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Abstract

Explicit Chain-of-Thought (CoT) improves
LLM reasoning but is slow because models
must generate long scratchpad text; No-CoT
is fast but less accurate. Recent work shows
that Implicit CoT, internalizing reasoning in
hidden states and emitting only the final an-
swer, can be nearly as accurate as Explicit CoT
while running at No-CoT speeds. Prior studies
focus on arithmetic and math word problems;
to our knowledge, no work has evaluated Im-
plicit CoT for text summarization. We present
the first study of Implicit CoT for abstrac-
tive dialogue summarization on the SAMSum
dataset using stepwise internalization, compar-
ing No CoT, Explicit CoT, and Implicit CoT
trained on GPT-Neo 1.3B. Our results demon-
strate that Implicit CoT achieves 98.4% of Ex-
plicit CoT’s ROUGE-1 performance (0.1929
vs 0.1960) while training 3.6 times faster (3.1
hours vs 11.4 hours), maintaining inference ef-
ficiency comparable to No-CoT, and thus bridg-
ing the gap between quality and computational
efficiency.

1 Introduction

Chain-of-Thought (CoT) prompting improves
multi-step problem solving by externalizing inter-
mediate reasoning, but it increases latency and
token cost (Wei et al., 2022; Chu et al., 2024).
Strong explicit variants include self-consistency,
decomposition, search over thoughts, and retrieval-
interleaved reasoning, which further boost accuracy
while often producing even longer traces (Xia et al.,
2025; Besta et al., 2024). Recent results suggest
that models can internalize useful computations
when trained with stepwise removal of visible ratio-
nales or with soft latent thoughts, recovering much
of the benefit of explicit reasoning while reducing
tokens (Deng et al., 2025; Xu et al., 2025).

This work distinguishes three regimes: No-CoT
predicts the summary directly; Explicit CoT emits

a visible scratchpad before the final summary; Im-
plicit CoT targets internal computation with mini-
mal surface text. A key risk is shortcut behavior un-
der weak supervision (Lin et al., 2025), which we
address with stable, fixed-pattern planning traces
and curriculum-based removal schedules.

We trained and evaluated these approaches for
dialogue summarization on SAMSum using GPT
Neo 1.3B. Results confirm that Explicit CoT sig-
nificantly improves quality over No-CoT (61.2%
relative improvement in ROUGE-1). Ceritically,
our stepwise internalization approach achieves Im-
plicit CoT performance within 1.6% of Explicit
CoT while reducing training time by 72%, demon-
strating the viability of implicit reasoning for sum-
marization tasks.

Contributions. Our main contributions are:

* We present the first study of Implicit Chain-
of-Thought for abstractive dialogue summa-
rization.

* We show that stepwise internalization
achieves 98.4% of Explicit CoT performance
while reducing training time by 72%.

* We demonstrate that Implicit CoT bridges
the quality—efficiency gap, achieving near-
Explicit quality with near-No-CoT inference
cost.

2 Background

Text summarization condenses documents into con-
cise summaries while preserving meaning. We fo-
cus on abstractive summarization, which generates
paraphrastic summaries using novel wording.

How to train Implicit CoT (two families).
Training Implicit CoT has two main approaches:
ICoT-KD (knowledge distillation) transfers behav-
iors from an explicit CoT teacher to a student per-
forming implicit reasoning, while ICoT-SI (step-
wise internalization) fine-tunes an Explicit-CoT



model while gradually removing CoT tokens, with
optimizer resets and mild randomization to stabi-
lize the curriculum (Deng et al., 2025).

In stepwise internalization, the expected mech-
anism is that explicit plans improve content se-
lection and organization; gradual internalization
compresses these computations into hidden states,
retaining planning benefits without emitting long
chains. To stabilize this curriculum, the optimizer
is reset between removal stages and mild random-
ization is applied to the removal schedule. In prac-
tice, stepwise internalization yields strong speed-
accuracy trade-offs for implicit reasoning while
minimizing emitted tokens (Deng et al., 2025; Xu
et al., 2025).

3 Related Work

Wei et al. (2022) introduced Chain-of-Thought
prompting, showing that explicit intermediate rea-
soning improves multi-step problem solving. Sub-
sequent work developed stronger variants including
self-consistency (Xia et al., 2025), Least-to-Most
decomposition (Xia et al., 2025), Tree-of-Thoughts
search (Besta et al., 2024), and graph-structured
reasoning (Besta et al., 2024; Han et al., 2025).
These approaches are foundational to modern LLM-
based autonomous agents (Wang et al., 2024; Xi
et al., 2025; Sumers et al., 2024), which increas-
ingly employ planning and tool use (Huang et al.,
2024; Qin et al., 2024).

For efficiency, implicit approaches remove vis-
ible rationales and internalize computation; step-
wise internalization and soft latent thoughts retain
much of CoT’s benefit with far fewer output tokens
(Deng et al., 2025; Xu et al., 2025); latent chains
can sometimes be surfaced without prompts (Wang
and Zhou, 2024), though weak supervision risks
shortcuts (Lin et al., 2025). Reflexive agents further
enhance reasoning through self-correction mecha-
nisms (Shinn et al., 2023; Zhang et al., 2024).

Most prior evaluations focus on arithmetic or
math word problems; we study implicit CoT for
abstractive summarization, assessing faithfulness
and efficiency side by side.

4 Methodology

4.1 Problem Statement

Given a source document, produce an abstractive
summary that is concise and faithful while min-
imizing inference cost. The goal is to determine
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Figure 1: Workflow: Dataset generation using Qwen
2.5 (14B) creates structured training data, followed by
training GPT Neo 1.3B under three reasoning regimes.

whether stepwise internalization can retain the plan-
ning benefits of explicit reasoning without emitting
scratchpad tokens, thereby improving the accuracy-
cost trade-off (Chu et al., 2024; Deng et al., 2025).

4.2 Workflow and Data

Figure 1 illustrates our approach. We use Qwen 2.5
(14B) to generate structured JSON files from the
SAMSum dialogue dataset (14,700 samples with
human-written summaries), containing dialogue-
grounded QA pairs and CoT reasoning steps. We
use standard 80%/10%/10% train/validation/test
splits.

4.3 Model and Training

GPT Neo 1.3B serves as our primary model, cho-
sen for its balance between capacity and compu-
tational efficiency. We employ LoRA fine-tuning
(r = 16) with AdamW optimization (learning rate
3 x 107°, batch size 4 with gradient accumulation
over 8 steps, gradient clipping at 1.0). All hyperpa-
rameters remain identical across regimes to isolate
the effect of reasoning strategy.

4.4 Training Regimes

No CoT maps dialogue directly to summary. Ex-
plicit CoT uses a structured scratchpad (plan —
key points — summary), generating the reasoning
trace before the final summary (Wei et al., 2022).
Implicit CoT adopts stepwise internalization (Deng
et al., 2025): training begins as Explicit CoT, then
progressively removes initial CoT tokens across
fine-tuning stages, resetting the optimizer at each
stage with mild stochastic offset to smooth the ob-
jective. At the final stage, the model emits only the
summary.



The expected mechanism is that explicit plans
improve content selection and organization; grad-
ual internalization compresses these computations
into hidden states, retaining planning benefits with-
out emitting long chains. Comparisons include
No-CoT, Explicit CoT, and the proposed Implicit
CoT, with evaluation spanning automatic metrics
(ROUGE, BERTScore) and training efficiency.

4.5 Stepwise Internalization Implementation

Our implementation of stepwise internalization fol-
lows the curriculum learning approach proposed by
Deng et al., with specific design choices tailored to
dialogue summarization:

Removal schedule. We train for 8 epochs with
a removal rate of A = 8 CoT tokens per epoch.
The structured scratchpad contains approximately
64 tokens on average (plan + key points), so this
schedule achieves near-complete internalization by
epoch 8. CoT tokens are removed from left to
right (beginning of the reasoning chain), following
the principle that early planning steps should be
internalized first while later verification steps may
remain visible longer.

Optimizer reset. To prevent catastrophic forget-
ting when the input distribution shifts (due to re-
moved tokens), we reset the AdamW optimizer
state at the beginning of each epoch. This allows
the model to re-adapt its learning dynamics to the
modified objective without carrying over momen-
tum from the previous token configuration.

Removal smoothing. To avoid abrupt objective
changes, we apply stochastic smoothing with a
small probability of adding a random offset to the
scheduled removal count. This mild randomness
helps the model generalize across slightly different
internalization stages.

4.6 Evaluation

We use ROUGE-1, ROUGE-2, ROUGE-L,
and ROUGE-Lsum for n-gram overlap, plus
BERTScore F1 for semantic similarity. We report
training duration, throughput (samples/sec), and
inference characteristics (token count and latency).

5 Results

Table 1 shows that Implicit CoT achieves ROUGE-
1 of 0.1929, representing 98.4% of Explicit CoT’s
performance (0.1960), with only a 0.0031 gap.
This demonstrates successful internalization where

the model retains planning benefits while elimi-
nating scratchpad generation. Implicit CoT out-
performs No-CoT by 61.2% relative improvement
in ROUGE-1, with similar gains across ROUGE-
2 (40.8%), ROUGE-L (62.3%), and BERTScore
(1.2%), validating that internalized reasoning sub-
stantially improves summarization quality.

Implicit CoT trains in 3h 8m versus 11h 27m
for Explicit CoT, a 72% reduction while main-
taining 98.4% of the quality. Both No-CoT and
Implicit CoT emit only the final summary, while
Explicit CoT generates the full reasoning chain,
making Implicit CoT approximately 4 x faster at
inference. This positions Implicit CoT optimally:
near-Explicit quality with near-No-CoT efficiency.

The additional A columns explicitly report the
absolute performance differences between Implicit
CoT and the No-CoT and Explicit CoT baselines,
making the relative gains and remaining gaps di-
rectly observable.

6 Discussion

6.1 Why Implicit CoT Succeeds for
Summarization

The success of Implicit CoT stems from three fac-
tors. First, summarization planning is compress-
ible; content selection and organization can be ef-
fectively internalized into distributed representa-
tions, unlike arithmetic where each step must be
explicit. Second, stepwise internalization provides
stable supervision through gradual token removal
with optimizer resets and smoothing, teaching the
model to fill in missing reasoning rather than adopt
shortcuts. Third, SAMSum dialogues follow rec-
ognizable patterns (greetings, discussions, conclu-
sions), enabling reliable internal heuristics.

6.2 Remaining Quality Gap

The 1.6% gap between Implicit and Explicit CoT
suggests partial internalization. Contributing fac-
tors include: (1) the 8-epoch curriculum length may
benefit from refinement, (2) removing 8 tokens
per epoch is relatively aggressive, and (3) GPT-
Neo 1.3B has limited hidden capacity for complex
reasoning. Despite this, the quality-cost trade-off
strongly favors Implicit CoT for deployment.

6.3 Training and Inference Efficiency

The 3.6 % training speedup stems from progressive
simplification, as CoT tokens are removed, genera-
tion becomes easier, enabling faster convergence.



Table 1: Experimental results comparing No-CoT, Implicit CoT, and Explicit CoT on SAMSum dialogue summa-
rization. All methods use GPT-Neo 1.3B with identical hyperparameters.

Metric No CoT Implicit CoT Explicit CoT = Almplicit-No CoT  Almplicit-Explicit
Quality Metrics

ROUGE-1 0.1197 0.1929 0.1960 +0.0732 -0.0031
ROUGE-2 0.0471 0.0663 0.0824 +0.0192 -0.0161
ROUGE-L 0.0954 0.1548 0.1723 +0.0594 -0.0175
ROUGE-Lsum 0.0958 0.1632 0.1583 +0.0674 +0.0049
BERTScore F1 0.8352 0.8453 0.8532 +0.0101 -0.0079
Training Efficiency

Training Duration 1h 27m 3h 08m 11h 27m - -
Throughput (samples/s) 22.49 11.45 2.85 - -
Inference Characteristics

Output Tokens Low Low High - -
Inference Speed Fastest Fast (4x) Slowest - -

Reduced output length also improves throughput
directly. Implicit CoT trains slower than No-CoT
(3.1 vs 1.4 hours) because early epochs still gen-
erate partial CoT, but this overhead is the price of
learning internalized reasoning that pays dividends
in quality.

By emitting only summaries while maintain-
ing near-Explicit quality, Implicit CoT reduces
per-request latency, token usage, and API costs
by approximately 4x compared to Explicit CoT.
This enables reasoning-enhanced summarization
for latency-sensitive applications like real-time chat
summarization, news aggregation, and conversa-
tional Al where inference cost dominates training
cost.

7 Limitations

This study evaluates only GPT-Neo 1.3B due to
GPU availability. While sufficient to demonstrate
the Implicit CoT concept, larger models (2.7B+)
may achieve better internalization and close the
remaining quality gap. Cross-model validation on
LLaMA and Qwen architectures would strengthen
generalizability but was not feasible within avail-
able compute resources.

8 Conclusion

This work presents the first evaluation of Implicit
Chain-of-Thought for abstractive summarization
via stepwise internalization. Training GPT-Neo
1.3B on SAMSum, we demonstrate that Implicit
CoT achieves 98.4% of Explicit CoT’s ROUGE-1
performance while reducing training time by 72%
and maintaining inference efficiency comparable
to No-CoT. This bridges the quality-efficiency gap:
Implicit CoT provides the reasoning benefits of

Explicit CoT without the latency and token costs.

Our findings validate that summarization plan-
ning can be successfully internalized through cur-
riculum learning, establishing stepwise internaliza-
tion as a viable training strategy beyond arithmetic
and reasoning tasks. The substantial improvement
over No-CoT (61% relative gain) confirms that im-
plicit reasoning genuinely enhances summarization
quality rather than adopting shortcuts. With infer-
ence efficiency 4 x better than Explicit CoT, Im-
plicit CoT enables reasoning-enhanced summariza-
tion in production systems where cost and latency
matter.

Future work should explore larger models, ad-
ditional domains, and hybrid approaches that se-
lectively retain critical reasoning steps. As lan-
guage models scale and deployment costs grow,
techniques like Implicit CoT that preserve qual-
ity while reducing computational overhead will
become increasingly important for practical NLP
applications.
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