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ABSTRACT

Token-level Chain-of-Thought (CoT) prompting has become a standard way to
elicit multi-step reasoning in large language models (LLMs), especially for math-
ematical word problems. However, generating long intermediate traces increases
output length and inference cost, and can be inefficient when the model could
arrive at the correct answer without extensive verbalization. This has motivated
latent-space reasoning approaches that shift computation into hidden representa-
tions and only emit a final answer. Yet, many latent reasoning methods depend
on a fixed number of latent refinement steps at inference, adding another hyper-
parameter that must be tuned across models and datasets to balance accuracy and
efficiency. We introduce AdaAnchor, a latent reasoning framework that performs
silent iterative computation by refining a set of latent anchor vectors attached to
the input. AdaAnchor further incorporates an adaptive halting mechanism that
monitors anchor stability across iterations and terminates refinement once the an-
chor dynamics converge, allocating fewer steps to easier instances while reserving
additional refinement steps for harder ones under a shared maximum-step budget.
Our empirical evaluation across three mathematical word-problem benchmarks
shows that AdaAnchor with adaptive halting yields accuracy gains of up to 5%
over fixed-step latent refinement while reducing average latent refinement steps
by 48—60% under the same maximum-step budget. Compared to standard reason-
ing baselines, AdaAnchor achieves large reductions in generated tokens (92-93%)
by moving computation into silent latent refinement, offering a different accu-
racy—efficiency trade-off with substantially lower output-token usage.

1 INTRODUCTION

Large Language Models (LLMs) have demonstrated strong capabilities in mathematical reason-
ing, particularly when prompted to produce explicit intermediate traces such as Chain-of-Thought
(CoT) (Wei et al| 2022). Recent progress has further amplified these gains through improved
instruction-tuning and longer reasoning trajectories, reinforcing the view that additional thinking
tokens can unlock better problem-solving behavior (Kojima et al., 2022; Wang et al.,|2022)). Despite
these advances, a practical limitation persists: lengthy reasoning traces are computationally expen-
sive, increasing decoding latency and token usage and raising serving cost especially under high-
concurrency deployments. This trade-off motivates methods that preserve the benefits of multi-step
reasoning while reducing the cost of token-level generation.

Several research studies have emerged to address this computational challenge. One line of research
focuses on improving efficiency within the token level, for example by encouraging more concise
rationales, skipping less informative tokens, or terminating early when the model appears confident
in a candidate answer (Goyal et al.|[2024). While valuable, these methods remain coupled to sparse,
discrete token generation and therefore inherit the cost structure of autoregressive decoding. A more
promising direction explores reasoning within the dense latent space, where models can perform
computation internally and emit only the final answer. Prior work has pursued latent reasoning
via distillation and curriculum strategies, by reusing computation through layer skipping or looping
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(Saunshi et al., 2025)), or by partially replacing token-level traces with latent representations (Hao
et al., 2024; Zelikman et al., [2024; [Deng et al.l 2023 |Shen et al., [2025). However, many latent
reasoning methods still depend on a fixed number of latent refinement steps at inference, introducing
another hyperparameter that must be tuned across models and datasets to balance accuracy and
efficiency (Hao et al., [2024; Deng et al., 2023 2024; Shen et al., 2025)).
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Figure 1: Comparison of AdaAnchor with explicit Chain-of-Thought (CoT) reasoning. CoT gener-
ates long intermediate reasoning tokens, whereas AdaAnchor performs implicit multi-step compu-
tation by refining latent anchor vectors and uses stability-based early stopping before answer-only
decoding.

To overcome these limitations, we introduce AdaAnchor, an implicit reasoning framework that per-
forms silent iterative computation by refining a compact set of latent anchor vectors attached to the
input. Instead of generating intermediate reasoning tokens, AdaAnchor updates these anchors using
the model’s hidden activations while keeping the output in an answer-only format. Furthermore, we
propose an adaptive halting strategy for latent refinement: AdaAnchor tracks anchor stability across
iterations and stops updating when the dynamics converge, thereby allocating computation on a per-
instance basis. This enables instance-wise compute allocation under a shared maximum-step budget,
so easier problems terminate quickly while harder problems receive additional refinement without
requiring a fixed latent step count to be tuned per dataset (Graves, 2016).

We evaluate AdaAnchor on three mathematical word-problem benchmarks, GSM8K, SVAMP, and
MultiArith, and compare it against fixed-step latent refinement and standard reasoning baselines
under a shared maximum latent budget (Cobbe et al., 2021} [Patel et al., [2021}; |Roy & Roth, [2015)).
The results show that convergence-driven adaptive halting improves the efficiency—accuracy trade-
off relative to fixed-step refinement by avoiding unnecessary latent iterations, while answer-only
decoding reduces generation overhead compared to token-based baselines. Together, these findings
indicate that stability-aware termination is a practical mechanism for controlling implicit computa-
tion and improving the deployability of latent reasoning methods.

2 RELATED WORK

2.1 EXpLICIT COT REASONING

Large Language Models (LLMs) often exhibit substantially stronger mathematical reasoning when
prompted to generate explicit intermediate traces, most notably through Chain-of-Thought (CoT)
style prompting Wei et al.| (2022). Follow-up work showed that even without exemplars, carefully
designed prompts can elicit multi-step reasoning behaviors [Kojima et al.| (2022)), and decoding-
time strategies such as self-consistency can further improve reliability by aggregating over diverse
reasoning paths Wang et al.|(2022). At the same time, generating long token-level rationales can be
costly in practice, motivating methods that reduce the number of produced tokens while preserving
reasoning quality. Representative directions include introducing structured pause mechanisms that
encourage internal computation without fully verbalizing every step |Goyal et al.| (2024])), as well as
prompting frameworks that constrain or compress intermediate traces to be shorter and cheaper to
decode Aytes et al.| (2025); Xu et al.| (2025). Orthogonally, improvements at the training objective
level—such as predicting multiple future tokens per position have been explored as a way to increase
throughput and reduce inference time without changing the basic autoregressive interface |Gloeckle
et al.[(2024).
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2.2 LATENT REASONING

To avoid the overhead of long textual traces, latent reasoning approaches shift more computation into
hidden representations and emit only the final answer. A prominent line of work performs silent rea-
soning by feeding internal hidden states back into the model as continuous thoughts, enabling multi-
step computation without committing to discrete tokens at every step [Hao et al.| (2024). Related
approaches learn latent reasoning trajectories via distillation or self-training so that intermediate
computation is represented implicitly rather than as explicit text|Shen et al.| (2025)). More recently,
hybrid schemes have explored mixing latent and text tokens during training and inference, aiming to
retain some controllability and interpretability while still gaining efficiency from latent computation
Su et al.| (2025)). In parallel, latent-space compression methods seek to reduce the length of reasoning
traces by compressing multiple reasoning tokens into fewer latent steps, improving efficiency while
keeping performance competitive Tan et al.|(2025). Another complementary direction analyzes or
exploits latent dynamics during generation to guide or improve reasoning behavior Zelikman et al.
(2024).

2.3 ADAPTIVE HALTING AND COMPUTE ALLOCATION

A recurring limitation in iterative (token or latent) reasoning is that many methods require fixing
the number of refinement steps in advance, which can lead to over-computation on easy instances
and under-computation on hard ones. Adaptive computation mechanisms address this by allowing
models to halt dynamically based on instance difficulty, with classic formulations such as Adaptive
Computation Time (ACT) learning when to stop iterating |Graves| (2016).

Prior work on latent and implicit reasoning often (i) runs a fixed number of silent refinement steps,
(ii) relies on task-specific training signals to control computation, or (iii) lacks explicit budget con-
trol. In contrast, AdaAnchor introduces a compact latent bottleneck via learnable anchor vectors and
a convergence-based halting rule, enabling per-example adaptive compute under a shared maximum-
step budget without training a separate halting controller.

3 METHOD

3.1 PROBLEM FORMULATION

We consider mathematical word-problem solving in an answer-only setting. Given an input question
x (a sequence of tokens), the goal is to predict the correct final answer y. Standard reasoning
prompting often generates an intermediate rationale r before producing the answer. While such
explicit traces can improve accuracy, they incur substantial inference cost because both the rationale
and the answer must be generated autoregressively, increasing latency and token usage.

Our objective is to retain the benefits of multi-step reasoning while reducing the overhead of token-
level generation. We work with a base autoregressive transformer fy and introduce a compact latent
state in the form of anchor vectors. Let A(®) € R™*? denote 1 anchor embeddings of dimension
d. We augment the model input in embedding space by prepending projected anchor embeddings
to the token embeddings, denoted [P(A®)); Emb(z)]. Instead of decoding a long rationale, the
model performs silent iterative computation by repeatedly updating the anchor state for a variable
number of refinement steps 7', producing a sequence { A }Z_ . After refinement terminates, the
model generates the final answer ¢ conditioned on the refined anchors and the original question,
while keeping the output in an answer-only format.

We measure efficiency along two axes that directly affect inference cost: (i) the number of refine-
ment iterations used per instance, and (ii) the number of generated output tokens. The core problem
is therefore to design (a) an anchor-based refinement mechanism that supports implicit multi-step
computation and (b) an instance-wise stopping rule that selects 7' < K, automatically, so that
the model avoids unnecessary refinement on easy inputs while allocating additional latent compu-
tation to harder ones. The AdaAnchor refinement procedure and the stability-based halting rule are
described in Sections [3.2]and [3.3] respectively.
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Figure 2: Overview of AdaAnchor. AdaAnchor prepends m learnable latent anchor vectors to the
input embedding sequence (left), iteratively refines them via repeated forward passes and anchor-slot
updates (middle), and uses a stability-based criterion to halt early before performing answer-only
decoding (right).

3.2 ADAANCHOR FRAMEWORK

We propose AdaAnchor, a latent reasoning framework that enables implicit multi-step computa-
tion in large language models without generating explicit intermediate reasoning tokens (Figure |2).
AdaAnchor augments a base autoregressive transformer fy with a compact set of learnable anchor
vectors prepended to the input in embedding space. These anchors act as a reusable low-dimensional
state that is iteratively refined through repeated forward passes, allowing the model to think silently
while keeping the textual interface in an answer-only format.

Anchor-augmented input. Let the tokenized question be z = (x1,...,x,), and let Emb(x) €
R"™*4 denote its input embedding sequence (hidden size d). AdaAnchor maintains m anchor vectors
AD =gV aD)] e RM*9 (1)

where t indexes the refinement iteration. At inference, we initialize anchors with the learned param-
eters, i.e., A® « Apamed. At iteration ¢, we form the augmented embedding sequence

E®W = [AD; Emb(z)], AW =P(AW), )
where P(-) projects anchor vectors into the same embedding space as token embeddings.

Prior soft-prompting or prefix-tuning methods learn a set of static prompt embeddings that are
prepended to the input and remain fixed throughout inference (Lester et all [2021; |Li & Liang|
2021). AdaAnchor’s anchors are different: they form an explicit latent state A®*) that is iteratively
rewritten during inference. After each forward pass on [P(A(®)); Emb(z)], we update the anchor
slots using the model’s hidden states and feed the refined anchors into the next refinement step. In
this way, anchors act as a persistent latent memory across refinement iterations rather than a fixed
learned prefix, enabling silent multi-step computation under a shared refinement budget.

Iterative anchor refinement. Given E*), we run a forward pass through the base LM to obtain
H(t) — f@ (E(t)) c R(m+n)><d7 (3)

where H®) denotes the final-layer hidden states for all positions in the augmented sequence. AdaAn-

chor updates the anchors by extracting the hidden states corresponding to the anchor positions.

When 3 = 1, the update reduces to overwriting; smaller 5 smooths anchor evolution and improves
convergence behavior in practice. The refinement loop runs for at most K, iterations, and it can
terminate early via the adaptive halting criterion described in Section[3.3]
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Algorithm 1 AdaAnchor Inference with Adaptive Halting

R™*4 max refinement bud-

Require: Tokenized question x, learned anchor parameters Ajegmed €
get Kax, smoothing 8 € (0, 1], threshold 7, patience s

1: Set anchors A© «— Ajeamed

2: ¢ + 0 {consecutive stable counter}

3: fort =0,1,..., Kpax — 1 do

. Form augmented input E*) < [ P(A®)); Emb(z)]

Run backbone LM on E(*) to obtain hidden states H ()
Extract anchor-position states An€$ «— H 1(?71

Smooth update A1) «+ (1 — B)A® + BALTY
Compute stability AT + 1 — cos(aV),a®), where a¥ = L3~ ! and a{") de-

notes the 4-th anchor vector in A®
9: if AT < 7 then

e A A

10: c+—c+1
11: else

12: c+ 0

13:  end if

14:  if ¢ > s then
15: break

16:  end if

17: end for

18: Decode answer-only ¢ conditioned on [ P(A(**1)); Emb(z)]
19: return gy

Answer-only decoding. After refinement terminates at step 7', AdaAnchor generates the final an-
swer by decoding only a short answer continuation conditioned on the refined anchors and the orig-
inal input. By performing computation through latent refinement rather than token-level rationales,
AdaAnchor substantially reduces generated tokens while keeping the output concise.

3.3 ADAPTIVE HALTING

We incorporate an adaptive halting mechanism that determines how many latent refinement steps
to run per instance. Since AdaAnchor performs iterative computation by updating the anchor state
A® | we use anchor stability across iterations as a convergence signal. Intuitively, when refinement
is still productive, consecutive anchor states change noticeably; once refinement has converged,
anchor updates become small and repetitive.

Anchor stability metric. We quantify refinement progress by measuring the change between suc-
cessive anchor states. In particular, we summarize the anchors at iteration ¢ by their mean represen-
tation
LS~ 0
—(t t
a® = 25", 4)
i=1

and define a scalar update magnitude via cosine distance dissimilarity:

AW =1 —cos(a®,al=Y). (5)

Smaller A(®) indicates that the anchor dynamics are approaching a fixed point, suggesting that fur-
ther refinement is unlikely to add useful computation. (An equivalent alternative is to average the
change across all anchors; we adopt this compact summary for robustness and efficiency.)

Halting rule. AdaAnchor refines anchors for at most K, iterations, but it can stop early when
the anchor updates converge. Concretely, we halt at the first iteration 7" such that the update magni-
tude remains below a threshold 7 for s consecutive steps:

T:min{te{l,...,Kmax} LAt <7 Vje{o,...,sq}}. ©6)
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This yields instance-wise compute allocation under a shared maximum-step budget: easier instances
typically converge in fewer steps, while harder ones continue refining until convergence or the bud-
get limit. The halting check introduces negligible overhead because it operates directly on anchor
states already computed during refinement.

4 EXPERIMENTS

In this section, we evaluate our method AdaAnchor on mathematical word-problem solving bench-
marks and compare it against fixed-step latent refinement and standard reasoning baselines under a
shared maximum latent budget.

4.1 EXPERIMENTAL SETUP

4.1.1 DATASETS

Our training is conducted primarily on GSM8K and SVAMP. Specifically, we use approximately
7.47K training examples from GSM8K and 700 training examples from SVAMP to fine-tune the
models and learn the AdaAnchor components. We evaluate the trained models on three mathemat-
ical word-problem benchmarks: GSM8K, SVAMP, and MultiArith. The corresponding test sets
contain 1.32K, 300, and 600 examples, respectively. For all datasets, we use an answer-only setup,
where the model is prompted with the question and is expected to output only the final numeric
answer.

Table 1: Overview of datasets used.

Dataset Task Type Metric

GSMS8K(Cobbe et al.:2021) Grade-school mathematical word problems Accuracy
SVAMP(Patel et al., |[2021) Arithmetic word problems Accuracy
MultiArith(Roy & Roth, [2015) Multi-step arithmetic word problems Accuracy

4.1.2 MODELS

We train and evaluate on two backbone language models, Qwen2.5-1.5B(Qwen Team et al., 2024)
and Llama-3.2-1B(Grattafiori et al., 2024) parameters, across all experiments. We focus on small
LMs, where efficiency differences from latent refinement are easier to observe and measure reliably.
Throughout our experiments, we use deterministic decoding and hold inference settings constant
across methods to ensure a fair comparison.

4.1.3 BASELINES AND METRICS

Baselines. We compare AdaAnchor against token-based and latent reasoning baselines that reflect
common evaluation settings for efficient reasoning. (1) No CoT: the model is prompted to directly
output the final answer in an answer-only format, without generating intermediate reasoning. (2)
CoT: the model generates an explicit step-by-step rationale followed by the final answer using stan-
dard Chain-of-Thought prompting. (3) iCoT: an implicit-CoT style baseline that removes explicit
reasoning traces while retaining an answer-only output format, serving as a lightweight implicit
reasoning comparison.

Metrics. We evaluate using three metrics: Accuracy (exact-match correctness of the final answer
under deterministic decoding), Average Tokens (average number of generated output tokens per
example), and Average Steps (average number of latent refinement iterations executed per example).

4.1.4 IMPLEMENTATION DETAILS

During training, we keep the backbone LM weights frozen and optimize only the AdaAnchor-
specific components (learnable anchor embeddings and the small projection used to inject anchors),
together with low-rank adaptation modules (LoRA) (Hu et al.,|2021). We train for 20 epochs using
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| GSMSK | SVAMP | MultiArith
Model Method ‘ Acc. Avg Tok Avg Steps ‘ Acc. Avg Tok Avg Steps ‘ Acc. Avg Tok Avg Steps
No CoT 13.0 2.16 - 42.0 2.34 - 223 2.41 -
CoT 20.0 28.27 - 59.3  29.09 - 343 30.2 -
Qwen2.5-1.5B | iCoT 12.23 2.36 - 48.5 2.04 - 28.56 1.66 -
AdaAnchor (K=8) 16.0 2.73 8 50.5 2.12 8 27.6 2.34 8
AdaAnchor (adaptive) 16.0 2.17 3.23 55.2 2.23 412 29.4 2.16 3.82
No CoT 10.5 2.98 - 38.2 2.10 - 20.56 2.08 -
CoT 23.2 254 - 57.8 2821 - 43.33 28.0 -
Llama-3.2-1B | iCoT 11.7 2.25 - 54.2 2.43 - 30.84 2.12 -
AdaAnchor (K=8) 14.0 2.89 8 52.0 2.13 8 28.31 2.48 8
AdaAnchor (adaptive) 17.2 2.45 35 534 2.8 3.1 32.44 2.57 35

Table 2: Experimental results on mathematical reasoning benchmarks. We report accuracy (Acc.
%), average output tokens (Avg Tok), and average latent refinement steps (Avg Steps) for answer-
only evaluation. No CoT denotes direct answer generation without reasoning. CoT generates full
chain-of-thought rationales before the answer. iCoT uses implicit chain-of-thought.

mixed precision. Optimization uses AdamW (Loshchilov & Hutter, 2017)) with a fixed learning rate
of 1le—4 and weight decay 1le—2, per-device batch size 1, and gradient accumulation of 16; we select
the final checkpoint based on validation accuracy. In addition to the answer-only loss, we include an
auxiliary anchor-alignment objective derived from coarse chunks of the rationale text, with dataset-
dependent weighting as implemented in our code. At inference, AdaAnchor refines anchors up to a
maximum budget using a smoothed update, and applies stability-based early stopping by monitoring
anchor change across iterations and halting once it consistently converges.

4.2 RESULTS

Table compares AdaAnchor against standard baselines on three mathematical word-problem
benchmarks, GSM8K, SVAMP, and MultiArith, under an answer-only evaluation setup. Across
datasets, AdaAnchor consistently improves over No-CoT prompting, delivering relative accuracy
gains of roughly ~23-32% on Qwen2.5-1.5B and ~39-64% on Llama-3.2-1B, while keeping
output-token usage very low. In particular, compared to explicit CoT, AdaAnchor reduces gen-
erated tokens by about ~90-93%, highlighting a different accuracy—efficiency trade-off in which
more computation is shifted into silent latent refinement rather than verbose token-level rationales.

Moreover, the adaptive halting variant further improves this trade-off by avoiding unnecessary re-
finement once anchor dynamics stabilize. Relative to a fixed refinement budget (X = 8), adaptive
stopping uses ~48-61% fewer latent refinement steps on average while maintaining similar accu-
racy and improving it in several cases, indicating effective instance-wise compute allocation: easier
instances terminate early, while harder ones continue refining under the same maximum-step bud-
get. Overall, these results suggest that convergence-aware latent refinement can support iterative
reasoning with substantially lower output-token usage and fewer refinement steps.

4.3 ABLATION STUDY

‘We conduct an ablation study to isolate the contribution of stability-based adaptive halting in AdaAn-
chor. Specifically, we compare a fixed-step refinement variant that always runs a constant number
of latent refinement iterations (/X = 8) against the adaptive variant that refines anchors up to the
same maximum budget (K ,ax = 8) but halts early once anchor updates converge. Both variants use
the same anchor design, refinement update rule, and decoding configuration; the only difference is
whether refinement proceeds for a fixed number of iterations or terminates based on stability.

To understand how performance depends on the available refinement budget, we vary the fixed-step
refinement length on the Qwen2.5-1.5B using K € {1,2,4,8} as shown in Figure [3 Accuracy
generally improves as the budget increases, but the gains saturate beyond moderate values, indicat-
ing diminishing returns from always executing a large fixed K. This supports the motivation for
convergence-aware termination, which can avoid unnecessary refinement when additional iterations
provide limited benefit.
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Figure 3: Accuracy vs. fixed latent refinement budget K on Qwen2.5-1.5B. Each panel reports
performance as a function of K € {1, 2,4, 8}.

We also analyze the refinement lengths selected by adaptive halting on Qwen2.5-1.5B under the
shared maximum budget K .x = 8 as shown in Figure The halting-step distribution shows
that the model frequently stops well before reaching the maximum budget, while reserving more
refinement steps for a smaller fraction of harder instances. This behavior confirms that the stability
criterion induces instance-wise compute allocation in practice and explains the reduction in average
latent steps relative to fixed-step refinement without tuning a fixed latent-step hyperparameter per
dataset.

Adaptive halting distribution across datasets
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Figure 4: Adaptive halting distribution showing percentage of examples halting at each step (1-8)
across datasets on Qwen2.5-1.5B.

5 LIMITATIONS AND FUTURE WORK

While AdaAnchor improves the efficiency—accuracy trade-off via stability-based adaptive halting,
it has few limitations. First, our halting mechanism relies on a hand-designed stability criterion.
Although this heuristic performs well in our setting, it may be sensitive to hyperparameter choices
and can occasionally halt too early or too late on atypical inputs or under distribution shifts. Second,
while anchor refinement provides a compact latent reasoning state, the semantics of the learned
anchors are not directly interpretable, and it remains difficult to precisely attribute improvements to
specific latent behaviors compared to explicit token-level rationales.

These limitations motivate several directions for future work. A natural extension is to replace the
heuristic stopping rule with a learned halting policy, for example via a lightweight controller trained
with supervision or reinforcement learning, or by incorporating calibrated confidence/verification
signals to make termination more robust across models and datasets. In addition, improving in-
terpretability of anchor dynamics is an important direction: future work could introduce probing
and visualization tools for anchor trajectories, enforce structured anchors aligned to intermediate
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quantities , or add auxiliary objectives that encourage anchors to correspond to human-interpretable
sub-computations.

6 CONCLUSION

We introduced AdaAnchor, a latent reasoning framework that performs multi-step computation by
iteratively refining a compact set of learnable anchor vectors while keeping the model output in
an answer-only format. By shifting reasoning from token-level traces into a small latent state,
AdaAnchor targets lower output-token usage without requiring long intermediate generations. A
key component is stability-based adaptive halting, which monitors anchor dynamics and terminates
refinement once updates converge, enabling instance-wise allocation of latent computation under a
shared maximum budget.

Empirically, AdaAnchor improves the efficiency—accuracy trade-off relative to fixed-step latent re-
finement while also substantially reducing output-token usage compared to token-level reasoning
baselines. Under the same maximum latent budget, adaptive halting improves accuracy by up to
~5% over fixed-step refinement while reducing the average number of latent refinement iterations
by ~48-60%. In addition, by emitting answer-only outputs and performing computation silently in
latent space, AdaAnchor reduces generated tokens by ~92-93% compared to token-level reasoning
baselines, illustrating how latent refinement can support iterative reasoning with fewer generated
tokens and fewer refinement steps.
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