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Abstract

Resource constraints often limit the parameter
capacity of Large Language Models (LLMs),
thereby hindering their performance. Although
existing approaches leverage parameter sharing
to reuse a fixed set of parameters within con-
strained budgets, they typically require each
layer to fulfill multiple roles over a fixed num-
ber of iterations. This design compromises
both efficiency and adaptability. In this work,
we propose the Zero Token Transformer (ZTT),
which employs a head-tail decoupled parame-
ter cycling strategy. Specifically, we decouple
the first (head) and last (tail) layers from the
parameter cycling process, enabling iterative re-
finement solely within the intermediate layers.
Furthermore, we introduce a Zero-Token Mech-
anism, wherein a virtual token with a trainable
key and a zero-valued vector functions as a stan-
dard token. The resulting attention scores not
only reflect the computational significance of
each layer but also facilitate dynamic early exit-
ing, thereby preserving overall model accuracy.
Our approach achieves superior performance
under strict parameter constraints, substantially
reduces computational overhead via early ex-
its, and can be seamlessly integrated into the
fine-tuning of existing pre-trained models, im-
proving both efficiency and adaptability.

1 Introduction

In recent years, it has been widely recognized
that the performance of Large Language Models
(LLMs) improves as the number of parameters in-
creases (Rae et al., 2021; Rosenfeld et al., 2019).
As a result, scaling up parameter counts has be-
come a prevalent strategy for boosting model per-
formance (Leviathan et al., 2023; Xu et al., 2024,
Pope et al., 2023). However, this approach is often
impractical for users with limited computational
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resources. A fundamental challenge, therefore, is
to achieve enhanced performance under a fixed pa-
rameter budget (Zhou et al., 2024).

To this end, various model compression tech-
niques have been proposed, such as quantiza-
tion (Lin et al., 2025; Liu et al., 2023), pruning (Ma
et al., 2023; Sun et al., 2023), and distillation (Latif
et al., 2023; Shum et al., 2024), to reduce large
models to more compact versions. Concurrently,
another line of research explores how to exploit
additional computation within a fixed parameter
budget to enable deeper or more iterative reason-
ing (Dehghani et al., 2018; Lan et al., 2019). A
commonly adopted strategy is parameter shar-
ing, where model layers reuse the same parame-
ters across multiple computational steps, a prac-
tice sometimes referred to as “parameter cycling.”
Instead of assigning distinct parameters to each
layer, a compact parameter set is recurrently ap-
plied, thereby reducing memory usage and poten-
tially enhancing the model’s reasoning depth.

Despite its promise, parameter cycling intro-
duces three key challenges: (1) Which parame-
ters should be shared across iterative cycles? (2)
How can these shared parameters be effectively
managed to prevent functional conflicts and perfor-
mance degradation? (3) When should the model
determine that further reasoning is unnecessary,
thus conserving computational resources without
prematurely halting essential inference?

Existing works address these questions only
partially. For instance, Solar (Kim et al., 2023)
reuses parameters from intermediate layers (which
parameters), while the Relaxed Recursive Trans-
former (Bae et al., 2024) investigates how to
manage recurring layers via LoRA (Hu et al,,
2022). Palbert (Balagansky and Gavrilov, 2022),
which integrates PonderNet (Banino et al., 2021)
with ALBERT, explores when to terminate infer-
ence through a dynamic pondering mechanism.
Nonetheless, none of these approaches offers a uni-
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fied framework that simultaneously addresses all
three aspects—which parameters to cycle, how to
apply them, and when to conclude reasoning.

In this paper, we propose a Zero Token Trans-
former (ZTT) that systematically addresses these
three challenges. Specifically:

¢ Head-Tail Decoupled Cyclic Architecture. To
address which parameters to share, we decouple
the first (head) and last (tail) layers from parame-
ter sharing, as their specialized roles—encoding
raw inputs and mapping representations to out-
puts—differ substantially from those of the inter-
mediate layers. Only the intermediate layers are
reused recurrently in a cyclic manner, thereby en-
hancing efficiency while maintaining the essential
input and output transformations.

» Zero-Token Mechanism. To tackle how to man-
age shared parameters effectively, we introduce a
novel Zero-Token Mechanism. Each intermediate
layer retrieves a Zero-Token (comprising a train-
able key and a zero-valued representation) from
a Zero-Token Pool and processes it together with
the regular tokens. The attention scores assigned
to the Zero-Token guide layer-specific computa-
tions, enabling the model to decide the extent of
“reuse vs. new reasoning” at each cyclic iteration.

Adaptive Exit Mechanism. To determine when
to terminate the cyclic process, we adopt an early-
exit mechanism guided by the attention scores
to the Zero-Token. When the attention toward
the Zero-Token exceeds a predefined threshold,
the model infers that further computations are
unlikely to yield additional benefits and exits ac-
cordingly—achieving a balance between compu-
tational efficiency and accuracy preservation.

We demonstrate that our approach improves perfor-
mance in both training from scratch and fine-tuning
existing large language models across a range of
reasoning tasks, underscoring its practical applica-
bility in real-world deployments.

2 Related Work

Parameter sharing has been extensively explored
in early deep learning architectures, such as Con-
volutional Neural Networks (CNNs) (Eigen et al.,
2013; Savarese and Maire, 2019) and Recurrent
Neural Networks (RNNs) (Graves, 2016; Sherstin-
sky, 2020), as an effective means to reduce model
complexity while maintaining performance. The
Universal Transformer (Dehghani et al., 2018) ex-
tended this concept to the Transformer architec-

ture, demonstrating that cyclic parameter reuse
across layers can significantly enhance computa-
tional efficiency. Subsequently, various studies
have investigated which components of the Trans-
former should be shared. Some explore parameter
reuse within individual layers (Dabre and Fujita,
2019), the coupling of encoder and decoder com-
ponents (Milbauer et al., 2023; Xia et al., 2019), or
the integration of partial expert networks (Liu et al.,
2024). Others aim to optimize how parameter shar-
ing is organized, such as by stacking parameters
in specific sequences (Takase and Kiyono, 2021)
or employing factorized embeddings (Lan et al.,
2019) to improve model performance. A crucial
dimension of parameter cycling involves determin-
ing when to repeat computations. Techniques such
as ACT (Chowdhury and Caragea, 2024; Graves,
2016; Csordas et al., 2024; Tan et al., 2023; Storai
et al., 2025) and PonderNet (Banino et al., 2021;
Balagansky and Gavrilov, 2022) enable adaptive
recursion by dynamically selecting the number of
computation cycles, while equilibrium formula-
tions (e.g., DEQ-style models) relate depth to it-
erative fixed-point computation (Bai et al., 2019,
2020). However, most of these approaches focus on
training from scratch rather than fine-tuning large
pre-trained models, limiting practical deployment.

Recent work has explored parameter cycling in
pre-trained large language models. For example,
Solar (Kim et al., 2023) reuses middle layers of
Llama (Touvron et al., 2023), addressing which lay-
ers to cycle. Relaxed Recursive Transformers (Bae
et al., 2024) use LoRA (Hu et al., 2022) to allevi-
ate degradation caused by repeated reuse. How-
ever, when to halt recurrent computation remains
underexplored. Although Relaxed Recursive Trans-
formers support variable cycle counts, they still
rely on fixed computation paths rather than truly
dynamic mechanisms. Meanwhile, early-exit meth-
ods (Chen et al., 2023; Pan et al., 2024; Schuster
et al., 2022) mainly focus on non-recurrent models,
leaving open how many cycles a recurrent model
should perform.

In addition, our Zero Token differs from prior
virtual or soft tokens (Lester et al., 2021): instead of
being appended to the input sequence as learnable
content, it is introduced inside each attention layer
as a control entry with a trainable key and a fixed
zero-valued value for cyclic reuse and adaptive
halting. More broadly, our approach addresses
what to cycle, how to manage recurrent parameters,
and when to terminate reasoning. It is applicable

14499



to both training from scratch and fine-tuning pre-
trained LLMs, offering a practical and efficient
solution for improving model performance under
stringent parameter constraints.

3 Zero Token Transformer

In this section, we introduce our Zero-Token Trans-
former (ZTT), with the overall framework depicted
in Fig. 1. The ZTT employs a Head-Tail Decou-
pled Cyclic Architecture and incorporates a novel
Zero-Token Mechanism in conjunction with a gat-
ing strategy. In the subsequent subsections, we
detail how the proposed head-tail decoupling ad-
dresses the aforementioned challenges, and how
the integration of the Zero Token and the gating
mechanism enhances performance and enables dy-
namic early exiting.

3.1 Head-Tail Decoupled Cyclic Architecture

The Transformer is a sequence-to-sequence archi-
tecture based entirely on attention mechanisms.
Given an input sequence X = [z1,Z2,...,Zy),
each token is embedded and combined with a posi-
tional encoding to form Z°. The layer-wise com-
putation is defined as

gl _ f(l) (Zlq) 7 (1)

where £(!)(-) denotes the operation of the I-th layer,
and [ ranges from 1 to L. Each layer consists
of a multi-head self-attention module followed by
a position-wise feedforward network, with resid-
ual connections and layer normalization applied to
both sub-layers.

Recent analyses (Sun et al., 2025) suggest that
intermediate Transformer layers often exhibit func-
tionally similar representations, whereas the head
(first) and tail (last) layers specialize in tasks such
as raw feature encoding and output mapping. We
observe a consistent pattern in a pretrained GPT-2
model via layer-wise representation similarity (Ap-
pendix D.8, Fig. 3). In contrast, modifying these
boundary layers often has an outsized impact on
overall performance. Hence, we preserve the origi-
nal first and last layers as fixed (non-cyclic) and let
only the middle layers reuse parameters across [V
cycles, as shown in Figure 1(right).

Concretely, if the Transformer has L layers, the
forward propagation within each cycle is formu-
lated as

Zhn _ f(lvn) (Zl_l’"> , (2)

where | € {2,3,...,L—1}andn € {1,...,N}.
After completing the (L—1)-th layer of cycle n, its
output is passed to the next cycle as

n < N. 3)

The first and last layers ({ = 1 and [ = L) re-
main fixed and are excluded from parameter cy-
cling. This preserves the distinct roles of the head
and tail layers, mitigating potential conflicts.

2m+1 _ L—1mn
z2n+l — gL-1ln

3.2 Zero-Token Mechanism

Motivation and design. Even with head—tail de-
coupling, intermediate layers in a cyclic architec-
ture may still process representations redundantly.
When the current representation is already of high
quality, repeated refinement may overwrite useful
features or introduce inconsistencies. To mitigate
this issue, we introduce a virtual “Zero Token” into
each attention layer, serving as a control signal that
indicates whether the model should further refine
the current representation or preserve it with mini-
mal update. This design is necessary because head—
tail decoupling alone determines which layers are
reused, but does not provide an explicit mechanism
for controlling how reused layers behave across cy-
cles. For the [-th layer in cycle n, the virtual token
consists of a trainable key, an all-zero value, and
no query component. In implementation, the Zero
Token is placed at the front so that all other tokens
can attend to it.

Role of the Zero Token. Each cycle retrieves
its corresponding Zero Token, whose trainable key
can elicit either strong or weak attention from the
queries @'. When the model attends heavily to
this zero-valued token, the resulting output remains
close to the previous representation, since the zero-
valued branch contributes little additional update.
In this way, the Zero Token provides an explicit no-
op option under cyclic reuse, allowing each layer
to softly choose between further refinement and
preserving the current representation. This mecha-
nism is particularly important in repeated parame-
ter reuse, where redundant refinement may other-
wise accumulate and introduce functional interfer-
ence across cycles. We further provide a prelimi-
nary theoretical discussion of this near-identity be-
havior from a fixed-point viewpoint in Appendix C.

3.3 Token-wise Gating Mechanism

While the Zero Token’s attention score serves as the
primary indicator for determining whether to termi-
nate additional cycles, we introduce a lightweight
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Figure 1: Left: A 6-layer vanilla transformer without cycling. Center: A transformer equipped with a basic
two-cycle mechanism. Right: A Zero Token Transformer (N = 2), where the first and last layers are excluded from
the cycling process. Each participating layer introduces an additional virtual Zero Token. The rightmost illustration
demonstrates the incorporation of the Zero Token. Taking the second layer as an example: the virtual Zero Token is
prepended to the sequence by aligning its key with those of the original tokens at the beginning, and an all-zero

value is inserted at the front of the value sequence.

gating mechanism around the feed-forward net-
work (FFN) to enable more fine-grained compu-
tational control. Even when an early exit is not
triggered, certain cycles may only require partial
FFN computation. To this end, we modify the FFN
by incorporating a gating mechanism as follows:

7! = 7! + FFN (LN (Z,Q)) - gate (LN(Z,Q)) ,

where Z }L denotes the output from the self-attention
sublayer, and gate(-) is a gating function applied
to each input token embedding, implemented as
an MLP with a sigmoid activation. When the gate
value approaches 1, the full FEN transformation is
applied; when it approaches 0, the FFN is largely
bypassed. We observed that the gating value often
correlates with the attention assigned to the Zero
Token: high attention to the Zero Token indicates
that further refinement is unnecessary, leading to a
corresponding reduction in the gate value.

3.4 Adaptive Exit Mechanism

Exit criterion. The attention score of the Zero
Token (§3.2) remains the primary criterion for ini-
tiating early exit. Once this score surpasses a pre-
defined threshold (e.g., 0.9), the iterative cycles are
terminated, and the final representation is produced.
The gating function smooths the transition across
cycles by reducing redundant FFN computations
before the final exit trigger.

Discussion. We do not apply gating to the atten-
tion module itself, as attention is responsible for
integrating token representations, including that of
the Zero Token. By gating only the FFN, we en-
able partial omission of the more computationally
intensive transformations, without disrupting the

signaling function of the Zero Token. Thus, the
attention score of the Zero Token determines when
to exit entirely, while the gating mechanism modu-
lates how much computation is applied prior to that
decision point.

3.5 Training and Inference Strategy

Training with early exit. To enable adaptive ex-
iting during inference, we supervise the model at
every cycle. Concretely, after each iteration n, we
apply a lightweight prediction head (shared across
cycles; < 1% extra parameters) to the intermediate
state and compute a task-specific loss (e.g., cross-
entropy for classification or span loss for QA). This
encourages meaningful predictions at each step and
yields informative signals for early exit at test time.
While it is possible to train with a fully dynamic
number of cycles per example, optimizing step
counts can easily lead to degenerate halting without
careful regularization (Geiping et al., 2025). For
robustness and simplicity, we therefore train with a
fixed maximum number of cycles and supervise all
intermediate states, following common early-exit
practice (Zhou et al., 2020; Kaya et al., 2019).

Inference. At inference time, we run the cyclic
block iteratively and monitor the Zero-Token atten-
tion; once the threshold is met, we stop and return
the current prediction. We discard intermediate
heads and evaluate the prediction head only once at
the selected exit cycle; hence, intermediate super-
vision incurs negligible inference-time overhead.

4 Experiments and Analysis

4.1 Experimental Results on Reasoning Tasks
We present our experimental setup and results to
demonstrate the effectiveness of the proposed Zero-
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Token Transformer approach under a fixed parame-
ter budget on reasoning tasks. We evaluate both the
training from scratch and fine-tuning scenarios, em-
ploying a decoder-only Transformer architecture.

4.1.1 Experimental Setup

Datasets and Metrics. We consider seven rep-
resentative datasets covering reasoning skills, in-
cluding PIQA (Bisk et al., 2020), ARC Chal-
lenge and ARC Easy (Clark et al., 2018), LAM-
BADA (Paperno et al., 2016), HellaSwag (Zellers
etal., 2019) , SQuAD (Rajpurkar et al., 2016) and
CoQA (Reddy et al., 2019). We report accuracy
for PIQA, ARC Challenge and ARC Easy, LAM-
BADA (Paperno et al., 2016), HellaSwag, and F1
score for SQuAD and CoQA.

We consider two main training settings. (1)
Training from Scratch: All models are pre-trained
on the C4 English subset! (Raffel et al., 2020) us-
ing a causal next-token prediction objective over
10B tokens. (2) Fine-Tuning Pretrained Models:
We further fine-tune widely used pretrained mod-
els such as GPT-2 and OPT (Zhang et al., 2022),
demonstrating that our approach can be readily
applied to large pre-trained models with minimal
modification.

Our architecture is based on GPT-2 (Radford
et al., 2019), with each layer constrained to ap-
proximately 10M parameters. The total number of
layers is L = 6. To enforce a fixed computational
budget, we define a total of 6 “network computation
cycles,” where each layer in a standard configura-
tion (i.e., without parameter sharing) is counted
as one cycle. We compare several approaches, all
based on decoder-only Transformers. One variant,
trained with early exit, incorporates classification
heads at each cycle to enable intermediate predic-
tions. These models are denoted by the suffix -EE.
The variant that performs inference with adaptive
exit is indicated by appending the suffix -AE.

¢ Vanilla Transformer (VT): A standard Trans-
former with L distinct layers. The total computa-
tion cost is effectively L cycles.

* Basic Cycling Transformer (BCT): The model
has L layers but shares parameters across layers
by cycling them N times. This results in a total
computation cost of L x N.

* Head-Tail Decoupled Cycling Transformer
(HTDCT): Instead of cycling all L layers, only
the intermediate layers are reused N times, while

"https://huggingface.co/datasets/allenai/c4

the first and last layers remain distinct. This struc-
ture aims to preserve the special functions of the
input and output layers. We also consider an early
exit variant of this scheme.

e Zero-Token Transformer (ZTT): Our method,

which only cycles the intermediate layers and in-
troduces a Zero Token in each attention layer. This
token provides a learnable key while carrying zero-
value vectors, enabling the model to distinguish
between different cycles and facilitate adaptive
computation. We also include an early exit vari-
ant that uses the learned Zero Attention signals to
decide when to stop.

4.1.2 Experimental Results on Training from
Scratch

Table 1 reports results for models trained from
scratch. The main observations are:

Effect of using fewer layers. By comparing VT
and VT-Small, we can see that reducing both the
parameter count and computational budget from
L =6to L = 3 (“Vanilla-Small”) leads to a signif-
icant accuracy drop (e.g., from 25.52% to 23.29%).
This suggests that simply using fewer layers cannot
maintain adequate performance without cycling.

Effect of cycling. To mitigate the performance
gap, BC reuses a 3-layer stack twice (for a total
of 6 cycles), partially recovering performance to
24.50%. This confirms that increased “computa-
tional depth” via cycling can help, though it still
lags behind the original 6-layer Transformer. Intro-
ducing early exit (BCT-EE) in BCT leads to a slight
accuracy drop (23.88%), suggesting that training
additional intermediate heads can sometimes intro-
duce optimization trade-offs.

Effect of head-tail decoupling. By fixing the
first and last layers while only cycling the inter-
mediate ones, we achieve 25.64% (no early exit)
and 24.88% (early exit), surpassing Basic Cycling.
This underscores the importance of preserving spe-
cialized head and tail layers.

Effect of Zero-Token mechanism. Building
on head-tail separation, our proposed Zero To-
ken mechanism further boosts accuracy to 26.18%
without early exit, and 25.61% with early exit. No-
tably, ZTT consistently outperforms both BC and
HT across tasks, demonstrating that the Zero-Token
mechanism effectively guides each cycle’s compu-
tation and alleviates functional conflicts in shared
parameters.

Overall, these results confirm the benefit of our
ZTT approach in balancing parameter efficiency
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Looped Loop

Models ‘ Size ‘ Layers Layers Count ‘ ARC-c ARC-e LD HS SQuAD CoQA ‘ Avg ‘ Ave ‘ A
VEsmall | 60.65M | 3 | 0 | | 6132 1783 3784 138 2675 2.05 343 | 2329 | 2329 |
VT | stom | 6 | o | | 6415 1928 4032 1908 27.04 36 52 | 2552 | 2552 | +2.23
BCT | 6065M | 3 | 3 | | 6344 18.6 338 1632 2677 217 543 | 2450 | 2450 | +1.21
serss [wen [ 5 |5 | L[S0 pm o ommoma w52 | s
HTDCT | 6065M | 3 | 1 | 4 | 6317 19.2 4015 1652 2673 2.19 115 | 2564 | 2564 | +235
1 6355 1877 39.65 1624 2667 333 516 | 2477
acree | e | s |0 | 2o mmoowwone e e A |
4 6371 18.69 3986 1278 2679 3.23 1191 | 2528
ZTT 61.77M 3 1 4 62.51 19.3 40.87 1794 2698 2.93 1275 | 2618 | 2618 | +2.89
1 6295 17.66 3876 1671 2676 434 659 | 24.82
S T T N R O Bl - T
4 6355 1800 4104 1359 2693 348 1207 | 2552
ZITAE | 6177M | 3 | 1 | 332 | 6322 1817 4146 1527 26.87 4.62 1251 | 2601 | 2601 | +2.72

Table 1: Evaluation results of different models pre-trained on the C4 dataset and fine-tuned on the test datasets.
For -EE variants, Cycle Avg is the unweighted average of Avg over fixed Loop Count settings; for AE and other

methods, it is identical to Avg. A is relative to VT-small.

and modeling capacity. Even when the total param-
eter budget and computation cycles are constrained,
introducing Zero Tokens with a head-tail separation
strategy yields superior accuracy.

4.1.3 Experimental Results on Fine-tuning
Pretrained Models

We further validate our method on large, pre-
trained models: GPT-2 (Radford et al., 2019) and
OPT (Zhang et al., 2022). Table 2 presents the
performance of various cycling strategies after fine-
tuning on the same downstream tasks.

Across all model scales, cycling-based methods
consistently outperform the Vanilla baseline. Basic
Cycling transformer (BCT) yields notable accuracy
improvements over vanilla transformer, highlight-
ing the effectiveness of reusing parameters through
repeated computation. However, when early exit is
employed (BCT-EE), performance may occasion-
ally decline slightly due to the additional overhead
associated with optimizing intermediate outputs.

Among all approaches, the Zero-Token Trans-
former (ZTT) achieves the highest accuracy, sur-
passing both BCT and VT. These improvements
suggest that incorporating a Zero Token during fine-
tuning enables the model to effectively leverage
repeated reasoning within a fixed parameter budget.
Moreover, the early-exit variant, Zero-Token Trans-
former trained with early exit (ZTT-EE), maintains
accuracy comparable to the full ZTT while substan-
tially reducing computational costs. This demon-
strates that adaptive inference can be effectively
scaled to large pretrained models.

Notably, as model sizes increase—such as GPT-

2 Large with 811M parameters—both ZTT and
ZTT-EE continue to deliver substantial accuracy
gains while preserving parameter efficiency. These
findings underscore the broad applicability and
scalability of our proposed Zero-Token approach,
establishing it as a robust fine-tuning strategy for
large-scale language models.

4.2 Ablation Study and Analysis

We analyze the contribution of key components;
additional results are deferred to Appendix D.

4.2.1 The effect of N

Figure 2a shows the perplexity on WikiText-2 un-
der an equivalent total computational cost (number
of layers X number of cycles). Given the same
computational budget, our Head-Tail Decoupled
Cyclic Transformer (HTDCT) achieves lower per-
plexity than the naive “all-layer cycling” design,
confirming that preserving specialized boundary
layers helps mitigate the performance gap. Fur-
thermore, a 1-layer BCT executed over 12 cycles
yields lower perplexity than a 1-layer vanilla Trans-
former (i.e., N = 1), though it still underperforms
a standard 12-layer Transformer with an equivalent
computational budget. Similarly, attaching clas-
sification heads after each cycle to enable early
exiting (“Early exit” in Figure 2a) further degrades
performance, indicating that the requirement for
intermediate outputs introduces additional burden
on the cyclic layers. Figure 2b reports the interme-
diate perplexity of the early-exit variants, showing
that for a fixed model with early exit, allowing
more cycles of computation consistently reduces
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Models Size All | Looped | Loop PQ  ARC-c ARCe LD HS  SQuAD CoQA | Avg | Y| A
Layers Layers Count Avg
VT 124.44M 12 0 - 6289 1903 4381 2597 2892 1259 3937 | 3323 | 3323 -
BCT | 124.44M 2 2 2 6523 2065 4335 2934 2826 1217 396 | 3404 | 34.04 | +081
ers | 1244 2 2 I 6460 2022 4381 3022 2839 1155 3986 | M1 | | o
GPT-2 124.44M 12 12 2 6447 2031 4330 2793 2820 1097 4022 | 33.63
ZTT | 12891M 2 10 2 6523 2005 4461 2888  28.17 1390 3933 | 3431 | 3431 | +108
s | 1259 12 10 1 6551 2065 4423 2645 2846 1328 4047 | 3415 | o[
128.91M 12 10 2 64.69 2022 4478 2942 2833 1355 4068 | 34.52
VT 35482M | 24 0 - 67.63 2150 4907  37.69 3331 1487 4505 | 3845 | 3845 :
BCT | 354.82M | 24 % 2 69.64 2184 4996 3959 3227 1555 4669 | 39.36 | 3936 | +091
Grra2  BoTER | 4SM | 2 % I 6964 2312 5080 3983 3234 1303 4672 | 3935 | Lo
Mo 35482M | 24 2 2 68.10 2253 4858 3800 3221 1225 4608 | 3825
cdium
ZTT | 37067M | 24 2 2 6953 2296 4949 3983 3246 1373 4881 | 3954 | 3954 | +1.09
JirEs | 3706 2 2 1 005 2244 5084 3920 3232 1472 4827 | 3936 | oo | oo
370.67M 24 2 2 68.08 2250 5024 3877 3204 1588 4639 | 39.14
VT 77403M | 36 0 - 7035 2167  49.07 4040 3640 2340  49.87 | 4159 | 41.59 .
BCT | 77403M | 36 36 2 7062 2591 5152 4399 3578 2324 4635 | 42.49 | 42.49 | +090
GPra  BeTEe | T7A0M | 36 36 1 7038 2551 5080 4392 3578 2054 5009 | 429 | o[ T
Laree 77403M | 36 36 2 7116 2543 5055 4196 3598 2174 4720 | 42.00
& ZIT | SILI2M 36 34 2 7104 2557 5135 4395 3503 2068 4990 | 42.63 | 42.63 | +1.04
JirEs | S 36 3 1 7084 2589 5147 4379 3550 2184 4968 | 272 | oo
81L12M | 36 34 2 7048 2574 5133 4365 3520 3128 4883 | 43.79
VT 1.56B 48 0 - 7084 2500 5829 4461 4004 2340 5132 | 4478 | 4478 .
BCT 1.56B 18 8 2 7167 2705 6122 4735 3882 1624 5056 | 4470 | 4470 | 0.08
Gpra  BeTEE | 196B 8 18 1 TN04 2628 6094 4720 3851 1354 5260 | a7 | o[ o
X 1.56B 48 48 2 7178 2637 6089 4729 3752 1474 5108 | 4423
X ZTT 1.63B 8 6 2 7211 2816 6130  48.13 3852 1368 5206 | 4485 | 4485 | +0.07
Jires | 0B 8 6 I 7203 2824 6023 4813 3805 1484 5148 | 4484 | oo
1.63B 48 46 2 7171 2833 6006 4865 3867 2428 5063 | 46.04
VT 6.66B k) 0 - 7628 3063 6561  67.63 5047 3588 6392 | 5577 | 5577 .
BCT 6.66B 2 2 2 7668 3250 6840 6856 4972 3360 6242 | 5599 | 5599 | +022
oT  BCTEE | 600 D D 1 7610 3293 6700 6702 4935 3485 6291 | 5575 | .| oo
i 6.66B 32 32 2 7635 3225 6171 6752 4940 3621 6234 | 5596
: ZTT 6998 2 30 2 7733 3344 6877 6869  49.89 4460 6481 | 5823 | 5823 | 4246
Jires | 6998 n 30 I 7720 3336 6845 682l 4975 4007 6490 | 543 | o o
6.99B ) 30 2 7695 3284 6831  67.65  49.85 4258 6423 | 57.48

Table 2: Results of fine-tuning pretrained models on downstream tasks. For -EE variants, Cycle Avg is the
unweighted average of Avg over fixed Loop Count settings; for AE and other methods, it is identical to Avg. A is
computed w.r.t. the VT Cycle Avg within the same backbone.

Loop Count ‘ 1 2 3 4

Zero Attention | 021 047 054  0.65

Gate Value | 0.55 032 020 0.5
PPL | 37.02 3458 3403 33.99

Table 3: Perplexity (PPL) and Zero Attention metrics of
the Zero Token Transformer (early exit) method on the
C4 dataset with different loop counts.

perplexity and thus improves performance. In Fig-
ure 2c, we plot the average attention score to the
Zero Token across different cycles. Higher atten-
tion reflects the model’s tendency to “opt out” of
deeper recalculation, whereas lower attention cor-
responds to committing more computation to refine
the prediction.

4.2.2 Adaptive Exit with Zero Attention Score

We next investigate whether Zero Atten-
tion—defined as the average attention across all
heads assigned to the Zero Token—can serve as a
stopping criterion for adaptive inference. Specif-

P |02 05 07 10
Avg _Acc | 24.19 26.01 2581 2552
Avg Loop | 1.63 345 378  4.00

Table 4: Selection of the Zero-Token attention threshold
P used as the early-exit criterion, reporting average
accuracy and cycles. Per-task results are provided in
Appendix D.1.

ically, once the Zero Attention score surpasses
a predefined threshold P, the representation is
deemed sufficiently refined, and further cycles are
terminated. The experiments are conducted on the
C4 dataset. In Table 3, we report perplexity (PPL),
Zero Attention, and Gate Value across different
cycle counts. As the loop depth increases, Zero
Attention progressively rises, while the Gate Value
in the feed-forward network declines, suggesting
diminishing returns from continued computation.
Table 4 further investigates the impact of vary-
ing thresholds P on both model accuracy and the
average number of computation cycles. A lower
threshold (P = 0.2) induces early termination,
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Figure 2: Comparison of model performance under equal computational complexity. (a) Effect of varying
computational complexity, where L = 1 denotes the original model with a single layer, and increased complexity
corresponds to repeated model calls. (b) Intermediate results of different models under the “early exit” condition
when the total computational complexity is fixed at 15 (cycles x layers). (¢) Zero-Token attention (dashed) and gate
value (dash-dotted) as a function of the cycled number, explicitly showing their inverse relationship.

Gate ZT | PQ ARC-c ARC-e LD HS SQuAD CoQA | Avg

v v | 6355 1788 4039 15.30 26.84 371 843 | 25.16
v x | 6295 18.04 39.62 1577 26.75 3.60 7.84 | 2493
X v | 6325 18.12  40.07 1522 26.70 4.44 6.88 | 24.95
x x | 63.56 18.41 40.03 1442 26.67 3.14 793 | 24.88

Table 5: Results of the ablation study, where Gate repre-
sents the gating unit in the FFN, and ZT stands for Zero
Token.

substantially reducing computational cost but at
the expense of some performance degradation. In
contrast, a moderate threshold (P = 0.5) strikes a
favorable balance, achieving 26.01% accuracy with
an average of only 3.45 cycles—comparable to or
even exceeding the full 4-cycle baseline. These
results demonstrate that Zero Attention can ef-
fectively guide dynamic computation, enabling
models to adaptively allocate reasoning cycles
while sustaining high performance. This repre-
sents a promising approach for efficient inference
in resource-constrained environments.

To pinpoint the contribution of each component,
we conduct an ablation study by selectively remov-
ing the Zero Token (ZT) or the Gate in the FFN
layer. The results, summarized in Table 5, high-
light the individual and combined effects of these
components. The full model (ZT + Gate) achieves
the highest average accuracy of 25.16%, demon-
strating the complementary benefits of these two
mechanisms. When the Gate is removed, the model
experiences a slight performance drop, indicating
that the gating mechanism refines the computation
flow within the feed-forward network. Similarly,
removing only the Zero Token yields a comparable
drop, suggesting that the Zero Token is important
for dynamic cycle awareness. When both compo-
nents are disabled, the model reaches its lowest

Model FLOPs (G) Params (M) Latency (ms) Memory (MB)
VT_small 15.32 60.65 1.58 415.65
VT 20.76 81.91 2.54 570.03
BCT/HTDCT 20.76 60.65 2.53 487.42
ZTT 21.11 61.77 2.82 511.79
ZTT-AE 19.50 61.77 2.50 483.37

Table 6: Comparison of computational cost, latency, and
memory footprint.

performance, confirming that these mechanisms
jointly contribute to reasoning efficiency and pre-
dictive accuracy. These results further clarify the
role of the Zero Token in our framework. While
head—tail decoupling determines which layers are
reused, the Zero Token provides a control signal for
deciding whether further refinement is beneficial:
its zero-valued branch offers a no-op option un-
der cyclic reuse, while its attention score naturally
supports adaptive exit. Together with the behav-
ior of Zero Attention across cycles, these findings
show that the Zero Token contributes not only to
accuracy but also to compute-efficient inference.

4.3 Computation Comparisons

Table 6 presents a comparison of FLOPs, latency,
and memory usage across different models. Al-
though ZTT introduces a slight computational and
memory overhead compared to BCT/HTDCT, ZTT-
AE demonstrates notable efficiency improvements.
Specifically, it reduces the FLOPs from 21.11G to
19.50G and lowers both latency and memory usage
once the model learns to exit early.

5 Conclusion

We presented the Zero-Token Transformer (ZTT), a
parameter-sharing framework that jointly addresses
the core questions of which layers to reuse, how to
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manage shared parameters, and when to stop iterat-
ing. By decoupling the head and tail layers from the
cyclic process and introducing a learnable Zero To-
ken within each attention block, ZTT enables adap-
tive computation, dynamically adjusting reasoning
depth based on model confidence. Experiments
demonstrate that ZTT is effective for both training
from scratch and fine-tuning pre-trained models,
consistently improving performance under a lim-
ited parameter budget via parameter reuse (with
only minor overhead). The Zero Token not only
supports parameter-efficient reasoning but also pro-
vides a simple criterion for early exiting, reducing
redundant computation while preserving accuracy.
These results highlight the promise of dynamic
parameter-sharing strategies for large-scale lan-
guage models, especially in resource-constrained
settings. We believe that further exploration of zero-
token prompting, gating mechanisms, and cyclic
reasoning will inspire increasingly efficient and
adaptive Transformer designs.

Limitations

In the current design of the Zero-Token Trans-
former, a fixed number of refinement iterations
is employed during the cyclic computation phase
to ensure stable and efficient training. While this
choice provides reliable convergence, it may limit
the model’s flexibility in adapting to inputs of vary-
ing complexity. Future work could explore rein-
forcement learning strategies to dynamically deter-
mine the number of iterations, enabling the model
to adjust its computational effort based on confi-
dence signals or task demands. This would further
enhance both the efficiency and adaptability of the
architecture under constrained resource settings.
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A Experimental Setup
A.1 Evaluation Details

To assess the effectiveness of our proposed method,
we evaluate models on a diverse set of well-
established NLP benchmarks. These benchmarks
span four key reasoning tasks: commonsense phys-
ical reasoning, multiple-choice question answering,
long-term context recall, and natural language in-
ference. We follow the experimental setup and im-
plementation of prior work (Kim et al., 2023; Bae
et al., 2024; Saunshi et al., 2025) and employ the
Language Model Evaluation Harness (Gao et al.,
2024) for consistent evaluation. We report the met-
rics produced by the harness, primarily accuracy
(ACC) and F1 score. In addition, representative
settings in Table 1 were repeated three times and
showed a small standard deviation of around 0.15,
indicating that run-to-run variance is not the main
source of the observed differences.

A.1.1 Reasoning: PIQA

Dataset: The Physical Interaction Question An-
swering (PIQA) dataset (Bisk et al., 2020) evaluates
a model’s ability to reason about everyday physical
interactions. It consists of multiple-choice ques-
tions that require an understanding of how objects
and tools function in real-world scenarios.

Task Objective: Given a short natural language
query, the model must select the most plausible
solution from two candidate answers. This task as-
sesses the model’s ability to infer practical physical
knowledge beyond simple memorization.

Evaluation Metric: Accuracy (ACC), measuring
the proportion of correctly predicted answers.

A.1.2 Multiple-Choice Question Answering:
ARC Challenge and ARC Easy

Dataset: The AI2 Reasoning Challenge
(ARC) (Clark et al., 2018) is a standardized
multiple-choice QA benchmark designed to
evaluate a model’s ability to answer science-related
questions. It consists of two subsets:

* ARC Challenge: A more difficult subset re-
quiring complex reasoning and deeper knowl-
edge retrieval.

* ARC Easy: A simpler subset containing fac-
tual questions that can often be answered with
surface-level understanding.

Task Objective: The model is provided with a
science-related question and four answer choices,

from which it must select the correct one. The
dataset requires a combination of commonsense
reasoning, logical inference, and scientific knowl-
edge to achieve high performance.

Evaluation Metric: Accuracy (ACC), computed
as the percentage of correctly answered questions.

A.1.3 Long-Term Context Recall: LAMBADA

Dataset: The LAMBADA dataset (Paperno et al.,
2016) is specifically designed to assess a model’s
capability for long-range context comprehension.
Unlike standard language modeling tasks, LAM-
BADA requires a model to retain and process in-
formation over an extended passage to predict a
crucial missing word.

Task Objective: Given a long contextual passage,
the model must predict the final missing word of
the last sentence. The difficulty arises from the fact
that the target word is nearly impossible to guess
without understanding the full passage.

Evaluation Metric: Accuracy (ACC), where a
prediction is considered correct if the entire target
word matches the ground truth exactly.

A.1.4 Natural Language Inference:
HellaSwag

Dataset: The HellaSwag dataset (Zellers et al.,
2019) is an advanced benchmark designed to evalu-
ate commonsense inference and story continuation.
It builds on the SWAG dataset by incorporating
adversarial filtering, making it more challenging
for models to rely on surface-level heuristics.

Task Objective: Given an incomplete story or
event description , the model must select the most
logical next step from four possible continuations.
This requires strong contextual understanding and
the ability to anticipate real-world event progres-
sions .

Evaluation Metric: Accuracy (ACC), measuring
how often the model correctly predicts the most
plausible continuation.

A.1.5 Reading Comprehension: SQuAD

Dataset: The Stanford Question Answering Dataset
(SQuAD) (Rajpurkar et al., 2016) is a widely-used
benchmark for evaluating extractive question an-
swering systems. It contains questions posed by
crowdworkers on a set of Wikipedia articles, with
answers being spans from the corresponding para-
graphs.

Task Objective: Given a context paragraph and
a question, the model must extract a text span from
the context that correctly answers the question.
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Evaluation Metric: We report the F1 score,
which measures the token-level overlap between
the predicted span and the ground truth answer.
This provides a balanced metric that accounts for
partial matches and is widely used in QA bench-
marks.

A.1.6 Conversational QA: CoQA

Dataset: The Conversational Question Answering
(CoQA) dataset (Reddy et al., 2019) assesses a
model’s ability to engage in multi-turn question
answering where the questions are conversational
and often depend on dialogue history.

Task Objective: Given a passage and a sequence
of previous question-answer pairs, the model must
answer the current question in natural language.
The task requires context tracking and conversa-
tional understanding.

Evaluation Metric: We follow the official CoQA
evaluation metric, which measures word-level F1
score between the predicted and reference answers.

A.2 Training and Fine-Tuning Settings

In this section, we describe the training settings
for both pre-training from scratch and fine-tuning
of pre-trained models. The fine-tuning stage is
required for all models before final evaluation,
while models trained from scratch undergo both
pre-training and fine-tuning. The fine-tuning hyper-
parameters are kept consistent across both settings.

A.2.1 Pre-Training from Scratch

For models trained from scratch, we first conduct
pre-training on the C4 English dataset (Raffel et al.,
2020). The pre-training process follows these con-
figurations:

Pre-Training Protocol
* Dataset: The C4 English subset.

* Computing Resources: We utilize an A800
GPU cluster for training.

» Batch Size per GPU: 80, with gradient accu-

mulation to maintain a global batch size of
256.

* Training Steps: The model is trained for a
total of 10B tokens.

* Optimizer: AdamW with a weight decay of
0.01.

* Learning Rate: A linear warmup is applied
for the first 1% of total steps, followed by a
cosine decay schedule.

* Precision: Training is performed in half-
precision (FP16) to optimize memory effi-
ciency.

After pre-training, the models proceed to the fine-
tuning stage before being evaluated on downstream
tasks.

A.2.2 Fine-Tuning Settings

Before evaluating on the test datasets, we fine-tune
our models using the corresponding training sets.
For pre-trained models, only fine-tuning is per-
formed, while models trained from scratch undergo
both pre-training and fine-tuning. The fine-tuning
process is conducted under the same computational
settings as pre-training.

Fine-Tuning Protocol

* Fine-Tuning Epochs: Each dataset is fine-
tuned for 3 epochs.

» Batch Size per GPU: 20, with gradient accu-
mulation ensuring an effective batch size of
80.

* Optimizer: AdamW with a 0.01 weight decay.

* Learning Rate: The default Hugging Face
Trainer API learning rate is used.

* Prompt Engineering: We utilize prompt tem-
plates from promptsource (Bach et al., 2022)
to better adapt models to the task format.

* Computing Resources: The same A800 GPU
cluster is used as in pre-training.

* Training Framework: Fine-tuning is imple-
mented with Hugging Face’s Trainer API.

Dataset-Specific Fine-Tuning Details Fine-
tuning is performed on the following datasets be-
fore model evaluation. Table 7 summarizes the
fine-tuning settings and the subset sizes used in our
experiments.

A.3 Early-Exit Training Settings

To ensure effective intermediate predictions when
early-exit mechanisms are applied, we implement
additional training for intermediate classifier heads.
This helps maintain meaningful intermediate out-
puts, preventing degradation in performance due to
premature exits.
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Dataset Epochs | Training Size | Validation Size
PIQA 3 16,000 1,838
ARC Challenge 3 1,119 1,172
ARC Easy 3 2,251 2,376
LAMBADA 3 4,869 4,869
HellaSwag 3 39,905 10,042
SQuAD 3 130,319 11,873
CoQA 3 7,199 500

Table 7: Fine-tuning settings for each dataset, including
the number of training epochs and dataset sizes.

A.3.1 Classifier Placement

* Simple Cycling: The classification head is
placed only at the final output layer.

* Head-Tail Separation: The classification head
is placed at both the final layer and the last
shared layer before cycling begins.

A.3.2 Training Strategy for Early-Exit Models

To optimize models for early exits, we introduce ad-
ditional supervision at intermediate layers. Instead
of relying solely on the final output, we ensure that
multiple exit points are trained effectively.

* Intermediate Supervision: The model is
trained to produce meaningful predictions at
designated early-exit points.

 Exit Point Optimization: Models with multi-
ple cycling blocks undergo training to align
their intermediate outputs with final predic-
tions, improving robustness across different
exit depths.

* Gradual Refinement: The early-exit heads are
optimized using the same fine-tuning data, en-
suring consistency across all prediction layers.

By integrating these early-exit classifiers and
fine-tuning them separately, we ensure that models
can gracefully exit at earlier layers without sac-
rificing predictive accuracy. This design allows
our method to maintain efficiency while preserving
strong performance across different computational
budgets.

B Comparisons on Language Modeling
Task

We study the language modeling ability of our
model on the WikiText-2 dataset>. We compare
our method with PonderNet (Banino et al., 2021),

2https://huggingface.co/datasets/Salesforce/
wikitext

Model Perplexity
PonderNet (Banino et al., 2021) 232.46
RRT (Bae et al., 2024) 176.52
SOLAR (Kim et al., 2023) 180.56
CLAM (Schuster et al., 2022) 177.42
BCT 178.87
HTDCT 174.23
ZTT 172.40

Table 8: The perplexities from competing models on the
WikiText-2 dataset.

Relaxed Recursive Transformers (RRT) (Bae
et al., 2024), SOLAR (Kim et al., 2023), and
CALM (Schuster et al., 2022). We implement
PonderNet by incorporating its early-exit mecha-
nism into a ~7M-parameter Transformer trained on
WikiText-2; however, it yields significantly worse
perplexity, possibly due to conflicts between the
KL-divergence objective and standard language
modeling. For a fair comparison, RRT and SO-
LAR follow their original training protocols and
are trained from scratch rather than fine-tuned on
WikiText-2; meanwhile, we adapt CALM to our
cyclic, parameter-sharing setting for a direct com-
parison under the same backbone and compute bud-
get.

As shown in Table 8, our model achieves the
lowest perplexity on the WikiText-2 dataset and
consistently performs competitively across multi-
ple downstream benchmarks. These results suggest
that ZTT consistently outperforms or matches exist-
ing adaptive-depth and recurrent baselines, demon-
strating the effectiveness of its cyclic parameter
sharing strategy in enhancing both language mod-
eling and task generalization.

C Simple Theoretical Analysis

We provide a preliminary theoretical perspective
by framing our cyclic updates as a fixed-point itera-
tion, following the viewpoint of Deep Equilibrium
Models (Bai et al., 2019). Let H™ denote the
hidden representation at the n-th iteration, and let
f(+) be the update function. Each iteration is then
defined as:

H@+) — f(H(n)) 5)

As the difference ||[H(™ 1) — H(™)|| approaches
zero, the sequence converges to a fixed point H*. In
conventional Transformers, learning an exact iden-
tity mapping (i.e., a “no-op” step) can be difficult,
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P PQ ARC-¢  ARC-e LD HS SQuAD CoQA Avg
0.2 Loop 1.82 1.61 1.42 1.72 1.33 1.83 1.72 1.63
) Acc 63.02 17.99 39.04 1526 26.79 2.17 5.06 24.19
0.5 Loop 2.9 3.23 3.13 3.56 3.77 3.82 3.78 3.45
) Acc 63.22 18.17 41.46 1527 26.87 3.58 10.23 26.01
0.7 Loop 3.87 3.42 3.47 3.93 3.99 3.92 3.89 3.78
) Acc 64.15 18.34 41.25 14.67 26.97 3.33 11.91 25.81
1 Loop 4 4 4 4 4 4 4 4
Acc 63.55 18 41.04 13.59 26.93 3.48 12.07 25.52
Table 9: More detailed results on adaptive reasoning loop counts.
. All |Looped | Loop
Models | Size Layers| Layers | Count PQ ARC-c ARC-e LD HS SQuAD CoQA| Avg |Cycle_Avg
1 [63.06 18.69 40.03 16.13 26.64 337 482 |24.67
2 [63.60 17.83 4036 1534 26,76 428  5.00 |24.73
Wo Gate|60.66M) 3 ! 3 (6311 18.03 3986 1571 2684 675 732 |2537| 2+
4 6322 17.92 4003 1370 26.65 3.37 1039 |25.04
1 [62.72 1775 39.81 1537 2681 3.16  5.85 |24.49
2 (6292 1822 4032 1650 26.76 333  6.57 |24.94
WoZT |61.76M| 3 ! 3 [63.02 1777 4019 1622 2688 358 721 |2498] 4%
4 |63.12 1843 38.17 1498 2655 436 11.75 (2533

Table 10: More detailed ablation study results, including each early-exit outcome.

as each sub-layer inevitably introduces numerical
changes.

Our Zero Token mechanism enables a more di-
rect path to approximate identity mappings. When
the model attends predominantly to the Zero Token
(whose value is fixed at zero), the resulting output
update becomes negligible, effectively indicating
that no further refinement is required. Unlike stan-
dard residual connections—which are hard-coded
architectural paths—this behavior is softly learned
via attention, allowing the model to discover near-
identity transformations once it has reached a sta-
ble state, and is complementary to other inference-
efficiency techniques such as efficient decoding and
layer skipping (Shazeer, 2019; Hua et al., 2022; El-
houshi et al., 2024).

D More Experimental Results

To further analyze the effectiveness of our method,
we present additional adaptive reasoning loop and
ablation experiments in Table 9 and Table 10.

D.1 Analysis of Adaptive Reasoning L.oops

Table 9 presents results on our adaptive reasoning
loop mechanism, where the model dynamically
determines the number of iterations based on the
Zero Attention threshold (P).

Key observations:

* Low threshold (P = 0.2) results in early ex-
its (1.63 cycles) but slightly lower accuracy

(24.19%).

* Balanced performance at P = 0.5: The model
averages 3.45 cycles and reaches 26.01% ac-
curacy, achieving strong efficiency gains.

* Higher thresholds (P = 0.7) lead to more
computation (3.78 cycles) and slight accuracy
gains (25.81%), but with diminishing returns.

* Full computation (P = 1) does not signifi-
cantly outperform adaptive strategies, confirm-
ing that early exit can maintain performance.

These results demonstrate that adaptive early exit
strategies reduce computation while maintaining
accuracy, with P = 0.5 being the most efficient
trade-off.

D.2 Ablation Study on Zero Token and
Gating Mechanism

Table 10 provides a detailed breakdown of our abla-
tion study, evaluating the impact of the Zero Token
(ZT) mechanism and the gating unit (Gate) in the
feed-forward network (FFN). The results highlight
the individual and combined contributions of these
components.

Key findings:

* The full model (ZT + Gate) achieves the high-
est accuracy (25.16%), demonstrating that
both components are essential.
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* Removing the Gate leads to a slight perfor-
mance drop (24.95%), suggesting that gating
helps refine reasoning.

* Removing the Zero Token reduces accuracy
further (24.93%), indicating its role in guiding
iterative reasoning.

¢ The baseline model (without ZT and Gate)
achieves the lowest accuracy (24.88%), con-
firming that both components contribute posi-
tively.

These results validate that both Zero Token and
Gate are essential for maximizing model efficiency
and reasoning quality.

D.3 Alternative Approaches: Iteration
Embeddings and Input Recalls

Methods such as (Geiping et al., 2025) determine
exit points by comparing representations across
consecutive iterations, which can incur extra rea-
soning steps and computational cost—especially in
deep models. Our method, by contrast, uses atten-
tion to the Zero Token as a soft termination signal,
providing a lightweight and effective mechanism
for early stopping.

Model Perplexity
HTDCT + Cycle Pos Embedding 172.58
HTDCT + PLUG 175.14
BCT 178.87
HTDCT 174.23
ZTT 172.40

Table 11: Comparisons of competing models on

WikiText-2.

D.4 Fixed Maximum Cycles

In our experiments, we train models with a fixed
maximum loop count (e.g., N = 5). At inference
time, however, we assess the model’s robustness
when the number of cycles is extended beyond this
training horizon. We observe that ZT (Zero Token)
generalizes well, maintaining stable performance
by reusing the Zero Token signal from the final
iteration. In contrast, BC (Baseline Cycling) tends
to degrade due to overthinking, where repeated
iterations introduce noise rather than refinement.

Table 12 illustrates this behavior. When extrapo-
lating from 5 to 10 cycles, ZT continues to improve
slightly or plateaus, while BC shows diminishing
returns and even performance degradation.

D.5 Controlling for Parameter Count

For GPT-2 and OPT, the ZT design introduces addi-
tional trainable components—namely the K vectors,
a Zero Token Pool, and gating units—compared
to BCT/BCT-EE. To evaluate whether these extra
parameters are the primary reason behind perfor-
mance improvements, we created a control base-
line: BC with matched parameters, achieved by
integrating prefix tuning and projection layers to
approximately match ZT’s parameter count.

Table 13 reports the results. Even under com-
parable parameter budgets, ZT consistently out-
performs BCT/BCT-EE, especially on generative
tasks such as SQuAD and CoQA,. This suggests
that ZTT’s advantage arises not merely from ex-
tra capacity, but from its structural innovation and
learned refinement dynamics.

D.6 Attribution of Gains (HTDCT vs. ZTT)

To isolate the contribution of each technique under
the fine-tuning setting, we conducted additional ex-
periments on GPT-2 and GPT-2-medium. We com-
pared HTDCT and its early-exit variant HTDCT-
EE under different loop counts and juxtaposed
these with ZTT. Based on the results in Table 14
and their aggregated summaries in Table 15, we
conclude that the primary performance improve-
ment (approximately +1 Avg) arises from HTDCT,
while ZTT provides a smaller but consistent ad-
ditional gain of about +0.1 Avg, alleviates loop
conflicts, and enables early-exit behavior. These
findings suggest that HTDCT serves as the main
driver of task-level accuracy gains, establishing a
robust foundation for cyclic refinement, whereas
ZTT complements it by improving convergence
stability and inference adaptability. In practical
scenarios, HTDCT should be prioritized when ac-
curacy is the main concern, while the combination
of HTDCT and ZTT is preferred when inference
efficiency, stability, and robustness are also critical
considerations.

D.7 Additional Evidence on LLaMA-2-7B

To further evaluate the generality of our method on
a stronger backbone, we conduct additional experi-
ments on LLaMA-2-7B. Across seven benchmarks
(Table 16), ZTT consistently outperforms the cor-
responding cyclic baseline under a comparable pa-
rameter budget, and these gains remain stable for
the early-exit variants. Notably, the improvements
are more pronounced on this stronger backbone,
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Model 1 2 3 4 5 6 7 8 9 10
BCT 206.61 19358 189.88 188.21 187.34 186.89 186.69 188.54 188.64 188.81
ZTT 169.45 167.82 164.61 163.18 162.39 161.89 161.56 161.53 161.52 161.54

Table 12: Perplexity comparison when increasing the number of inference cycles beyond the training limit (N = 5).

Model | Params | PQ ARC-C ARC-E LD HS |SQuAD CoQA| Avg Cycle Avg
BCT (1.63B) |72.06 27.56 6125 47.32 38.55| 14.55 49.25 |44.36 4436
GPT2-XL 7258 27.03 6092 47.21 38.22| 15.02 49.31 |44.33
BCTEE(L63B) 17130 2606 6112 47.30 38.05| 1662 49.02 4434 33
BCT (6.99B) [77.05 33.01 6852 67.99 49.81| 36.88 63.28 |56.65 56.65
OPT-6.7B 76.93 3245 67.82 67.88 49.69| 37.21 62.96 |56.42
BCTEE(699B) 176 12 3312 6745 68.06 49.52| 3542 63.02 |56.00 020
Table 13: Evaluation results on different benchmarks.
Model |Method  [Loop| PQ ARC-C ARC-E LD HS SQuAD CoQA| Avg Cycle Avg
HTDCT 2 6513 20.82 4444 28422823 13.11 39.06 |34.17 34.17
GPT-2 1 16507 2039 4470 28.26 2839 12.52 40.18 [34.21
HTDCTEE| o453 2011 4423 2833 2828 1233 4084 [3400 -1
HTDCT 2 |69.42 2235 4920 39.76 32.33 14.87 48.16 [39.44 39.44
GPT-2-medium 1 |69.64 2244 50.17 39.28 32.14 1432 47.88 [39.41
HIDCTEE! 16010 2167 5021 3807 3234 1491 4729 [3008 24

Table 14: Attribution of Gains: HTDCT vs. ZTT (rebuttal experiments). “Avg” is the average over all listed tasks;
“Cycle Avg” averages across loop counts for the corresponding method.

Model VT HTDCT 71T
GPT-2 3323 34.17 (+0.94 vs. VT)  34.31 (+0.14 over HTDCT)
GPT-2-medium  38.45 39.44 (+0.99 vs. VT)  39.54 (+0.10 over HTDCT)

Table 15: Aggregated averages. HTDCT delivers the primary gain (=+1 Avg) over VT; ZTT adds a consistent

~+0.1 Avg on top.

which is consistent with our main observation that
cyclic refinement benefits more from stronger base
representations.

Beyond these standard reasoning benchmarks,
we also examine whether the advantages of ZTT
transfer to open-ended generation. Since LLaMA-
2-7B provides a stronger foundation for generative
evaluation, we further test ZTT on GSM8K (Cobbe
et al., 2021), where the model must generate the
final numeric answer for each math word problem.
This setting complements our classification and
extractive QA results by probing autoregressive de-
coding under non-trivial multi-step reasoning. As
shown in Table 17, ZTT again yields clear improve-
ments, including for its adaptive/early-exit variants,
suggesting that the benefits of our method extend
beyond discriminative tasks to sequence genera-
tion.

D.8 Layer-wise Representation Similarity of
GPT-2

To better understand where parameter cycling is
most appropriate, we analyze the layer-wise repre-
sentation similarity of a pretrained GPT-2 model.
Concretely, we run the model on a held-out corpus
and record the hidden states after each Transformer
block. For each layer [, we average the token repre-
sentations over the corpus to obtain a single vector
h; € R% We then compute a cosine-similarity
matrix o
___hh
7 |hillz [yl

where 7, j index layers including the embedding
(layer 0) and the final block.

Figure 3 visualizes this cosine-similarity matrix.
We observe a clear block structure: (1) The middle
layers form a highly homogeneous cluster with
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Method | PQ ARC-c ARC-e LD HS SQuAD CoQA | Avg | CyceAvg | A
VT | 7813 4300 7542 7919 57.10 4415 7794 | 6499 | 6499 | -
BCT | 79.82 47.10  77.15 8125 57.87 4656 7882 | 66.94 | 6694 | +1.95

BCLEE | 7840 4590 7727 8139 5778 4732 7832 | 66.63 66.93 loa

79.00 46.08  77.95 80.78 57.79 4999  79.13 | 67.24
ZIT | 8118 5265 80.60 8258 58.18 51.82 8256 | 69.94 | 69.94 | +4.95
SrrEE | 8014 5128 7992 8217 5789 4982 8036 | 68.80 611 b
80.96 50.85  80.22 8254 58.08 5232  81.01 | 69.43

Table 16: Results on LLaMA-2-7B across seven benchmarks. Cycle Avg averages Avg over the early-exit settings

of each EE variant.

Model ‘ VT BCT BCT-EE ZTT ZTT-EE ZTT-AE

GSMSK Acc. ‘ 29.57 33.66 33.42 36.46 35.93 36.61

Table 17: GSMS8K results on LLaMA-2-7B.
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Figure 3: Cosine similarity between layers of the pre-
trained GPT-2 model.
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cosine similarity close to 1.0, indicating that these
layers implement very similar transformations in
the representation space. (2) In contrast, the first
few layers (near the input side) and the last few
layers (near the output side) are noticeably less
similar to the others and to each other, suggesting
that they are more specialized for input encoding
and output decoding, respectively.

These observations support the design choice
behind our HTDCT module. Since the middle lay-
ers behave in a highly redundant manner, they are
good candidates for parameter cycling and depth
extension under a fixed parameter budget. On the
other hand, the input- and output-facing layers play
distinct roles and therefore benefit from remaining
unshared, preserving specialized processing at the
head and tail of the network.

E Impact Statement

This work proposes a parameter-efficient approach
for cyclic Transformers, aiming to enhance large
language models under fixed resource constraints.
We believe our contributions could lower the hard-
ware and computational barriers to training and
deploying high-capacity models, thereby democra-
tizing advanced language technologies for broader
communities. As with any method that enhances
model efficiency, careful consideration is required
to ensure responsible deployment. While increased
accessibility can accelerate innovation, it also un-
derscores the importance of robust safeguards
against potential biases in training data or unin-
tended misuse. Future work should focus on inte-
grating stronger alignment techniques and ethical
guidelines to mitigate these concerns. Overall, we
anticipate that our technique will foster innovation
in developing resource-friendly language models
while encouraging responsible Al practices to max-
imize societal benefits.

F The Use of Large Language Models

Large language models (LLMs) were used exclu-
sively for language polishing of this manuscript,
including improving clarity, grammar, and minor
rewording. They were not used for study design,
data collection, annotation, analysis, experiment
execution, or result generation. All edits suggested
by LLMs were carefully reviewed and approved
by the authors before inclusion. We did not upload
proprietary evaluation data beyond the manuscript
text, and the authors take full responsibility for
the accuracy, originality, and integrity of the final
content. The use of LLMs does not affect the re-
producibility of the experiments or the validity of
the reported findings.
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