (DiTs) [19] shift away 091
from traditionally used U-Nets [22] by treating image la- 092
tents as sequences of tokens, and using transformer blocks 093
for processing these tokens. 094

Both paradigms share a common structure: recursive re- 095
finement over multiple sampling steps through a model M . 096
ELT naturally aligns with this progressive refinement by 097
implementing M as a recurrent, weight-shared transformer 098
block. This introduces recursive computation within each 099
sampling step, providing a test-time compute lever to dy- 100
namically trade-off inference speed and generation quality. 101

3. Method 102

Looping Mechanism: Let the number of transformer layers 103
to be looped be N and number of loops per sampling step 104
be L, giving an effective depth of N ×L. Let fθi(x) denote 105
a single transformer layer with parameters θi. We define 106
a composite block gΘ(x) = fθN (fθN−1

(· · · fθ1(x))) with 107
Θ = {θ1, . . . , θN}. In looping, we reuse Θ for L successive 108
applications, requiring only N unique layers instead of N× 109
L sets of unique parameters: 110

F(N,L)(x) = gΘ (gΘ(· · · gΘ(x)))︸ ︷︷ ︸
L loops

≡ gLΘ(x) 111

This decouples physical model size from computational 112
depth: the parameter count is constrained by N , while rep- 113
resentational capacity scales with L. Note that we represent 114
the training loop count by Lmax. 115

Intra-Loop Self Distillation (ILSD): In standard looped 116
transformers, the model is optimized only for its final out- 117
put after Lmax iterations, creating a “black box” trajectory 118
where intermediate loops may produce suboptimal repre- 119
sentations as shown in Fig. 2. We propose Intra-Loop Self 120
Distillation (ILSD) to ensure the model remains useful at 121
multiple depths, enabling elastic inference with competitive 122
performance. By treating the full-depth model (Lmax) as 123
an internal teacher, we provide a high-fidelity signal for the 124
shallower intermediate student (Lint), forcing Θ to compress 125
complex transformations into fewer steps. 126

Training: We train with a fixed Lmax loops. At each train- 127
ing step, we randomly sample an intermediate loop count 128
Lint ∼ U(Lmin, Lmax). The teacher executes the full Lmax 129
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Figure 3. Overview of ELT framework. Training (left) utilizes
shared parameters Θ with recurrent loops and Intra-Loop Self Dis-
tillation (ILSD) to improve intermediate representations. This en-
ables Any-Time inference (right), allowing the model to exit early
and predict Xk+1 from any intermediate block via a shared MLM
head. Note that Xk represents the input for kth sampling iteration.

loops while the student exits early at Lint. The joint loss is:130
131

LILSD
Θ = LGT(F(N,Lmax)(x),y)132

+ λLGT(F(N,Lint)(x),y)133

+ (1−λ)Ldist(F(N,Lint)(x), F(N,Lmax)(x)) (2)134

The first term supervises the teacher with ground-truth y,135
the second supervises the student with ground-truth, and136
the third distills the teacher into the student. λ is lin-137
early decayed from 1 to 0 during training—initially an-138
choring the student to reliable ground-truth labels while the139
teacher is untrained, then gradually shifting to mimicking140
the teacher once it has matured. For masked generative141
models, LGT and Ldist are cross-entropy losses over masked142
positions; for diffusion models, they are sigmoid-weighted143
MSE losses [13].144

Since both paths share Θ, the joint optimization forces145
the block to learn a transformation that is effective at any146
depth Lint ≤ L ≤ Lmax, preventing shortcuts that minimize147
loss at a specific depth but fail when composed further.148

4. Experiments and Results149

We evaluate ELT on class-conditional image generation150
using both masked generative transformers and diffusion151
transformers, and on class-conditional video generation us-152
ing masked generative transformers.153

4.1. Experimental Setup154

Datasets: ImageNet 256 × 256 [3] for images; UCF-155
101 [27] for videos. Masked Generative Transform-156
ers: We use pretrained tokenizers from MaskGIT [1] (im-157
ages) and MAGVIT [32] (videos) with a codebook size of158
1024. Images are compressed to 16 × 16 tokens; videos to159
4 × 16 × 16 tokens. We adopt BERT [5] as the backbone,160
training all models for 270 epochs with classifier-free guid-161
ance (10% class-condition drop). Diffusion Transformers:162

Table 1. Class-conditional Image Generation on ImageNet
256× 256. “# steps” refers to the number of neural network runs.
∆ denotes values taken from prior publications. ∗ indicates us-
age of extra training data. g denotes use of classifier-free guidance
[10]. Note that L in (N × L) notation is inference loop count per
sampling step.

Model AR FID ↓ IS ↑ # params # steps # Gflops

ADM + Upsample∆g [6] 3.9 215.8 554M 250 371k
LDM-4∆g∗ [20] 3.6 247.7 400M 250 51.5k
DiT-XL/2∆g∗ [19] 2.3 278.2 675M 250 59.5k
MDT∆g∗ [7] 1.8 283.0 676M 250 >59k
MaskDiT∆g∗ [34] 2.3 276.6 736M 250 >28k
RIN∆ [14] 3.4 182.0 410M 1000 334k
Simple Diffusion∆g [12] 2.4 256.3 2B 512 -
VDM++∆g [15] 2.1 267.7 2B 512 -
EDiff∆g [8] 2.1 - 450M 50 119k
MAR∆g [16] ✓ 1.8 296.0 479M 128 -

MaskGIT∆[1] 6.2 182.1 227M 8 647
MaskBit∆g [30] 1.7 341.8 305M 64 10.3k
PAR-4×∆ [29] ✓ 3.8 218.9 343M 147 -
PAR-16×∆ [29] ✓ 2.9 262.5 3.1B 51 -

MaskGIT-Lg 2.1 270.1 303M 24 3.7k
MaskGIT-XLg 2.0 294.8 446M 24 3.9k

ELT-L (8N × 3L) 2.2 254.3 101M 24 3.7k
ELT-L (12N × 2L) 2.1 281.8 152M 24 3.7k
ELT-XL (7N × 4L) 2.0 266.1 111M 24 3.9k

We use a pretrained Stable Diffusion VAE [21] to map im- 163
ages into 32 × 32 × 4 latents and train a DiT [19] with 164
sigmoid-weighted MSE loss [13] for 500K steps. Sampling 165
uses 512-step DDPM with guidance scale 3.0. Metrics: 166
FID [9], IS [23] for images; FVD [28] for videos. Effi- 167
ciency is measured via inference GFLOPs and throughput. 168

4.2. Image Generation 169

Comparison with Baselines: Tab. 1 presents results on 170
ImageNet. Despite using 4× fewer parameters, ELT-XL 171
achieves the same FID of 2.0 as MaskGIT-XL baseline. Us- 172
ing superior tokenizers [30, 33] or optimized training & in- 173
ference configurations [17, 18] can further boost ELT’s per- 174
formance. We also evaluate ELT framework for diffusion 175
models in Tab. 2. Notably, ELT with 8N × 4L outperforms 176
the DiT-16 and DiT-32 baselines, achieving 2× and 4× 177
parameter reduction respectively. While looping without 178
ILSD gives competitive performance when running infer- 179
ence with same loops as training (L = Lmax), performance 180
degrades drastically for lower number of loops which is mit- 181
igated by ILSD as show in Fig. 6b. 182

Scaling and Throughput: Fig. 4 illustrates the trade-off 183
between generation quality (FID) and inference compute 184
(GFLOPs). The pareto front (black curve) reveals that while 185
increasing the loop count (L) consistently improves FID 186
(faded points) for a fixed unique layers (N ), the gains even- 187
tually diminish, where transitioning to the next architecture 188
scale becomes more performant than over-looping smaller 189
models. Crucially, ELT allows for Any-Time inference, we 190
can traverse the pareto curve at test-time by simply adjust- 191
ing L to meet specific hardware constraints without retrain- 192
ing. Moreover, ELT has high throughput as it utilizes a 193
compact set of shared parameters and maintains its major 194
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Table 2. ImageNet (DiT). In-
ference with N × L.

Model FID ↓ # params

DiT - 16 layers 3.87 1.1B
DiT - 32 layers 3.43 2.1B

ELT (1N × 32L) 10.30 69M
ELT (4N × 8L) 3.96 271M
ELT (8N × 4L) 3.16 539M
ELT (16N × 2L) 2.83 1.1B

Table 3. Throughput Gains.
ELT vs. Baseline.

ELT dmodel Ratio

6N × 2L (B) 768 1.0
8N × 3L (L) 1024 2.9
7N × 4L (XL) 1152 3.3
8N × 4L (H) 1280 3.5
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Figure 4. Pareto front of FID vs. Inference GFLOPs. The black
curve denotes the fit (FID = 1922.5 ·G−0.95 + 1.48) over pareto-
optimal configurations, representing the best achievable FID for
a given computational budget. Points are labeled as N layers ×
L loops. Results demonstrate that ELT scales as effectively as the
baseline while remaining significantly more parameter-efficient.
Scaling both the model dimension (d) and the number of loops
(L) follows a predictable efficiency frontier, where larger models
with fewer loops often compete with smaller models with more
loops at specific target GFLOPs. Trends across faded points show
scaling along number of loops L in inference, from a single run
trained with a fixed Lmax loops.

weight footprint closer to the accelerator computation unit.195
This avoids the cost of repeated memory transfers typically196
required in standard models, achieving a peak speedup of197
3.5× throughput gains for model scale H (refer Tab. 3).198
These gains scale with model size as long as shared param-199
eters fit within device memory.200

4.3. Video Generation201

We extend ELT to class-conditional video generation on202
UCF-101 using the MAGVIT [32] framework. As shown203
in Tab. 4, our compact 76M ELT model outperforms the204
MAGVIT baseline in iso-compute settings on UCF-101205
(∼13.7M training tokens), achieving FVD of 72.8 with 4×206
fewer parameters. This suggests that looped transform-207
ers exhibit robustness against overfitting in data-constrained208
regimes like UCF-101.209

Table 4. UCF-101 Video. ELT
vs. Baselines.

Method FVD ↓ # params GFlops

TATS∆ 332 321M -
Make-A-Video∆∗ 81 ≫3.5B -
PAR-4×∆ 99.5 792M -
MaGNeTS∆ 96.4 306M ∼1.7k

MAGVIT-L∆ 76 306M ∼4.3k
ELT (6N × 4L) 72.8 76M ∼4.3k
ELT (6N × 6L) 60.8 76M ∼13k
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Figure 5. Impact of ILSD on
class-conditional UCF-101.
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Figure 6. Impact of ILSD. ILSD improves performance for all L
in inference especially when L ̸= Lmax. Results on ImageNet.

4.4. ILSD drives Elasticity 210

Fig. 6 analyzes ILSD’s impact across masked generative 211
models and diffusion models. Models trained without ILSD 212
degrade significantly at L ̸= Lmax, while ELT maintains 213
stable generation quality across the entire loop spectrum. 214
Remarkably, as shown in Fig. 5, ILSD enables zero-shot 215
generalization to unseen depths for UCF-101 generation, 216
reaching peak FVD of 69.2 at L = 6 despite training with 217
Lmax = 4. 218

5. Conclusion 219

We proposed Elastic Looped Transformers (ELT), a 220
parameter-efficient visual generation framework using re- 221
current transformers. Through Intra-Loop Self Distillation 222
(ILSD), ELT achieves performance comparable to baselines 223
with 4× fewer parameters while enabling Any-Time infer- 224
ence to dynamically balance quality and compute at test- 225
time. Looking forward, applying ELT to one-step genera- 226
tive paradigms, such as consistency [26] or drifting mod- 227
els [4], could unlock true elasticity. Since there is only 228
one sampling step, one can dynamically control the qual- 229
ity of the model at inference by varying the number of 230
loops, without having to pre-determine the number of sam- 231
pling steps as is the case with traditional diffusion models. 232
Ultimately, this flexible, weight-efficient scaling offers a 233
promising path for deploying high-fidelity generative mod- 234
els on resource-constrained hardware. 235
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