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ABSTRACT

Large language models (LLMs) typically rely on chain-of-thought (CoT) prompt-
ing for multi-step reasoning. While effective, this paradigm is brittle, data-
intensive, and tightly constrained by token-level generation. Recently, latent
reasoning has emerged as an alternative approach. Representative methods,
such as HRM and TRM, perform complex inference entirely within their hid-
den, continuous state space. However, existing studies typically remain con-
fined to direct prediction tasks and operate over restricted representational vo-
cabularies. In this paper, we propose a lightweight Step-wise Persistent Latent
Reasoner (SPLR) that performs explicit multi-step reasoning while maintaining
persistent hidden-state propagation across steps. SPLR outputs step-wise inter-
mediate hypotheses, optionally consumes external observations, and refines a
compact latent state via hierarchical latent dynamics instead of growing a long
token-level trace. In controlled experiments on GSM8k-Aug where all architec-
tures are trained from scratch, SPLR achieves 79.4% on MultiArith, substantially
higher than the GPT-2 baseline (18.9%). This indicates strong robustness un-
der distribution shift with only 89M parameters. The codebase is open-sourced
athttps://github.com/larryinx/splr.

1 INTRODUCTION

Multi-step reasoning is a crucial requirement for LLMs to solve complex problems, such as math-
ematical problems, tool-augmented question answering, code generation, and planning (Xia et al.,
20255 |Copet et al.| 20255 [Wu et al., 2025bjc} [Tang et al., 2025a;b; |Chen et al., 2025; [Meixin et al.,
2025 (Wang et al.| 2026} [Yang et al., [2026b). The dominant interface for eliciting such behavior is
chain-of-thought (CoT) prompting (Wei et al.}2022), where LLMs externalize intermediate reason-
ing as natural language tokens. While effective, explicit CoT couples “how much the model thinks”
to “how many tokens it prints”. Consequently, longer CoT requires longer generated traces, which
can be costly, brittle, and sensitive to formatting (Lehnert et al.| |2024). Moreover, since interme-
diate steps are expressed in the same output channel as the final answer, errors in early steps (e.g.,
arithmetic errors) can be accumulated and amplified. Besides, training models to reliably produce
well-formed CoT typically demands substantial supervision (Chen et al., [2024).

These issues are especially pronounced in interactive reasoning settings such as ReAct (Yao et al.,
2022). In a ReAct loop, the model alternates between producing intermediate actions (e.g., a math
expression) and consuming observations (e.g., the evaluated result). External feedback can prevent
error accumulation by anchoring each step to a deterministic evaluator, but the overall reasoning
process is still implemented as token generation over an ever-growing textual history. This motivates
architectures that can maintain a running internal state of reasoning progress while still producing
explicit intermediate outputs when needed.

Recent work, instead, has explored “thinking in continuous space”, where reasoning is carried via
latent representations rather than explicit text (Deng et al.| 2024} |[Hao et al., [2024; |Ye et al., [2026).
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Hierarchical latent reasoning architectures such as Hierarchical Reasoning Model (HRM) (Wang
et al., 2025) and Tiny Recursive Model (TRM) (Jolicoeur-Martineaul, [2025)) iterate over internal
states to refine predictions. However, these approaches are often studied in regimes that are either
tightly coupled to a specific backbone and decoding procedure (latent-token methods), or confined to
direct prediction with restricted output interfaces (hierarchical refinement models). These limitations
make it unclear how to combine (i) explicit multi-step intermediate predictions, (ii) optional external
feedback, and (iii) persistent latent computation across steps in a lightweight, controlled setting.

In this work, we propose the Step-wise Persistent Latent Reasoner (SPLR), a lightweight model that
performs explicit multi-step reasoning while maintaining persistent latent state propagation across
steps. The core idea is to shift explicit reasoning from token-level CoT traces to a sequence of re-
finement steps. At each step, SPLR produces an intermediate hypothesis via a ReAct action or a
full CoT reasoning step, and optionally receives an external observation. Instead of representing
all past reasoning as an ever-longer token prefix, SPLR carries forward a compact latent state that
summarizes reasoning progress and is continuously refined over steps. Within each step, the la-
tent dynamics are implemented via a hierarchical refinement procedure, with separate low-level and
high-level latent components that are iteratively updated before decoding the next intermediate hy-
pothesis. This design preserves the benefits of explicit intermediate supervision and tool interaction,
while decoupling multi-step reasoning from explicit token generation.

We train SPLR on multi-step mathematical reasoning using GSM8k-Aug (Deng et al., 2023} 2024),
and evaluate its generalization ability on both in-domain (GSM8K (Cobbe et al.,2021)) and out-of-
domain benchmarks (GSM-Hard (Gao et al.,|2023)), MultiArith (Roy & Roth,|[2015), SVAMP (Patel
et al [2021)). To isolate the architectural inductive bias from pretraining, we train all models from
scratch on the same amount of data and with the same optimization budgets. We compare SPLR
against different GPT-2 baselines (Radford et al.l 2019), which are trained with direct prediction,
reasoning-only, or ReAct supervision, respectively. Experiments show that SPLR enables com-
petitive multi-step reasoning. Particularly, combining SPLR with ReAct yields particularly strong
robustness under distribution shift.

The main contributions of this work are threefold:

* We introduce SPLR, a step-wise reasoning architecture that produces explicit intermediate hy-
potheses while propagating a persistent latent state across steps, and is compatible with both
reasoning-only and ReAct supervision.

* We conduct a controlled empirical study of multi-step reasoning on mathematical problems, show-
ing how SPLR can learn effective reasoning strategies from scratch under limited supervision.

* We perform ablation studies to understand the impact of persistent latent state propagation, adap-
tive halting, and curriculum learning on SPLR’s performance and training stability.

2 STEP-WISE PERSISTENT LATENT REASONER

In this section, we present the Step-wise Persistent Latent Reasoner (SPLR) (Figure[I)), which pro-
gressively refines intermediate predictions through a sequence of latent computation cycles. Our
key idea is to reason at the level of refinement steps rather than token-level chain-of-thought (CoT)
generation: each step produces an intermediate hypothesis that is carried forward and refined by
subsequent steps while maintaining a continuous hidden-state trace of reasoning progress.

2.1 OVERVIEW

We formulate multi-step reasoning as the evolution of a persistent latent state across a sequence of
refinement steps. Let xo denote the original input. At step ¢, the model produces an intermediate
prediction ¢; and may optionally receive an external feedback signal o; (e.g., a tool-call result or
other deterministic evaluator output). To unify both purely generative and feedback-driven settings,
we construct a step-dependent conditioning context

et £ (o, fe—1,0t-1), (D
where U denotes sequence concatenation. In purely generative settings without external feedback,
0¢—1 is empty at every step.
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Figure 1: Overview of SPLR for explicit step-wise reasoning. Within each step, SPLR uses a
recursive refinement backbone to update a latent state and decode the next intermediate output.
Across steps, the refined latent state is propagated forward so that later reasoning steps can build on
earlier progress. Appendix P] provides backbone details.

Motivated by prior latent reasoning architectures that separate abstract and detailed computation,
our model maintains two latent states at each refinement step: a low-level state z/ that serves as a
persistent planning representation governing the reasoning dynamics, and a high-level state 2 that
encodes a latent working hypothesis of the current solution. We group them into a unified latent
state s; = (21, 2})

At step t, the model updates the latent state s; conditioned on the current context c; via a hierarchical
refinement procedure and then produces an intermediate prediction ¢ for the next refinement step.
Specifically, we parameterize the refinement dynamics with two modules: a low-level refinement
network f7 that updates z”, and a high-level aggregation network fy that updates z/’ (details
in Sec. [2.2). We then define the step-level refinement operator Ry (parameterized by 6) as the
composition of K rounds of alternating low-level updates on z} and high-level updates on z/?. Here
K is adaptively determined by a halting confidence ¢; predicted from the latent state. Formally, we
first update the latent state and then decode the intermediate prediction as

st = Rolct, S¢-1), it = lmhead(s;). )

The operator Ry preserves and refines states across steps, yielding a persistent latent trajectory,
while 1mhead reads out the intermediate prediction from the updated latent state. Let 7' denote
the termination step. The reasoning process terminates when the halting confidence satisfies ¢, > 7
and the model generates an end-of-sequence token <eos> in ¢;. The corresponding prediction
yr is returned as the final answer. This design decomposes reasoning into a sequence of adaptive
latent refinement steps, while maintaining an internal reasoning trajectory and avoiding the need to
externalize intermediate reasoning in natural language.

2.2 HIERARCHICAL REFINEMENT WITHIN EACH STEP

Following the recent hierarchical reasoning architectures (Wang et al.| [2025}; Jolicoeur-Martineau,
2025)), each reasoning step of SPLR is realized through a hierarchical latent refinement procedure
with a clear outer—inner nesting: within each outer round, we first perform several low-level re-
finements, and then perform one high-level aggregation. Concretely, within step ¢ we perform K
macro-iterations. In macro-iteration k, we run J outer rounds, and each outer round consists of I
successive low-level updates followed by one high-level update.

Low-level refinement (inner loop). Let th[k Jl denote the high-level state at the beginning of the
j-th outer round in macro-iteration k, and let th[k ) be the corresponding low-level state. The
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inner refinement updates are
L L H :
Zt,[k‘,j,i+1] = fL(Zt,[k,j,i]’Zt,{k,j]7ct)7 1= 0,...,.[— 1. (3)

High-level aggregation (outer loop). After the I low-level updates, the high-level state aggregates
once:

gy = fu (g 2egn), 7=0,..,J = 1. )

We carry the refined low-level state forward by setting zf[kv 1,0 = zé[k’ il for the next outer
round. After completing J outer rounds, we start the next macro-iteration from the terminal states
via a gradient stop operator StopGrad(-), which detaches gradients across macro-iterations while
preserving forward information flow:

Z{,{[k+1,0] = StopGrad(ztI{Jk7J}), ZtL,[k+1,0,0] = StopGrad(zt%[k,J_17I]). (®)]

After K macro-iterations, we set 2! = ZE[K*LJ] and zl' = th’[KflJfLI], and group them as
sy = (2f1, 2F), which is then forwarded to the next reasoning step in Eq.

Adaptive macro-iteration termination. Different inputs may require different amounts of com-
putation within each step. We therefore equip the hierarchical refinement procedure with an adaptive
halting mechanism over the macro-iterations. For each macro-iteration %, a halting head predicts a
confidence score g, from the updated high-level state (e.g., zﬁk) J]):

Gtk = J(h(zﬁk,J]))' (6)

where h is a small MLP and o is the sigmoid function. In both training and inference, we stop the
macro-iterations when ¢, ;, exceeds a fixed threshold 7 or when a maximum halt steps limit K,y is
reached:

Ky = min{k D Qe 2 T}’ (capped by Kiyax)- (7

2.3 MULTI-STEP REASONING WITH LATENT STATE PROPAGATION

The SPLR performs explicit multi-step reasoning by iteratively refining intermediate predictions
while propagating a persistent latent state across steps. Unlike chain-of-thought methods that ex-
ternalize a full reasoning trace, we only output intermediate solutions ¢; and keep the refinement
dynamics in latent space. At each step ¢, the model updates s;_; under a step-dependent context c;
(Eq.[T) and then reads out the next intermediate prediction §; (Eq.[2). Crucially, long-range reason-
ing information is carried in the propagated latent state rather than an ever-growing textual history:
the latent state s, provides a compact summary of past reasoning progress, preventing unbounded
growth of the conditioning sequence while still enabling iterative refinement.

To achieve this, a key feature is that the latent state is carried forward across steps without re-

initialization. Let th(O) and th(O) denote the initial states for the within-step refinement procedure

at step . We initialize them from the terminal states of step ¢ — 1:
Z:f(o) = StopGrad (thfl), thl(o) = StopGrad (zﬁl) (8)

This yields a single continuous latent trajectory across steps while keeping step-wise training stable.

In inference, we run the refinement process for ¢ = 1,...,7T until the model explicitly predicts
<eos> token in g, and then return the final prediction g .

2.4 TRAINING OBJECTIVE

We apply supervision at each refinement stage to encourage progressively improved intermediate
solutions. During training, we use teacher forcing across steps, i.e., the next-step context is con-
structed using the ground-truth intermediate target y;_; (and the corresponding feedback o,_; when
applicable) rather than the model prediction g;_.
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Supervision at each macro-iteration. Within each reasoning step ¢, we attach supervision after
each macro-iteration k£ by reading out an intermediate prediction ¢ ;. Let y; denote the target for
step t (with yr corresponding to the final desired output). The step-wise prediction loss is

‘Cgfzd = E(Qt,kﬁyt)a (9)

where £ is the cross-entropy loss. In implementation, we backpropagate and perform an optimizer
update after each macro-iteration £ (i.e., optimizing online over the refinement trajectory).

Halting loss via correctness supervision. We train the halting head to predict whether the current
intermediate prediction is already correct. Let ¢; , € {0,1} be a binary accuracy label computed
by an exact-match applied to g, ;. We minimize the binary cross-entropy between the halting confi-
dence G; » (Eq.[6) and gy :

ﬂlgallct = ABCE(Gt.k, t.k) (10)
where ) is a hyperparameter weight on the halting loss term.

The per-macro-iteration training loss is
Log =L+ L. (11)

Our overall objective is to minimize £; j over all training steps ¢ and macro-iterations k.

3 EXPERIMENTAL DESIGN FOR MULTI-STEP REASONING

In this section, we describe our experimental design for evaluating SPLR on multi-step mathemati-
cal reasoning. Inspired by prior latent-reasoning work by |Deng et al.|(2024)); |Hao et al.|(2024); Shen
et al.| (2025)); [Wei et al.[(2025)), we train on GSM8k-Aug and measure generalization on a suite of
math word-problem benchmarks under both in-domain and out-of-domain settings. Beyond report-
ing benchmark performance, our experimental design uses a controlled training regime to isolate
the effects of architectural inductive bias and multi-step supervision. Whereas most existing latent
reasoning methods build on large-scale pretrained language models, we study whether reusable rea-
soning strategies can emerge from limited supervision when training from scratch. Concretely, we
train all compared models under matched supervision and optimization budgets, and analyze how
different supervision signals and interaction patterns influence reasoning learning and generaliza-
tion.

3.1 EXPERIMENTAL SETUP

Training datasets. We use GSM8k-Aug (Deng et al.| [2023};2024)) as our primary training corpus
for SPLR models. GSM8k-Aug augments the original GSMSKk training split (Cobbe et al.| [2021) to
385K examples via GPT-4 generated solutions, and removes free-form natural-language rationales,
retaining only a sequence of structured mathematical expressions where each step is logically linked
to the previous one. Based on GSM8k-Aug, we perform a lightweight normalization to support
two training setups: a ReAct-style format and a reasoning-only format. Full dataset details and the
normalization procedure are provided in Appendix B}

Evaluation benchmarks. We report in-domain (ID) performance on the GSMSK test set (Cobbe
et al.l 2021). To evaluate robustness under distribution shift, we further assess mathematical rea-
soning on three out-of-domain (OOD) benchmarks: (1) GSM-Hard (Gao et al., [2023)), a modified
GSMB&Kk test split where numbers are replaced with larger magnitudes to increase difficulty; (2) Mul-
tiArith (Roy & Rothl 2015)), a subset of MAWPS (Koncel-Kedziorski et al.l 2016)) consisting of
multi-step arithmetic word problems; and (3) SVAMP (Patel et al2021)), a dataset of grade-school
arithmetic word problems with simple variations designed to test robustness. Additional details are
provided in the Appendix

3.2 MODEL VARIANTS AND TRAINING SETUP

Baseline settings. To compare hierarchical latent reasoning with standard autoregressive trans-
formers under limited supervision, we train GPT-2 (Radford et al., |2019) models from random ini-
tialization on GSM8k-Aug as baselines. All baseline models share the same architectural capacity
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and training budget, enabling a controlled comparison focused on reasoning inductive bias rather
than pretrained knowledge. We consider three training variants for the baselines: (i) Direct predic-
tion, where model is trained only on final answers without intermediate steps; (ii) Reasoning-only,
where step-level intermediate expressions are provided as supervision; (iii) ReAct-style, where each
intermediate prediction is paired with an external observation and fed back into subsequent inputs.
During evaluation, ReAct-style GPT-2 performs multi-step generation with interleaved observation
feedback until termination. More implementation details are provided in the Appendix [C]

Training interaction strategies. We consider two training variants in this work, ReAct-style (Yao
et al., [2022) and reasoning-only (Wei et al., 2022), which differ in the form of intermediate super-
vision and the availability of external feedback during training. Under the ReAct-style variant, each
reasoning step is supervised with an explicit action—observation pair: the model predicts an interme-
diate action ¢, (i.e., a mathematical expression), and the corresponding observation o; is provided
as part of the training signal. In contrast, under the reasoning-only setup, the model does not receive
any external feedback. Each reasoning step is supervised solely by the intermediate target sequence,
which includes both the expression and its evaluated result as a single reasoning unit. In both vari-
ants, training is performed with teacher forcing across reasoning steps, where the step-dependent
context is constructed using the ground-truth intermediate targets and observations rather than the
model’s own predictions (see Section[2.4).

Training-Time Latent State Ablation. To assess the role of persistent latent trajectories during
learning, we further construct an ablated variant in which latent state propagation across reasoning
steps is removed during training. Specifically, instead of propagating s;_; to initialize s;, we re-
initialize the latent state at each step. Since this prevents information accumulation in latent space,
we compensate for the lack of latent memory by explicitly conditioning each step on all previous
intermediate predictions and observations:

¢} 2 W (xg, yar, 0<4)- (12)

This design reduces the model to a semi-autoregressive reasoning paradigm, where long-range de-
pendencies are maintained through token-level context rather than latent state propagation. It thus
provides a controlled comparison between implicit latent memory and explicit sequential condition-
ing. The corresponding results are reported in Section .| and further analyzed in Section[4.3]

Curriculum Learning. Inspired by iCoT and Coconut (Deng et al., [2024; [Hao et al.l [2024), we
adopt a curriculum learning strategy (Bengio et al., 2009) to facilitate stable training of multi-step
reasoning. Specifically, we train all SPLR models in four stages, where the maximum number of
reasoning steps is progressively increased to 2, 4, 6, and 12, respectively. This maximum step limit
corresponds to the horizontal depth of the refinement process illustrated in Figure[I} To isolate the
effect of curriculum learning, we also evaluate an ablated setting in which the maximum number
of reasoning steps is fixed to 12 throughout training, while keeping all other training configurations
identical. Detailed training schedules are provided in Appendix[C.2]

3.3 EVALUATION AND INFERENCE SETUP

Inference-time halting configuration. During inference, we control the maximum number of
reasoning steps via the halting mechanism described in Section[2.2] Unless otherwise specified, we
set the maximum allowable reasoning steps to K,,,x = 2 for all evaluation experiments. Additionlly,
to study the impact of inference-time computation budgets, we further analyze model performance
under different values of K.« at evaluation time, while keeping all other settings unchanged. The
corresponding results and comparisons are reported in Section[4.1|and full inference hyperparameter
details are provided in Appendix

Inference-Time Latent Disruption. To isolate the role of latent state propagation during infer-
ence, we additionally evaluate a variant in which the latent state is not or partially propagated across
reasoning steps at test time. Specifically, while the model is trained with full latent state propaga-
tion, we re-initialize the latent state at each inference step, preventing the accumulation of reason-
ing information in latent space across steps. We focus this analysis on the ReAct-style interaction
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Table 1: Benchmark performance of SPLR and Transformer (GPT-2 from scratch) baselines. Best
results are highlighted.

Model (Backbone) Strategy GSM8K GSM-Hard MultiArith SVAMP
Transformer (GPT-2)  Direct prediction 2.7 0.7 1.1 2.7
Transformer (GPT-2) Reasoning-only 22.0 44 25.0 18.7
Transformer (GPT-2) ReAct 21.8 4.5 18.9 18.7
SPLR (TRM) Reasoning-only 19.2 4.5 22.8 22.0
w/o latent prop. Reasoning-only 22.0 51 21.1 22.0
w/o curriculum. Reasoning-only 17.9 4.2 36.7 16.3
SPLR (TRM) ReAct 22.6 44 794 29.3
w/o latent prop. ReAct 21.7 3.9 43.3 29.0
w/o curriculum. ReAct 17.9 3.6 65.6 243

regime, where externally verified observations anchor each reasoning step; this ensures that any per-
formance change under latent disruption can be attributed to the latent state’s role in accumulating
reasoning progress, rather than being confounded with error propagation in self-generated interme-
diate computations. The resulting performance differences and qualitative analyses are discussed in
Section

4 EMPIRICAL RESULTS WITH SPLR

Overall, our experiments are designed to answer the following research questions:

(RQ1) Can hierarchical latent reasoning architectures learn effective multi-step reasoning strategies
from scratch under limited supervision?

(RQ2) How do different interaction patterns: reasoning-only versus external feedback (ReAct-
style), affect the model’s reasoning capability and generalization?

(RQ3) What is the role of persistent latent state propagation across reasoning steps in enabling
effective multi-step reasoning?

(RQ4) Does curriculum learning improve the model’s ability to learn complex reasoning strategies?

4.1 MAIN RESULTS

Table |1| summarizes the main benchmark results, addressing RQ1: whether hierarchical latent rea-
soning architectures can learn effective multi-step reasoning strategies from scratch under limited
supervision. All models are trained without pretrained backbone weights under matched data and
optimization budgets. Specifically, we evaluate the SPLR models checkpoint at 260k training steps,
whereas GPT-2 baselines are trained to convergence under the same data regime (details in Ap-
pendix [C). Across all benchmarks, SPLR consistently outperforms GPT-2 baselines trained with
direct prediction, reasoning-only, or ReAct-style supervision. Notably, SPLR with ReAct-style
interaction achieves the strongest overall performance, with substantial gains on MultiArith and
SVAMP, demonstrating that hierarchical latent reasoning can effectively acquire reusable multi-step
reasoning strategies even without large-scale pretraining.

Beyond final accuracy, Figure [2| analyzes inference-time computation control by varying the max-
imum number of refinement steps K, and enabling or disabling the halting mechanism. We
observe that SPLR maintains stable performance across a wide range of computation budgets, with
adaptive halting consistently matching or outperforming fixed-step inference. Notably, accuracy is
largely insensitive to the exact number of refinement steps, suggesting that the model has learned
to internalize its reasoning process within the latent refinement dynamics rather than relying on a
fixed-length explicit reasoning trace.
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Figure 2: Accuracy versus maximum refinement steps K,,x with and without adaptive halting
during inference for SPLR.

4.2 EFFECT OF INTERACTION PATTERNS: REASONING-ONLY VS. EXTERNAL FEEDBACK

We next investigate RQ2: how different interaction patterns during reasoning—reasoning-only ver-
sus ReAct-style with external feedback—affect reasoning accuracy and generalization.

As shown in Table m ReAct-style interac-
tion consistently outperforms reasoning-only
supervision across both autoregressive base- .

lines and hierarchical latent reasoning mod- Problem. Paige had 11 songs on her mp3 player.

els, with_eSpecially pronounced gains on Ol.lt' If she deleted 9 old songs and added 8 new songs,
of-domain benchmarks such as MultiArith how many songs does she have?

and SVAMP. This suggests that access to

. . R ing-onl t | feedback):
external feedback substantially improves ro- easoning-only (no external feedback)

bustness beyond what can be achieved by * (Step 1) Reasoning: 11 —9 =3 (incorrect)
step-level supervision alone. * (Step 2) Reasoning: 3 + 8 =11

A key limitation of the reasoning-only setup Final Answer: 11 x

is the lack of explicit verification for inter- ReAct-style (with external feedback):
mediate computations. Because intermedi- « (Step 1) Action: 11 —9 — Observation: 2

ate steps are generated and consumed purely
as text, early numerical errors can propagate
through subsequent steps, leading to coher- Final Answer: 10 v/
ent but incorrect final answers. In contrast,

ReAct-style interaction anchors each reason- i )
ing step to a deterministically verified ob- Figure 3: Without an external evaluator, reasoning-

servation, preventing error accumulation and on!y models may hallucinate intermediqte compu-
stabilizing the overall reasoning process. tation results, leading to error accumulation despite

logically consistent subsequent steps.

e (Step 2) Action: 2+ 8 — Observation: 10

Figure [3] illustrates this contrast with a rep-

resentative example. Without external feed-

back, the model hallucinates an incorrect intermediate result and fails despite logically consistent
follow-up reasoning, whereas ReAct-style interaction enforces correct intermediate states and yields
the correct final answer.

4.3 ROLE OF PERSISTENT LATENT STATE PROPAGATION

We now address RQ3: what role does persistent latent state propagation play in multi-step reasoning
during training and inference?

Training-time latent propagation. We first examine latent state propagation during training. As
described in Section [3.2] we construct an ablated variant that re-initializes the latent state at each
reasoning step and instead relies on explicit token-level conditioning over all previous intermedi-
ate predictions. As shown in Table [T} this semi-autoregressive variant consistently underperforms
models trained with full latent propagation. In particular, for SPLR with ReAct-style interaction,
preserving latent propagation yields uniform gains across all benchmarks, with especially large im-
provements on MultiArith. This indicates that persistent latent states may provide a stronger induc-
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Table 2: Inference-time ablation of latent state propagation for SPLR.

Strategy GSM8K  GSM-Hard MultiArith ~ SVAMP

ReAct 22.6 4.4 79.4 29.3
W/o 2, 21.1(-1.5) 4.1(-03) 712.8(-6.6) 271.3(-2.0)
W/o zy, zn 208 (-1.8) 4.0(-0.4)  T2.8(-6.6) 26.7(-2.6)

tive bias for accumulating reasoning progress across steps, beyond what can be achieved through
explicit token-level conditioning alone.

Inference-time latent disruption. We next analyze the effect of disrupting latent state propaga-
tion during inference. Table 2] reports results where the trained model is evaluated without propa-
gating the high-level state z;, or without propagating both z; and z;,. Removing latent propagation
leads to consistent accuracy drops across all benchmarks, with the most pronounced degradation on
MultiArith, confirming that persistent latent states contribute meaningfully to multi-step reasoning
performance.

Interestingly, despite the accuracy drops, the
model without latent propagation still solves a
substantial number of problems correctly. To
investigate this, we perform an instance-level 585 544
analysis across the three inference-time set-
tings. As shown in Figure ] the three variants
share a large pool of commonly solved prob-
lems, yet their solution behaviors diverge con-
siderably. Notably, among problems correctly
solved by multiple variants, many are solved
via different reasoning trajectories: they reach
the same final answer but follow distinct se-
quences of intermediate actions across reason- 536
ing steps. Furthermore, the two ablated vari-
ants (w/o zp and w/o zj, zp) share 34 com-
monly solved instances with identical reason-
ing trajectories that differ from those of the full
model, suggesting that removing latent prop-
agation causes the model to converge onto a
common default reasoning mode rather than
exploring diverse solution strategies. Beyond trajectory divergence, the full-propagation model
uniquely solves 72 additional instances that neither ablated variant can solve, while the ablated
models produce only 11 and 13 unique solutions respectively, indicating that latent propagation not
only diversifies how problems are solved but also expands what can be solved.

[0 Latent Propagation w/o zp w/0 z, zp

Figure 4: Overlap of correctly solved instances
and reasoning trajectory divergence across three
inference-time latent propagation settings. Each
number denotes the count of instances uniquely
or jointly solved.

Overall, these results suggest that latent state propagation primarily affects how a problem is solved
rather than whether it is solved. Rather than being a strict prerequisite for correctness at inference
time, latent propagation acts as a reasoning path stabilizer, biasing the model toward reusing pre-
viously constructed intermediate representations instead of recomputing them from scratch. When
latent memory is removed, the model can still reach correct answers for many problems, but does so
by discovering alternative solution strategies.

4.4 EFFECT OF CURRICULUM LEARNING

We finally study RQ4: whether curriculum learning improves the model’s ability to learn complex
multi-step reasoning. Following Section [3:2] we compare a staged curriculum that gradually in-
creases the maximum number of reasoning steps from 2 to 12 against a setting where this limit is
fixed throughout training.

As shown in Table [T] and Figure [5] curriculum learning consistently accelerates convergence and
improves final performance across all benchmarks. At the end of training, it yields relative accuracy
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gains of approximately 26% on GSMS8K, 22% on GSM-Hard, 21% on MultiArith, and 20% on
SVAMP. These results indicate that gradually expanding the reasoning horizon facilitates stable
optimization and more effective learning of long-horizon reasoning strategies.

gsm-hard MultiArith SVAMP
30.0

25.0

20.0
g P 15.0{
5.01x L] 0.0 H
50k 100k 150k 200k 250k 50k 100k 150k 200k 250k 50k 100k 150k 200k 250k 50k 100k 150k 200k 250k
Training Steps Training Steps Training Steps Training Steps
—e— w/ Curriculum --=--wj/o Curriculum

Figure 5: Effect of curriculum learning on training dynamics for SPLR with ReAct-style interac-
tion. Progressively increasing the maximum number of reasoning steps leads to faster convergence
and higher final accuracy across all benchmarks.

5 CONCLUSIONS

We introduced Step-wise Persistent Latent Reasoner (SPLR), a lightweight architecture for explicit
multi-step reasoning that propagates a persistent latent state across steps while producing step-wise
intermediate hypotheses, optionally in a ReAct-style interaction loop. In a controlled setting where
all models are trained from scratch under matched data and optimization budgets, SPLR consis-
tently outperforms standard autoregressive Transformer (GPT-2) baselines across in-domain and
out-of-domain math word-problem benchmarks. Our results highlight the benefits of combining hi-
erarchical latent refinement with external feedback, and show that persistent latent state propagation
provides a strong inductive bias for accumulating reasoning progress without an ever-growing token
history. Looking forward, we see opportunities to extend this framework to broader tool-use and
agentic settings, and to combine it with stronger training signals (e.g., distillation or reinforcement
learning) to further improve robustness and efficiency.
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A RELATED WORK

Explicit reasoning. Chain-of-thought (CoT) refers to methods that generate an intermediate rea-
soning process in language before outputting the final answer. This includes prompting

2022} [Khot et al., 2022} [Zhou et al| [2022), training models to generate reasoning chains via super-
vised finetuning (]Yue et al., 2023} |Yu et al.| [2023)), and reinforcement learning for reasoning (Wang|
et al. |,|2T72—4|; [Havrilla et al., 2024 [Shao et al., 2024} [Yu et al.| 2024; Wu et al, [2025¢)). A large body
of work improves explicit CoT with decoding and interaction strategies such as self-consistency
(Wang et al.| [2022), least-to-most prompting (Zhou et al, 2022), reflection-style revision (Shinn|
et al., 2023} Madaan et al},[2023), and tool-augmented reasoning (Yao et al., 2022} [Ma et al.| 2024).

Recent analyses connect CoT to increased effective depth and expressivity by looping generated out-
puts back into the Transformer input (Feng et al.| 2023} Merrill & Sabharwall, 2023} [Li et al.| 2024}
Nowak et al, [2024). Despite its effectiveness, explicit CoT increases inference cost with longer
sequences and often produces redundant or brittle traces, motivating approaches that reduce reliance
on long token-level reasoning histories (LeCunl 2022} [Hao et al,[2023; [Li et al.,[2025; [Zhang et al.}

2025}, [Xu & Sato|, 2025} [Wu et al.| 20254).

Thinking in continuous space. Recent work reduces reliance on explicit CoT by moving inter-
mediate computation into continuous representations. Coconut switches between
language and latent modes, propagating “continuous thoughts”, while CODI and
related approaches use distillation/curriculum to internalize or compress CoT (Deng et al., 2023}
2024}, [Wei et al} 2025)). In parallel, looped Transformer architectures enable iterative hidden-state
refinement via recurrence and weight tying (Dehghani et al.} 2018}, [Giannou et al.| 2023}, [Fan et al.,
[2024; Nguyen & Lin| 2025} Bae et al.,[2025), and systems such as LoopLM (Zhu et al., [2025) and
LoopCoder (Yang et al., 2026a) connect looping computation with verification/revision behaviors
during inference. Complementary to these methods, hierarchical latent refinement models such as
HRM (Wang et al.| 2025 and TRM (Jolicoeur-Martineaul, 2023) iteratively refine predictions with
deep supervision. Our SPLR builds on hierarchical refinement but targets explicit multi-step set-
tings: it produces step-wise intermediate hypotheses (optionally with ReAct-style feedback) while
propagating a compact latent state across steps, avoiding a growing token history.

B DATASET AND BENCHMARK DETAILS
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ate math expressions (rather than free-form natural-language rationales). To support our two inter-
action setups (i.e., reasoning-only and ReAct-style with external feedback), we apply lightweight
normalization to obtain two aligned JSON datasets.

Reasoning-only normalization. For the reasoning-only setting, each sample is represented as
{question, steps, answer}, where each step contains an equation. We filter and clean
samples as follows: (i) we discard empty solutions; (ii) we drop trivial steps whose left-hand side
contains no arithmetic operator (e.g., 8=8); and (iii) we require that the final step result matches
the provided answer (exact string match after numeric parsing when applicable). If a sample has no
remaining valid steps after filtering, it is skipped. For controlled comparisons, we assign a single
constant task identifier to all samples (task_id=0).

ReAct-style normalization. For the ReAct-style setting, we rewrite each intermediate step into
an action—observation pair to simulate tool usage. We first normalize all numbers in ques-
tions/steps/answers (e.g., removing commas and canonicalizing decimals such as 4. 50—4 .5 and
.5—0.5). For each equation 1hs=rhs, we (i) discard trivial equations whose 1hs contains no
operator; (ii) split multi-operator expressions into a sequence of single-operator equations while
respecting parentheses and operator precedence; and (iii) validate that each resulting step has a non-
empty right-hand side and that the final rhs matches the normalized answer (up to numeric toler-
ance). We skip samples with no valid steps after processing, and (for simplicity) exclude instances
with more than 12 resulting steps.

B.2 BENCHMARK DETAILS

GSM-Hard (Gao et al.| [2023) is a harder variant of GSMS8K that keeps the same problem state-
ments but replaces numbers with larger/less common values, stressing numerical generalization; it
has 1,319 examples matching the GSMS8K test size. MultiArith (Roy & Roth, [2015) contains 600
multi-step arithmetic word problems requiring sequencing multiple operations across sentences;
each instance is solvable by an equation involving two or more basic operators, and it is commonly
used to evaluate compositional arithmetic generalization beyond simpler benchmarks. SVAMP (Pa-
tel et al.L[2021) is designed to test robustness of math word-problem solvers to superficial variations.
It contains 1,000 elementary-level arithmetic problems constructed via controlled transformations
(wording/structure/number changes) of existing datasets, and many problems are solvable with short
arithmetic expressions (typically no more than two operators).

C TRAINING AND INFERENCE DETAILS

C.1 SUMMARY OF TRAINING HYPERPARAMETERS

Unless otherwise specified, all SPLR models are trained with a global batch size of 512 and totally
400 epochs. We optimize with AdamATan2 (3; = 0.9, 32 = 0.95) using learning rate 5 x 107°,
4,000 warmup steps, and weight decay 0.1. We enable the halting loss and set its weight to g, =
0.05, which is smaller than the default used in prior TRM-style setups (0.5). We initialize SPLR’s
token embedding matrix from the learned embeddings of pretrained GPT-2. Unless stated otherwise,
the backbone configuration uses hidden size 768, 8 attention heads (8 KV heads), intermediate
size 2048, and maximum position embeddings 320, with untied input/output embeddings on GPT-2
tokenizer.

For Transformer (GPT-2) baselines, we train all three variants (direct prediction / reasoning-only
/ ReAct) for 100 epochs and evaluate the checkpoint at 6k training steps. We train with Adam
(B1 = 0.9, B2 = 0.95), learning rate 5 x 10~%, cosine learning-rate schedule with 1,000 warmup
steps, and weight decay 0.1. Training uses per-device batch size 32 with gradient accumulation 4 on
2 H100 GPUs (bf16).

C.2 CURRICULUM LEARNING SCHEDULE

For models trained with curriculum learning, we progressively increase the maximum al-
lowed number of reasoning steps during training. Concretely, we train in four stages with
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max_reasoning_steps set to 2, 4, 6, and 12, for 100, 100, 100, and 100 epochs, respectively
(400 epochs total). All other optimization hyperparameters are kept the same across stages unless
otherwise specified.

C.3 INFERENCE-TIME CONFIGURATION AND HALTING

Different from prior TRM-style setups that often disable learned halting at test time, our model uses
the learned halting head at inference and terminates refinement when the predicted ¢ (logits) implies
sufficient confidence. During training we set the halting threshold to 7 = 0, while at inference we
use a stricter threshold 7 = 0.5 to enable adaptive computation based on the learned q distribution.

C.4 TASK IDENTIFIERS AND TASK EMBEDDINGS

This component corresponds to the Puzzle ID / task embedding used in TRM-style setups. In our
experiments, we do not enable task identifiers (all train/valid/test instances use task_id=0) to
focus on learning general-purpose multi-step reasoning rather than exploiting per-task shortcuts.
We keep a single task-ID slot in the input interface for compatibility, and use it only to support the
halting head that predicts the g logits for adaptive computation.

C.5 INFERENCE EXAMPLES

Reasoning-only inference. We illustrate the multi-step reasoning process by SPLR under the
reasoning-only setup, where the model does not receive external feedback and generates both ex-
pressions and results directly.

Example: Reasoning-only Inference

Input xy: “Terry eats 2 yogurts a day. They are currently on sale at 4 yogurts for $5. How
much does he spend on yogurt over 30 days?”

Reasoning Process:
Step 0 (Initialization):

o Initialize latent state: sq ~ N (0, I)

« Initialize: o = ()
Step 1:

* Update context: ¢; = ¥U(zg)

* Refinement: s; = Ry(c1, So)

* Decode: §; = lmhead(sy) = “2*30=60"
Step 2:

* Update context: co = ¥(xq, §1)

* Refinement: sy = Ry(c2, 51)

* Decode: o = lmhead(ss) = “60/4=15"
Step 3:

* Update context: c3 = U(xg, J2)

* Refinement: s3 = Ry(cs, S2)

* Decode: §3 = lmhead(s3) = “15%*5=75" with (eos)

Final Answer: Extract from g3 = “75”

ReAct-style inference. We illustrate the multi-step reasoning process by SPLR under the ReAct-
style setup using an example from GSM8k-Aug.
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Example: ReAct-style Inference

Input z4: “Toula went to the bakery and bought various types of pastries. She bought 3
dozen donuts which cost $68 per dozen, 2 dozen mini cupcakes which cost $80 per dozen,
and 6 dozen mini cheesecakes for $55 per dozen. How much was the total cost?”

Reasoning Process:
Step 0 (Initialization):

« Initialize latent state: so ~ N(0,1)
« Initialize: o = 0, 0p = 0
Step 1:
* Update context: ¢; = U(z)
* Refinement: s1 = Ry(c1, So)
* Decode action: §j; = lmhead(s;) = “3*68”

¢ Observation: 01 = “204” (from external evaluator)

* Update context: co = U(xq,§1,01)

* Refinement: sy = Rg(cz, 51)

* Decode action: §j = lmhead(sg) = “2%80”
¢ Observation: 09 = “160”

* Update context: cg = ¥(zq, o2, 02)

* Refinement: s3 = Ry(cs, s2)

* Decode action: 5 = Ilmhead(s3) = “6%55”
¢ Observation: o3 = “330”

* Update context: ¢y, = ¥(xo, §3, 03)
* Refinement: s4 = Ry(cq, S3)
* Decode action: §j, = 1mhead(s4) = “204+160”

e Observation: 04 = “364”

* Update context: c5 = U(xq, J4,04)

* Refinement: s5 = Ry(cs, 54)

* Decode action: 5 = Imhead(ss) = “364+330” with (eos)
¢ Observation: o5 = “694”

Final Answer: o5 = “694”

D MODEL BACKBONES

Figure [7) visualizes the TRM-style hierarchical refinement backbone used in our main experiments.
It maintains low-level (L) and high-level (H) latent components and updates them through alter-
nating refinement and aggregation cycles within each reasoning step. In our implementation, we
use L_cycles=6, H.cycles=3, and L._layers=2, where the L-level and H-level Transformer
blocks share weights.
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Figure 7: TRM-style backbone used in the main experiments. The backbone maintains low-level
(L) and high-level (H) latent components and updates them through alternating refinement and ag-
gregation within each reasoning step. The vertical stack contains 7 Transformer blocks spanning the
two components. Here c; denotes the embedding vectors of the conditioning context c;.

Table 3: Comparison to post-trained GPT-2 baselines and recent latent/implicit-CoT methods. Re-
sults are taken from|Zheng & Lee|(2026). Best results are highlighted.

GSM8K GSM-Hard MultiArith  SVAMP

CoT-SFT 52.3 12.3 94.4 58.0
Answer-SFT 26.4 6.4 49.4 35.3
CoLaR (Tan et al.|[2025) 25.7 5.7 86.8 49.9
iCoT (Deng et al.|[2024) 30.1 5.7 55.5 29.4
Coconut (Hao et al.|[2024) 35.6 8.2 86.1 37.0
SIM-CoT (Wei et al.|[2025) 422 9.3 87.7 439
ATP-Latent (Zheng & Leel[2026) 423 9.8 94.4 44.2

E ADDITIONAL RESULTS

Table [3|reports results from representative post-training approaches that start from a pretrained GPT-
2 checkpoint (e.g., CoT-SFT/Answer-SFT and recent implicit/latent-CoT methods). In this compar-
ison, our SPLR models are trained from scratch under a controlled budget, and thus are not expected
to outperform methods that benefit from large-scale pretraining and subsequent post-training. Never-
theless, SPLR with ReAct achieves 79.4% accuracy on MultiArith, which is reasonably competitive
and suggests that step-wise latent refinement can recover substantial arithmetic reasoning ability
even without pretraining. Finally, the large gap between CoT-style supervision and direct answer
prediction in our baselines indicates headroom for future work that combines our architecture with
stronger initialization and post-training signals.
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