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Abstract

Large language models achieve strong rea-
soning but require substantial parameters and
memory, limiting deployment in resource-
constrained settings. We introduce the Tiny
Recursive Language Model (TRLM), a small
masked non-autoregressive model that in-
creases effective computation depth through
shared-weight recursion. TRLM represents a
masked sequence with input, answer, and la-
tent reasoning states. A shared Transformer
repeatedly refines the latent reasoning state,
conditioning each update on trajectory time
and step size via adaptive layer normalization.
Training combines long- and short-trajectory
answer-prediction losses with representation-
level consistency. At inference, TRLM recur-
sively refines latent states and fills all masked
answer tokens in a single parallel decoding
pass. We pretrain TRLM on approximately
one billion OpenWebText and FineWeb-Edu to-
kens, then fine-tune and evaluate it on GSM8K
and SVAMP against scratch-pretrained GPT-2-
style, Gemma-4-Text-style, Diffusion-Gemma-
style, and Mamba-2-style baselines. TRLM
matches the best observed GSM8K result with
2.88% exact-match accuracy and achieves the
highest SVAMP point estimate in our con-
trolled comparison at 9.00%. Performance is
non-monotonic with recursion depth: the high-
est observed GSM8K accuracy occurs at eight
steps, whereas SVAMP peaks at four, suggest-
ing that the preferred recursion depth may de-
pend on the task in this setting.

1 Introduction

Scaling dominates the current paradigm in Natural
Language Processing. State-of-the-art Large Lan-
guage Models (LLMs), such as DeepSeek R1 (Guo
et al., 2025) and Gemini 3 (Team et al., 2025),
achieve their capabilities primarily through mas-
sive parameter counts and computationally expen-
sive inference strategies like Test-Time Compute

(TTC) (Snell et al., 2024). To solve complex rea-
soning tasks, these models rely heavily on Chain-
of-Thought (CoT) prompting (Wei et al., 2023),
attempting to mimic human deduction by gener-
ating intermediate steps. However, this approach
faces a fundamental bottleneck. Auto-regressive
generation is inherently brittle; a single incorrect
token early in the sequence can cascade, rendering
the entire reasoning chain and the final answer in-
valid (You et al., 2025). Furthermore, the efficacy
of CoT is contingent upon high-quality reasoning
data, which is often scarce or unavailable, making
the process both data-hungry and computationally
expensive (Shum et al., 2024).

These limitations are particularly relevant in
small-scale language modeling, where increasing
model size is not always a desirable or practical
route to improved reasoning. This motivates ar-
chitectures that can make more effective use of a
limited parameter budget. In this work, we study a
complementary form of efficiency: rather than in-
creasing the number of learned parameters, we ask
whether a compact model can increase its effective
reasoning depth by reusing the same computation
module recursively. This makes it possible to trade
additional inference-time computation for reason-
ing depth while keeping the parameter count fixed.

A promising alternative to sheer scale is recur-
sive reasoning, where a smaller model iteratively
refines its internal state to solve a problem. This
direction was recently pioneered by the Hierarchi-
cal Reasoning Model (HRM) (Wang et al., 2025),
demonstrating that a relatively small, 27-million-
parameter model could outperform substantially
larger language models on several puzzle-based
reasoning benchmarks. HRM consists of two cou-
pled recurrent modules operating at different up-
date rates: a low-level module (fL), which updates
frequently to perform rapid, detailed computations,
and a high-level module (fH ), which updates less
frequently to support slower, more abstract reason-
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ing. Its training method is theoretically motivated
by the Implicit Function Theorem (IFT) (Krantz
and Parks, 2002) and deep equilibrium models (Bai
et al., 2019). HRM uses a one-step gradient ap-
proximation that backpropagates only through the
most recent update of each module while treating
earlier recurrent states as constants.

The Tiny Recursive Model (TRM) (Jolicoeur-
Martineau, 2025) is a streamlined architecture built
on the philosophy that “Less is More.” Unlike
its predecessor, TRM uses a single ultra-compact
network consisting of only two layers. Instead of
complex hierarchies, it employs a straightforward
recursive process in which the model repeatedly
updates a latent reasoning trace (z) and a predicted
answer (y). TRM uses Deep Supervision, in which
prediction losses are applied repeatedly across re-
cursive updates rather than only to the final output.
With Nsup = 16 supervision steps, this allows the
small architecture to emulate the effective compu-
tational depth of a much deeper model.

More recently, Tiny Autoregressive Recursive
Models (Rauba et al., 2026) adapted TRM-style
refinement to causal next-token prediction under
controlled, compute-matched settings. Although
simpler two-level refinement baselines performed
competitively, the full autoregressive TRM archi-
tecture did not provide reliable additional gains.
In contrast, our work investigates recursive refine-
ment in a non-autoregressive masked-prediction
setting, where a latent reasoning state is refined
before answer tokens are predicted in parallel.

Instead of learned halting, TRLM uses explicitly
specified, trajectory-conditioned recursion sched-
ules.

Our objective is to adapt this architecture, origi-
nally validated on puzzles such as ARC-AGI (Chol-
let, 2019), to generative, text-based reasoning tasks.
We discard the fixed-point assumptions and biolog-
ical constraints of earlier formulations and adopt
a simpler interpretation: y represents the answer
state used for prediction, while z serves as a per-
sistent latent reasoning state. Deliberately keeping
the model small substantially reduces its param-
eter count and per-recursion computational cost.
Rather than providing constant memory efficiency,
the architecture offers a flexible compute–memory
trade-off: resource usage increases with the num-
ber of recursive steps, but trajectory conditioning
enables the model to achieve performance close
to that of much deeper recursive trajectories even
when only a small number of steps is used. Thus,

TRLM increases computational depth through re-
cursion rather than additional parameterized layers.
This makes it well suited to small-model settings
because the parameter budget remains fixed while
inference-time computation scales with recursive
steps. Our main contributions are summarized as
follows:

• Adaptation of recursive architectures for
non-autoregressive language modeling: We
introduce TRLM, which adapts the Tiny Re-
cursive Model idea from static puzzle-solving
to text reasoning.

• Trajectory-conditioned recursive refine-
ment for masked language modeling: Build-
ing on trajectory-conditioned looped compu-
tation (Jeddi et al., 2026), we adapt normal-
ized trajectory-time and step-size condition-
ing to a masked non-autoregressive architec-
ture with separate answer and latent reason-
ing states. These signals are injected into the
shared Transformer blocks through adaptive
normalization, allowing the same reasoning
module to behave differently across refine-
ment stages.

• Shared-weight computation for parameter-
efficient reasoning: TRLM increases effec-
tive computation depth by repeatedly apply-
ing the same Transformer reasoning module
rather than adding independently parameter-
ized layers. This allows a small model to trade
additional inference-time computation for ef-
fective depth without increasing its learned
parameter count.

• Controlled downstream architecture com-
parison: We fine-tune TRLM on GSM8K
and SVAMP and compare it with scratch-
pretrained GPT-2-style (Radford et al., 2019),
Gemma-4-Text-style (Team et al., 2026),
Diffusion-Gemma-style (Google DeepMind,
2026), and Mamba-2-style (Dao and Gu,
2024) baselines trained with the same tok-
enizer, data mixture, token budget, and evalu-
ated with the same numeric exact-match met-
ric.

• Analysis of inference-time recursion depth:
We evaluate multiple recursion depths under
a fixed single-pass parallel decoding proce-
dure and observe non-monotonic accuracy
across depths, with different depths attaining

359



the highest point estimates on GSM8K and
SVAMP.

2 Related Work

2.1 Parameter Sharing and Recurrent Depth
A central line of work related to TRLM obtains
effective depth by repeatedly applying a shared
computation module rather than stacking indepen-
dently parameterized layers. The Universal Trans-
former recurrently applies one transition function
across depth, refining token states over multiple
steps and thereby decoupling computation depth
from parameter count (Dehghani et al., 2019). This
connects layer sharing to recurrent computation
and backpropagation through time (Werbos, 1974;
Lillicrap and Santoro, 2019), while inheriting the
optimization difficulties of long recurrent trajecto-
ries (Pascanu et al., 2013). Adaptive halting allows
a model to learn when to stop iterative computation,
while conditional computation adjusts the amount
or path of computation based on the input. Both
approaches therefore treat depth as an input- or
position-dependent inference-time resource. How-
ever, discrete or stochastic routing can complicate
training (Graves, 2017; Dehghani et al., 2019; Ben-
gio et al., 2013).

Recent recursive and looped language models
extend this idea to test-time reasoning. Relaxed Re-
cursive Transformers combine shared-depth com-
putation with layer-specific low-rank adaptations,
balancing exact weight tying with per-layer spe-
cialization (Bae et al., 2025). LoopFormer intro-
duces elastic-depth looped Transformers trained
over variable-length trajectories, conditioning each
loop on normalized trajectory time and step size
and using shortcut-consistency training to align rep-
resentations produced by trajectories of different
lengths (Jeddi et al., 2026). Other recurrent-depth
approaches repeatedly apply shared Transformer
modules to increase internal computation without
enlarging the base model (Geiping et al., 2025;
Saunshi et al., 2025). In contrast to autoregressive
test-time scaling, which typically lengthens visi-
ble reasoning traces, recurrent depth increases the
transformations applied before prediction (Snell
et al., 2024). TRLM follows this shared-weight tra-
dition but adapts trajectory-conditioned recursive
computation to masked language modeling through
separate answer and latent reasoning states.

2.2 Latent Reasoning
Latent reasoning methods move part of reasoning
from explicit text tokens into continuous hidden
representations. This addresses a limitation of
chain-of-thought generation: intermediate reason-
ing must be serialized into natural language and is
exposed to autoregressive error accumulation (Wei
et al., 2023; You et al., 2025). Coconut reuses a
final hidden state as a continuous thought repre-
sentation, feeding it back into the model without
first decoding a discrete token (Hao et al., 2025).
Related work treats reasoning as iterative computa-
tion over hidden states, either by increasing recur-
rent depth at test time or by looping Transformer
computation in latent space (Geiping et al., 2025;
Saunshi et al., 2025; Zhu et al., 2025; Tan et al.,
2026). TRLM shares this shift from visible ratio-
nales to internal refinement, but organizes the latent
process differently: instead of inserting continuous
thoughts into an autoregressive chain, it maintains
separate answer and reasoning states, denoted by
y and z, and predicts masked answer tokens in
parallel after recursive refinement.

2.3 Masked and Non-Autoregressive
Language Generation

Autoregressive language models factorize genera-
tion from left to right, so each new token becomes
conditioning context for later decisions (Radford
et al., 2019). This is natural for open-ended continu-
ation, but it makes decoding sequential and exposes
later predictions to prefix-level errors. Masked and
non-autoregressive generation instead treats the tar-
get span as an unknown canvas: observed context
remains fixed, and hidden positions are predicted
from a bidirectional representation of the available
sequence, allowing multiple target tokens to be
scored in parallel.

Masked and diffusion-based language models
show that text generation need not follow strict
left-to-right autoregression. Discrete diffusion lan-
guage models, such as DiffusionGemma, generate
text through a multi-step denoising process over
discrete token representations (Google DeepMind,
2026). TRLM, however, is not a diffusion language
model: it does not define a diffusion/noising pro-
cess or a multi-step denoising trajectory over the
output tokens. Instead, TRLM uses a masked non-
autoregressive interface while performing recursive
computation in a continuous latent reasoning state.
After the latent state has been refined for a fixed
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number of recursive steps, all masked answer posi-
tions are predicted once in parallel.

3 Method

3.1 Tiny Recursive Language Model
Figure 1 provides an overview of the TRLM ar-
chitecture and its recursive latent-refinement pro-
cedure. The Tiny Recursive Language Model
(TRLM) is a masked non-autoregressive model that
increases effective depth by recursively reusing a
shared Transformer reasoning module. Increasing
recursion depth adds computation but does not add
parameters. For a masked input sequence

s = (s1, . . . , sL),

the token embedding layer produces a fixed input
representation

x = E(s) ∈ RB×L×d.

TRLM also maintains an answer state y(0) and a
persistent latent reasoning state z(k), initialized as

y(0) = 0, z(0) = 0.

During recursive reasoning, x remains fixed while
z is refined; the answer state is updated only after
the final reasoning state has been obtained.

At recursive step k, the model concatenates the
input, answer, and reasoning states and projects
them back to the model dimension:

h
(k)
0 = Wc

[
x;y(0); z(k)

]
+ bc.

This hidden sequence is processed by the shared
Transformer reasoning module,

h
(k)
ℓ = Tθ,ℓ

(
h
(k)
ℓ−1; c

(k)
)
, ℓ = 1, . . . , N.

The same layer stack {Tθ,ℓ}Nℓ=1 is reused for all
recursion steps, and the reasoning state is updated
residually:

z(k+1) = z(k) +Dropout
(
h
(k)
N

)
.

We use externally specified recursion trajectories
rather than a learned halting variable. Conse-
quently, the number and sizes of recursive updates
are known during each forward pass. This avoids
the implementation overhead of a separate qhalting
prediction head and the additional optimization bur-
den of learning when to stop recurrent computation.

The compute budget is instead controlled directly
by the chosen trajectory: the number of step sizes
determines recursion depth, and their values de-
termine how the normalized refinement interval is
traversed. Trajectory time tk and step size ∆tk also
tell the shared module which refinement stage it is
executing, allowing the same weights to specialize
their behavior across early and late updates.

Following the trajectory-conditioning formula-
tion used in LoopFormer (Jeddi et al., 2026), each
recursive step is conditioned on its normalized tra-
jectory time tk and step size ∆tk:

e(k) = MLPt(tk) +MLP∆t(∆tk).

A conditioning projection maps e(k) to adaptive
normalization parameters for the attention and feed-
forward branches of the shared Transformer. In
this way, the same pre-normalized Transformer
stack, implemented with rotary positional embed-
dings, grouped-query attention, and SwiGLU feed-
forward layers, can behave differently at early and
late refinement stages without introducing step-
specific weights. Unlike LoopFormer, which ap-
plies trajectory conditioning to the hidden states
of a decoder-only autoregressive looped language
model, TRLM applies it to recursive latent reason-
ing before a single parallel masked-token predic-
tion step.

After R recursive reasoning steps, the final rea-
soning state z(R) is used to update the answer state:

a = Wa

[
y(0); z(R)

]
+ ba.

This representation is passed once more through
the shared Transformer layer stack and added resid-
ually to the initial answer state:

y∗ = y(0) + Tθ (a) .

The model then applies final normalization and a
vocabulary projection,

o = LayerNorm (y∗) , l = oE⊤.

The input embedding matrix E is tied to the
language-model output projection. Although logits
are produced for all sequence positions, supervi-
sion is applied only to the masked target answer
positions:

LLM = −
∑

i∈M
log pθ

(
s∗i | s\M

)
,

where M denotes the masked and supervised an-
swer positions.
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Masked Input

Token Embedding

X Input embedding

Y0 Answer state

Z0 Reasoning state

Initialize States

t = 0

a) State Combination

b) Transformer Block
(Shared across steps)

c) Reasoning State Update

t = T − 1

Recursive Core

repeat for t = 0, . . . , T − 1

Timestep
Embedding

Refine Answer State

Output Projection

Y0

Z0

Figure 1: Overview of TRLM. The model receives a masked prompt–answer sequence, recursively refines a latent
reasoning state with a shared Transformer module, and predicts the masked answer tokens in parallel.

3.2 Long–Short Trajectory Training
Our long–short trajectory training is based on the
shortcut-consistency principle introduced in Loop-
Former (Jeddi et al., 2026), which jointly trains
long and shorter computation trajectories and en-
courages the shorter route to approximate a stop-
gradient target produced by the longer route. We
adapt this idea to masked non-autoregressive rea-
soning: rather than operating directly on a decoder-
only language-model hidden state, TRLM applies
the objective to its answer representations produced
after recursive latent refinement.

Because TRLM does not learn a halting policy,
it is trained with explicitly sampled long and short
recursion schedules for the same masked input. A
trajectory is a sequence of positive step sizes

τ = (∆t1, . . . ,∆tK),

K∑

k=1

∆tk = 1,

where tk and ∆tk condition the recursive update.
Applying TRLM with τ produces answer represen-
tation rτ and logits lτ ; the length of τ sets recursion
depth while parameters remain shared.

During training, the long trajectory samples a
teacher recursion length

K ∼ Uniform
{
K ′

min, . . . ,Kmax

}
,

K ′
min = max (2,Kmin) .

and uses uniform increments

τlong =

(
1

K
, . . . ,

1

K

)
.

The short trajectory is a coarser path over the same
interval: J is sampled uniformly from {1, . . . ,K−
1}, and step sizes are drawn from {m/K}Km=1 sub-
ject to summing to one.

For trajectory τ , the masked language-modeling
objective over supervised answer positions M is

LLM(τ) = −
∑

i∈M
log pθ

(
s∗i | s\M, τ

)
.

The short-path language-modeling loss is

Lshort = LLM(τshort).

Let rlong and rshort be the final normalized an-
swer representations produced by τlong and τshort.
The representation-consistency term is

Lcons = ∥rshort − stopgrad (rlong)∥22 .
The resulting training objective is

L = LLM(τlong) + λshortLshort + λconsLcons,

where λshort and λcons weight the short-path
language-modeling and representation-consistency
terms. The long and short trajectories receive the
same masked-token supervision. The consistency
term aligns the short-path representation with a
stop-gradient copy of the long-path representation,
encouraging lower-compute trajectories to approxi-
mate the higher-compute solution.

362



3.3 Recursive Masked Generation
The prompt remains visible and the answer span
is replaced by mask tokens. Let M be the masked
answer positions. For recursion depth R, TRLM
uses the uniform trajectory

τR =

(
1

R
, . . . ,

1

R

)
,

which spans the normalized interval [0, 1]. The
model performs one forward pass with this trajec-
tory and produces logits for all positions:

l = fθ(s, τR).

Decoding is performed independently at the
masked positions after invalid ids are filtered from
the candidate set. The mask token is always for-
bidden, and other special tokens can also be sup-
pressed when invalid. Each masked position re-
ceives the maximum-probability valid token:

ŝi = arg max
v∈Vvalid

softmax(li)v, i ∈ M.

Unmasked positions are copied from the input:

ŝi = si, i /∈ M.

Generation therefore consists of R latent refine-
ment updates followed by one parallel token-
selection step; R changes inference-time computa-
tion without changing parameter count or output
length.

4 Experiments

4.1 Tasks and Evaluation Protocol
We evaluate all models on two mathematical rea-
soning benchmarks, GSM8K (Cobbe et al., 2021)
and SVAMP (Patel et al., 2021). GSM8K con-
sists of grade-school mathematical word problems
that typically require multi-step arithmetic rea-
soning, while SVAMP evaluates arithmetic word-
problem reasoning under controlled variations de-
signed to reduce reliance on shallow linguistic or
structural cues. We use evaluation sets containing
1,319 GSM8K examples and 300 SVAMP exam-
ples. Representative examples from both evalua-
tion suites are provided in Appendix A.

Each example is formatted as a natural-language
prompt followed by an answer target ending with a
numeric final answer. For TRLM, prompt tokens
remain visible while the answer span is replaced
by mask tokens and predicted non-autoregressively.

We evaluate recursion depths r ∈ {1, 2, 4, 8, 16}
using the uniform trajectories defined in Sec-
tion 3.3. The GPT-2-style, Gemma-4-Text-style,
and Mamba-2-style baselines use greedy autore-
gressive decoding without sampling, whereas the
Diffusion-Gemma-style baseline uses its native it-
erative denoising procedure with a fixed evaluation
seed. The same prompt formatting, numeric an-
swer extraction, and numeric exact-match metric
are used across all models. All experiments and la-
tency measurements were conducted on a 95.6 GB
G4 GPU environment.

4.2 Compared Models
We compare TRLM against four scratch-pretrained
baselines representing autoregressive Transformer,
Gemma-style attention, recurrent state-space, and
diffusion-style generation paradigms. These are
compact architecture-family baselines rather than
official released checkpoints. Appendix B summa-
rizes the controlled configurations; TRLM differs
by reusing a shared Transformer reasoning module
recursively and predicting masked answer tokens
in parallel.

4.3 Main Results
Table 1 summarizes the fixed-length generation
results on GSM8K and SVAMP. Among the non-
TRLM baselines, the Gemma-4-Text-style model
achieves the strongest GSM8K accuracy, reach-
ing 2.88%, while the GPT-2-style model obtains
the highest baseline result on SVAMP with 7.33%.
The Diffusion-Gemma-style and Mamba-2-style
baselines perform lower in this small scratch-
pretrained setting, despite representing alternative
non-autoregressive denoising and recurrent state-
space generation paradigms.

TRLM is competitive with the strongest eval-
uated baseline across the two benchmarks. On
GSM8K, TRLM with r = 8 reaches 2.88%, match-
ing the highest baseline point estimate obtained by
the Gemma-4-Text-style model, while r = 16 re-
mains close at 2.81%. On SVAMP, all evaluated
TRLM depths yield higher point estimates than
the strongest non-TRLM baseline; the highest ob-
served accuracy is 9.00% at r = 4, compared with
7.33% for the GPT-2-style baseline.

These differences should be interpreted cau-
tiously given the relatively small number of correct
predictions, particularly on SVAMP. Nevertheless,
the results show that recursive masked generation
remains competitive with similarly sized scratch-
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Model Params GSM8K Acc. SVAMP Acc. Avg. Gen. Time

Diffusion-Gemma-style (scratch) 74.3M 0.99% (13/1319) 3.00% (9/300) 728.31 ms
Gemma-4-Text-style (scratch) 77.6M 2.88% (38/1319) 6.33% (19/300) 53.47 ms
GPT-2-style (scratch) 73.5M 2.58% (34/1319) 7.33% (22/300) 21.15 ms
Mamba-2-style (scratch) 76.0M 1.29% (17/1319) 1.33% (4/300) 75.19 ms

TRLM r = 1 74.5M 2.73% (36/1319) 8.33% (25/300) 11.06 ms
TRLM r = 2 74.5M 2.65% (35/1319) 8.67% (26/300) 16.25 ms
TRLM r = 4 74.5M 2.65% (35/1319) 9.00% (27/300) 25.86 ms
TRLM r = 8 74.5M 2.88% (38/1319) 8.00% (24/300) 46.21 ms
TRLM r = 16 74.5M 2.81% (37/1319) 8.67% (26/300) 85.72 ms

Table 1: Main generation results on GSM8K and SVAMP. Accuracy is numeric exact match. Average generation
time is the per-example mean computed over both test sets from total generation time. Best accuracy values and the
lowest average generation time are shown in bold.

pretrained architectures while providing a direct
inference-time control over additional latent com-
putation.

Accuracy varies non-monotonically with recur-
sion depth in our experiments. The highest GSM8K
point estimate occurs at r = 8, whereas the
highest SVAMP point estimate occurs at r = 4.
Thus, within the evaluated range, increasing recur-
sion depth does not consistently increase accuracy.
In contrast, latency increases monotonically with
depth, making r a direct test-time compute control.

4.4 Analysis of Trajectory Conditioning
Table 2 compares TRLM with and without
trajectory-time and step-size conditioning across
the evaluated recursion depths. We remove
trajectory-time and step-size conditioning while
keeping the remaining architecture and evaluation
protocol fixed. The conditioned variant yields
higher accuracy point estimates at four of the five
evaluated depths on GSM8K and matches the un-
conditioned model at r = 4. On SVAMP, condi-
tioning yields higher point estimates at four depths,
while the unconditioned model is higher at r = 8.
These differences are generally small and should
therefore be interpreted as descriptive rather than as
evidence of statistically significant improvements.

Conditioning consistently increases latency be-
cause of the additional conditioning projections
and adaptive-normalization computations. Overall,
the ablation suggests that trajectory conditioning
can be beneficial across several recursion depths,
although the magnitude and consistency of the ac-
curacy effect require further evaluation.

5 Discussion

The results suggest that the main benefit of TRLM
is not a monotonic gain from increasing recur-
sion depth, but the ability to expose a control-
lable compute–depth trade-off while keeping the
learned parameter count fixed. On GSM8K, TRLM
matches the highest baseline point estimate at
r = 8, whereas on SVAMP all evaluated recur-
sion depths yield higher point estimates than the
strongest non-TRLM baseline. Notably, r = 1 al-
ready reaches 8.33% accuracy on SVAMP, com-
pared with 7.33% for the strongest non-TRLM
baseline. This indicates that the observed SVAMP
advantage cannot be attributed solely to increas-
ing recursive depth; characteristics of the shared-
weight masked architecture and its training objec-
tive may also contribute. Because the present eval-
uation covers only two reasoning benchmarks, this
interpretation should remain tentative.

The relationship between recursion depth and ac-
curacy is clearly non-monotonic in our experiments.
GSM8K reaches its highest point estimate at r = 8,
while SVAMP peaks at r = 4, and deeper trajecto-
ries do not consistently improve either benchmark.
One possible explanation is that additional recur-
sive updates can eventually become redundant or
perturb useful intermediate representations rather
than further refining them. Another possibility is
that different problems require different amounts of
latent computation. The current experiments do not
isolate these mechanisms, but the observed pattern
suggests that a fixed recursion depth is unlikely to
be optimal for every input.

The trajectory-conditioning ablation provides ad-
ditional evidence that the behavior of the shared
module depends on its position in the refinement
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With trajectory conditioning Without trajectory conditioning

r GSM8K Acc. SVAMP Acc. Avg. Time GSM8K Acc. SVAMP Acc. Avg. Time

1 2.73% (36/1319) 8.33% (25/300) 11.06 ms 2.20% (29/1319) 8.00% (24/300) 9.74 ms
2 2.65% (35/1319) 8.67% (26/300) 16.25 ms 2.58% (34/1319) 8.00% (24/300) 14.13 ms
4 2.65% (35/1319) 9.00% (27/300) 25.86 ms 2.65% (35/1319) 8.00% (24/300) 22.06 ms
8 2.88% (38/1319) 8.00% (24/300) 46.21 ms 2.35% (31/1319) 8.33% (25/300) 38.66 ms

16 2.81% (37/1319) 8.67% (26/300) 85.72 ms 2.50% (33/1319) 8.00% (24/300) 71.38 ms

Table 2: Trajectory-conditioning ablation for TRLM. The conditioned results are the TRLM rows from Table 1. The
unconditioned model is trained and fine-tuned without trajectory-time and step-size conditioning, while keeping the
same 74.5M parameter scale and evaluation protocol.

trajectory. Conditioning yields higher accuracy
point estimates at four of five evaluated depths on
both benchmarks, although the differences are gen-
erally small and not uniform. This suggests that
providing trajectory time and step size can help a
shared module distinguish early from late refine-
ment stages, while also introducing a modest com-
putational overhead.

Shared-weight recursion keeps the number of
learned parameters fixed as recursion depth in-
creases, but additional computation is not free. In
our measurements, latency increases from 11.06
ms at r = 1 to 85.72 ms at r = 16. It there-
fore remains unclear whether the same accuracy–
compute trade-off will persist at larger model and
data scales. The non-monotonic depth results also
motivate adaptive computation as a natural exten-
sion of TRLM. Rather than selecting R externally,
future variants could use a learned halting mecha-
nism or a convergence criterion based on changes
in the latent reasoning state or output distribution,
allowing easier examples to terminate earlier while
allocating additional computation to harder ones.

6 Conclusion

We introduced TRLM, a masked non-
autoregressive language model that applies
a shared Transformer reasoning module recursively
before predicting answer tokens in parallel. This
design separates parameter count from effective
computation depth: changing the recursion depth
changes inference-time compute, but not the
number of learned parameters.

Across GSM8K and SVAMP, TRLM is competi-
tive with similarly sized scratch-pretrained autore-
gressive, state-space, and diffusion-style baselines.
It matches the highest GSM8K point estimate and
obtains the highest SVAMP point estimate in our
comparison, while the fastest TRLM setting also

gives the lowest observed average generation la-
tency.

Accuracy varies non-monotonically with recur-
sion depth: the highest observed GSM8K accu-
racy occurs at r = 8, whereas SVAMP reaches
its highest point estimate at r = 4. These results
suggest that additional recursive computation is not
uniformly beneficial and motivate future work on
adaptive recursion policies, answer-canvas selec-
tion, and larger-scale evaluation.

Limitations

This study was conducted under limited computa-
tional resources, which constrained both the scale
of the evaluated models and the extent of their train-
ing. To keep pretraining, fine-tuning, and repeated
evaluation computationally feasible, all models
were maintained at a relatively small parameter
scale and were trained with a limited token bud-
get. Consequently, the reported results may not
reflect the behavior of TRLM under substantially
larger model sizes, longer training schedules, or
more diverse pretraining corpora. It remains un-
clear whether the observed advantages of recursive
parameter sharing will persist, diminish, or become
stronger as model and data scale increase.

The evaluation is also restricted to GSM8K and
SVAMP. These datasets were selected because they
are widely used and well-established mathemati-
cal reasoning benchmarks, allowing TRLM to be
compared with common baseline architectures un-
der a consistent and reproducible evaluation proto-
col. However, both benchmarks consist primar-
ily of relatively short mathematical word prob-
lems and therefore represent only a limited sub-
set of language reasoning. The results should not
be interpreted as evidence of general superiority
across broader capabilities such as commonsense
reasoning, long-context understanding, knowledge-
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intensive question answering, or open-ended text
generation. Future work should therefore evalu-
ate larger models with more extensive training and
include a broader range of benchmarks.

TRLM uses externally selected recursion depths
rather than learning an input-dependent halting pol-
icy. Although this simplifies training and provides
predictable compute, it may allocate too few or
too many recursive updates to individual examples.
A direct comparison with learned qhalting-based
adaptive computation remains future work.
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Casbon, Mayank Chaturvedi, Victor Cotruta, Alice
Coucke, Phil Culliton, Robert Dadashi, Lucas Dixon,
Mohamed Elhawaty, Utku Evci, Clément Farabet,
and 282 others. 2026. Gemma 4 technical report.
Preprint, arXiv:2607.02770.

Gemma Team, Aishwarya Kamath, Johan Ferret, Shreya
Pathak, Nino Vieillard, Ramona Merhej, Sarah Perrin,
Tatiana Matejovicova, Alexandre Ramé, Morgane
Rivière, Louis Rouillard, Thomas Mesnard, Geoffrey
Cideron, Jean bastien Grill, Sabela Ramos, Edouard
Yvinec, Michelle Casbon, Etienne Pot, Ivo Penchev,
and 197 others. 2025. Gemma 3 technical report.
Preprint, arXiv:2503.19786.

Guan Wang, Jin Li, Yuhao Sun, Xing Chen, Changling
Liu, Yue Wu, Meng Lu, Sen Song, and Yasin Ab-
basi Yadkori. 2025. Hierarchical reasoning model.
Preprint, arXiv:2506.21734.

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten
Bosma, Brian Ichter, Fei Xia, Ed Chi, Quoc Le, and
Denny Zhou. 2023. Chain-of-thought prompting elic-
its reasoning in large language models. Preprint,
arXiv:2201.11903.

Paul Werbos. 1974. Beyond regression: New tools
for prediction and analysis in the behavioral sciences.
PhD thesis, Committee on Applied Mathematics, Har-
vard University, Cambridge, MA.

Weiqiu You, Anton Xue, Shreya Havaldar, Delip Rao,
Helen Jin, Chris Callison-Burch, and Eric Wong.
2025. Probabilistic soundness guarantees in llm rea-
soning chains. Preprint, arXiv:2507.12948.

Rui-Jie Zhu, Zixuan Wang, Kai Hua, Tianyu Zhang,
Ziniu Li, Haoran Que, Boyi Wei, Zixin Wen, Fan Yin,
He Xing, Lu Li, Jiajun Shi, Kaijing Ma, Shanda Li,
Taylor Kergan, Andrew Smith, Xingwei Qu, Mude
Hui, Bohong Wu, and 14 others. 2025. Scaling latent
reasoning via looped language models. Preprint,
arXiv:2510.25741.

367

https://arxiv.org/abs/2408.03314
https://arxiv.org/abs/2408.03314
https://arxiv.org/abs/2505.16552
https://arxiv.org/abs/2505.16552
https://arxiv.org/abs/2505.16552
https://arxiv.org/abs/2607.02770
https://arxiv.org/abs/2503.19786
https://arxiv.org/abs/2506.21734
https://arxiv.org/abs/2201.11903
https://arxiv.org/abs/2201.11903
https://arxiv.org/abs/2507.12948
https://arxiv.org/abs/2507.12948
https://arxiv.org/abs/2510.25741
https://arxiv.org/abs/2510.25741


A Benchmark Examples

Dataset Example problem Gold answer

GSM8K Janet’s ducks lay 16 eggs per day. She eats three for breakfast every morning and bakes
muffins for her friends every day with four. She sells the remainder at the farmers’ market
daily for $2 per fresh duck egg. How much in dollars does she make every day at the
farmers’ market?

18

SVAMP There were 106 dollars in Olivia’s wallet. After she visited a supermarket and a showroom
there were 26 dollars left. If she spent 49 dollars at the showroom, how much did she
spend at the supermarket?

31

Table 3: Representative examples from the GSM8K and SVAMP evaluation sets used in our experiments.

B Model Configurations

Model Params Key configuration Generation paradigm

GPT-2-style (scratch) 73.5M 12 layers, hidden size 512, 8 attention heads,
FFN size 2816, context length 1024

Autoregressive decoder-only
Transformer

Gemma-4-Text-style
(scratch)

77.6M 12 layers, hidden size 512, 8 query heads, 4
key/value heads, head dimension 64, FFN
size 2304, sliding window 512

Autoregressive attention-based
Transformer with grouped-query
attention

Mamba-2-style (scratch) 76.0M 19 layers, hidden size 512, expansion factor
2, state size 128, 8 groups, 16 heads, head
dimension 64

Autoregressive recurrent
state-space model

Diffusion-Gemma-style
(scratch)

74.3M 12 layers, hidden size 512, 8 query heads, 4
key/value heads, head dimension 64, one
expert, canvas length 256

Text-only block diffusion with
iterative denoising

TRLM (ours) 74.5M 12 shared Transformer layers, hidden size
512, 8 attention heads, grouped-query
attention, SwiGLU size 2048, maximum
recursion depth 16

Masked non-autoregressive
generation with recursive latent
refinement

Table 4: Controlled 75M-class model configurations. All models are trained from scratch on the same
OpenWebText/FineWeb-Edu mixture and use the same tokenizer and pretraining token budget. Names ending in
“style” denote architecture-family baselines, not official pretrained checkpoints.
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