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Abstract

Mamba’s theoretical infinite-context potential
is limited in practice when sequences far ex-
ceed training lengths. This work explores un-
locking Mamba’s long-context memory abil-
ity by a simple-yet-effective method, Recall
with Reasoning (RwR), by distilling chain-of-
thought (CoT) summarization from a teacher
model. Specifically, RwR prepends these sum-
marization as CoT prompts during fine-tuning,
teaching Mamba to actively recall and reason
over long contexts. Experiments on LONG-
MEMEVAL and HELMET show that RwR out-
performs existing long-term memory methods
on the Mamba model. Furthermore, under sim-
ilar pre-training conditions, RwR improves the
long-context performance of Mamba relative
to comparable Transformer/hybrid baselines
while preserving short-context capabilities, all
without changing the architecture.

1 Introduction

Transformer-based Large Language Models
(LLMs) (Vaswani et al., 2017; Touvron et al.,
2023a,b) have demonstrated significant capabil-
ity in various real-world tasks, but suffer from
quadratic complexity and poor length extrapolation.
In contrast, Mamba (Gu and Dao, 2023) adopts
a recurrent inference mode that ensures linear
complexity and unlimited input length. However,
despite having a theoretical capability of global
memorization, empirical studies (Waleffe et al.,
2024; Ben-Kish et al., 2024; Ye et al.; Yuan et al.,
2024) have shown that Mamba struggles with
long-context memory when the length of the
processed text exceeds the model’s training length.

To address this issue, efforts have focused
on compressing unimportant tokens to reduce
their negative impact. DeciMamba (Ben-Kish
et al., 2024) utilized the selective time-steps of
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Figure 1: (a) The simulated “attention map” of Mamba!.
The orange rectangle shows that when Mamba encodes
a long text, the representation of the current token is
difficult to include the information of the previous token
that is far away from it. (b) The state information of
the text is gradually gathered from the beginning to the
end to the last token. RwR aims to first decode the last
token state to obtain a shorter summary, which can be
fully accessed by Mamba when answering questions.

Mambea to filter out unimportant tokens, while Re-
Mamba (Yuan et al., 2024) used the similarity be-
tween query and tokens to select important tokens
and remove unimportant ones. However, in prac-
tice, long-context memory and extrapolation chal-
lenges persist when the input length significantly
exceeds the training length of Mamba, even after
applying such filtering. Moreover, since the orig-
inal input sentences are compromised, Mamba’s
language modeling performance may also be nega-
tively impacted in this way (See Table 3).

Instead of changing the logic of state update, we
aims to unlock the long-context memory ability
of Mamba in a data-driven chain-of-thought (Wei
et al., 2022; DeepSeek-Al, 2025; Jin et al., 2024)
paradigm. Conceptually, our approach considers

'A variant of self-attention in Ben-Kish et al. (2024).
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two key properties of Mamba: (1) its implicit at-
tention mechanism naturally prioritizes recent to-
kens during decoding (Ben-Kish et al., 2024) (Fig-
ure 1(a)), and (2) the state representation of the
last token in the input theoretically encodes the
complete history through selective state transitions
(Figure 1(b)). Therefore, Recall with Reasoning
(RwR) is proposed, which teaches Mamba model to
first decode relevant context from Mamba’s fixed-
size state memory, then performs reasoning based
on this distilled historical summary. Specifically,
for a pair of long context and query, a more ca-
pable Transformer model is employed to generate
relevant summary that are needed to answer the
query. Such summary is then placed after the con-
text and query as a new entry of training data for
further fine-tuning. By augmenting a Supervised
Fine-tuning (SFT) dataset with such query-aware
summary CoT, Mamba can effectively identify key
information from long texts through CoT think-
ing, thus significantly improving its ability to re-
call long-context memory. Furthermore, during the
inference phase, a simple yet effective strategy of
breaking down longer context into smaller pieces is
used, which can further improve the performance.

To assess long-context memory and extrapola-
tion ability, two benchmarks are adopted: a chat-
form benchmark LONGMEMEVAL (Wu et al.,
2025), and an application-centric benchmark HEL-
MET (Yen et al., 2024). Experimental results ver-
ify that RwR effectively improves the long-context
memory ability of Mamba. In addition, experi-
ments on short-context language modeling tasks,
like the RTE (Dagan et al., 2005), GSM8K (Cobbe
et al., 2021), Natural Question (Kwiatkowski et al.,
2019), and SAMSum (Gliwa et al., 2019), show
that our method does not affect the basic language
modeling ability of Mamba.

2 Related Work

2.1 Related Work

State Space Models Gu et al. (2022) proposed
the S4 model, which is a promising alternative to
transformers for capturing long-term dependencies.
Building on S4, Gu and Dao (2023) introduced
the data-dependent State Space Model (SSM) layer
S6, and developed the Mamba (Gu and Dao, 2023)
language model backbone. Mamba outperforms
transformers of various sizes on large-scale real-
world data and scales linearly with sequence length.
Additionally, Dao and Gu (2024) provided insights

into the performance of recent SSMs compared to
transformers in the context of language modeling.
Hybrid models like Jamba (Lieber et al., 2024)
and Samba (Ren et al., 2024) aim to combine the
strengths of attention mechanisms with Mamba’s
efficient long-range dependency modeling.

Long-context Memory Some studies (Peng
et al., 2024; Li et al., 2024; Ben-Kish et al., 2024)
have highlighted that language models trained
on fixed-length contexts tend to suffer perfor-
mance degradation when applied to longer contexts.
Transformer-based models, in particular, face sig-
nificant computational challenges as the context
length increases. For state space models, Deci-
Mamba (Ben-Kish et al., 2024) introduced a non-
training method to filter out less important tokens,
effectively reducing the input length. Additionally,
Yuan et al. (2024) proposed a technique where a
network is trained to compress and selectively re-
tain essential information during the initial forward
pass. Meanwhile, Ye et al. investigated the fun-
damental limitations of Mamba in handling long
sequences and presented a principled approach to
address these issues on various tasks.

CoT Distillation The distillation-based transfer
of CoT ability to small language models (SLMs)
has emerged as a prominent research direction. The
predominant methodology leverages CoT prompt-
ing to extract rationales from large-scale teacher
models (e.g., GPT-4), subsequently transferring
these rationales to SLMs via fine-tuning (Ho et al.,
2023; Pezeshkpour et al., 2023). Building upon
these foundations, Magister et al. (2023) systemat-
ically investigated reasoning enhancement across
multiple model architectures, empirically establish-
ing the scaling laws governing student model abil-
ity and training data volume. In parallel, Wang et al.
(2023) addressed the critical challenge of ensur-
ing fidelity and consistency in rationale generation
through constrained decoding optimization.

3 Method

In this section, we present Recall with Reason-
ing (RwR). The overview of the framework is pre-
sented in Figure 2.

3.1 Summary-based CoT Construction

Valid Summary Extraction Since Mamba (Gu
and Dao, 2023) has not undergone instruction

Zhttps://huggingface.co/state-spaces/mamba-2.8b
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[q: Why did the birds approach Emma? a: The birds smelled her sandwich.J

c: One day, ......, Emma walked to
Riverside Park and took out her
sandwich. Suddenly, a sparrow

landed on her backpack. When she
dropped a crumb of sandwich, the
sparrow darted down and snatched

it, e

s: Emma walked to a park, and
she took out sandwich, a
sparrow approached her and
snatched the crumb.

Valid
Summary:

Verification:
Empty Summary: v=1L(sa)

¢ =L(c,qa)

Cy: One day, ......, Emma walked to
Riverside Park and-took-outher
sandwich. Suddenly, a sparrow landed
on her backpack. When-she-dropped
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Figure 2: The data generation of RwR. c is the context,
q is the query for ¢, and a is the ground-truth answer. c,.
is the context in which the correct answer is removed.
v refers to whether the valid summary contains correct
answer. L refers to the LLM used in this step. “......”
refers to a part of the context. The gray part is the
deleted text containing the answer to the query.

tuning, following Yuan et al. (2024), we uti-
lized OpenOrca (Mukherjee et al., 2023) as the
SFT dataset, which primarily consists of question-
answering data. Based on this dataset, context-
query-summary triples are constructed to enhance
the model’s ability to recall key information from
long contexts. First, examples that contain back-
ground context relevant to the given query are se-
lected from the dataset. Formally, let ¢ denote the
context, g the query, and a the ground-truth an-
swer. For simplicity, these selected examples are
represented as D = {(c, ¢, a)}. Next, as shown in
Figure 2, for each example e € D, a Transformer
model® is employed to extract a summary of the
context that is relevant to the query. Since mamba
is not trained with SFT, it cannot be used directly
to extract summary here. The prompt used for this
task is: “<c> <¢> Please extract a note relevant to
the query:” The extracted summary is denoted as s.
To ensure the quality of the generated summary s,
GPT-4o is used to verify their consistency with the
correct answers a. Samples with inconsistencies
are filtered out. Finally, the filtered examples are
denoted as Dy = {(c,q, s)}.

Empty Summary Construction In real-world
scenarios, not all queries can be answered based on
the context provided. Training the model only on
the above dataset may lead to overconfidence. For
example, when context information is insufficient

3In this paper, the Llama-3.1-8B-Instruct was used.

to answer the query, it will fail to answer: “There
is no enough information here”, but it will forcibly
generate wrong answers. To mitigate this problem,
we construct examples where the given context
does not contain the answer to the query to enhance
the model’s ability to distinguish between relevant
and irrelevant paragraphs. As shown in Figure 2,
e € D is selected, and then the Llama-3.1-8B-
Instruct is used to locate the paragraphs in context
c that contain the correct answer. These paragraphs
are removed to obtain the modified context ¢,.. This
process results in a set of empty-summary data,
denoted as D, = {(c,, q, empty)}. Subsequently,
the summary CoT data is the combination of Dy
and D, which is denoted as D, = [Dy, D,].

Finally, Mamba is trained using the OpenOrca
dataset along with the constructed dataset Ds. In
this way, the model can unlock the ability of recall-
ing from long input context via CoT.

3.2 Segmented Summarization for Answering

For scenarios with very long input lengths, a simple
yet effective strategy is to segment longer context
into smaller pieces. First, the long context is di-
vided into multiple parts. Since the trained model
has the ability to extract summaries, a summary is
generated for each part. Finally, these summaries
are fed together into the model to answer the query.
This approach ensures that each processing step re-
mains within a manageable length, which benefits
the model’s memory. Moreover, Mamba has lin-
ear computational complexity as the input length
increases, so this strategy does not increase the
demand for computing resources.

4 Experiments

4.1 Experiment Settings

Evaluation Datasets & Metrics LONG-
MEMEVAL was a challenging benchmark
designed to evaluate the long-context memory
ability of chat assistants across six memory tasks,
including single-session-user (SU), single-session-
assistant (SA), single-session-preference (SP),
multi-session reasoning (MR), knowledge update
(KU), temporal reasoning (TR). It also contains
two datasets of different length. HELMET was
a comprehensive benchmark for long-context
language models covering seven diverse categories
of tasks. This paper selected several tasks in
HELMET and set the evaluation length to 16k.

Following previous work, the LONG-
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Tasks SU SA SP MR KU TR Avg
Orcale(10k length)

Mamba(Pre) O 1.8 0 075 0 0 04
Mamba (SFT) 31.4 392 6.7 83 21.8 143 18.6

DeciMamba 47.0 41.1 6.7 3.0 19.2 143 193
ReMamba 457 339 133 105 282 232 244
RwR 48.6 44.6 10.0 13.5 33.3 24.1 27.6

S(100k length)
Mamba (Pre) 0 0 0 0 0 0 0

Mamba (SFT) 11.4 5.7 0 45 103 11.2 8.0
+SSA 71 71 0 53 51 98 6.6
DeciMamba 0 0 0 0 0 075 02
ReMamba 29 1.8 0 38 77 45 40
RwR 10.0 7.1 0 6.3 11.5 163 9.8
+SSA 129 89 0 7.5 16.7 15.0 114
Table 1: The evaluation results (%) on LONG-

MEMEVAL. We reported the average results of three
rounds. ORCALE dataset contains only context related
to the question, while the S dataset also contains some
irrelevant context. “SSA” refers to the proposed strat-
egy in Section 3.2. Since the number of examples is
different in different tasks, Avg is the weighted average.

Tasks RAG ICL SR Avg
Mamba (Pre) 0 0 0 0

Mamba (SFT) 44.6 39.0 0.5 28.0
DeciMamba 39.8 20.0 35 21.1
ReMamba 41.8 52.0 1.7 31.8
RwR 47.3 54.0 1.6 34.3

Table 2: The evaluation results (%) on HELMET. The
length of examples is set to 16k.

MEMEVAL (Wu et al., 2025), was evaluated
by GPT-40. For the HELMET benchmark, the
Retrieval-augmented generation (RAG) and
Synthetic recall (SR) tasks was evaluated by
SubEM, and the Many-shot in-context learning
(ICL) task was evaluated by Accuracy. For short
context tasks, the metrics were as follows:
Reasoning on the GSMS8K (Cobbe et al., 2021),
and the results were measured by solve rate.
Summarization on the SAMSum (Gliwa et al.,
2019), and the results were measured by the aver-
age of ROUGE-1, ROUGE-2 and ROUGE-L.
Open-domain QA on the Natural Ques-
tion (Kwiatkowski et al., 2019), and the results
were measured by exact match (EM) with the refer-
ence answer after minor normalization as in Chen
et al. (2017) and Lee et al. (2019).
Natural language inference (NLI) on the
RTE (Dagan et al., 2005), and the results were
measured by accuracy of two-way classification.

Training Details Mamba-2.8b (Gu and Dao,
2023) was used as the backbone. OpenOrca was

used as SFT data. To accommodate device memory
constraints, the training examples were truncated
to a maximum length of 6,000. Finally, 100,000
OpenOrca data and 10,000 constructed summary
data were used for the proposed RwR.

Baselines We included the untuned Mamba,
Mamba fine-tuned on the OpenOrca dataset,
Decimamba (Ben-Kish et al., 2024) and Re-
mamba (Yuan et al., 2024) as baselines. Deci-
mamba and Remamba were compression methods
designed for the long-context memory of Mamba.

4.2 Results

Long-context Memory Tasks Table 1 and 2
reported the long-context memory evaluation re-
sults on two benchmarks. We observed that while
previous long-context memory and extrapolation
methods (e.g., DeciMamba and ReMamba) im-
prove performance in the 10k length setting, their
effectiveness decreased significantly in the 100k
length setting and even underperformed directly
fine-tuned Mamba (SFT). This suggests that exist-
ing methods have notable limitations in extending
the Mamba’s context length. In nearly all tasks,
RwR enhanced the performance of Mamba across
all context lengths. This demonstrates that CoT can
effectively extend the model’s processing length
and improve its long-context memory ability. Fur-
thermore, for the 100k length settings, our SSA
strategy further improved the performance for RwR.
However, for the Mamba (SFT) that was trained
without our constructed data, using this strategy re-
sults in a decrease in performance. This shows that
our method can effectively improve the model’s
ability to extract summaries, thereby indirectly im-
proving the model’s long-context memory ability.

Short-context Tasks In order to verify whether
the proposed method has negative effects while
improving long-context memory and extrapolation
ability, several short-context tasks were selected for
evaluation, and the results were shown in Table 3.
As shown in the table, compared with Mamba
(SFT), the short-context language modeling ability
of our method RwR has been slightly improved.
However, the short-context abilities of DeciMamba
and ReMamba were significantly reduced, which
indicates that the previous compression methods
affect the language modeling ability of Mamba and
bring challenges in practical application.
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Tasks Dialogue NLI Reasoning Open-QA Tasks SU SA SP MR KU TR Avg Time
Mamba (Pre) 25.2 45.7 71.5 21.5 Orcale(10k length)
Mamba (SFT) -~ 233~ 40.6  88.5 234 RwR  48.6 44.6 10.0 13.5 33.3 24.1 27.6 1.7s
DeciMamba 24.7 36.5 92.8 99 .

Phi2 614 678 0 1.5 51 45 185 2.5s
ReMamba >1 305615 214 Hymba 40.0 464 133 6.0 359 22.6 248 43
RwR 281 469  93.0 23.7 ymba 9. : 2o : : © %8

Table 3: The results (%) on short-context tasks.

4.3 Other Architectures Study

Extrapolation study In order to verify the su-
periority of Mamba in extrapolation ability com-
pared with other model architectures, length extrap-
olation experiments were conducted on the Trans-
former model and the hybrid SSM-Transformer
model. Specifically, we selected Transformer
model Phi-2 (Javaheripi et al., 2023) and hybrid
model Hymba (Dong et al., 2024), as they closely
match Mamba in both the pre-training context
length and model size. Then these models were
fine-tuned using the same data as those used by
Mamba in this study. The performance of the fine-
tuned Phi-2 and Hymba models was evaluated on
the LONGMEMEVAL benchmark. As shown in
Table 4, at 10k length, the average performance of
both Phi-2 and Hymba was slightly worse than that
of Mamba. However, their performance was almost
0 at the 100k length setting, significantly lower than
that of Mamba, which indicates that their length
extrapolation ability is very limited. In addition,
the Phi-2 model only achieved certain performance
on the single-session-user (SU) and single-session-
assistant (SA) tasks. These suggest that the Phi-2
model retains only some simple ability during ex-
trapolating the length and is not generalizable.

Efficiency study The rightmost column of Ta-
ble 4 presents the average time taken by differ-
ent models to process samples of varying dataset
lengths. For a data length of 10k, the time dif-
ferences between models were minimal, with the
Transformer model requiring less time than the hy-
brid model. This is likely due to the more complex
structure of the Hymba model, which requires addi-
tional processing steps. However, when processing
data of length 100k setting, the Transformer model
took significantly longer than the other models,
which highlights the efficiency of the SSM model
in processing long texts.

5 Conclusion

This paper focuses on the long-context memory and
extrapolation of Mamba. A method called RwR

S(100k length)

RwR 100 71 0 6.3 11.5 16.3 9.8 10.8s
Phi-2 0 0 0 075 13 0 04 30.6s
Hymba 0 0 0 0 0 0 0 17.5s

Table 4: The evaluation results (%) of SSM model RwR,
Transformer model Phi-2 and hybrid model Hymba on
the LONGMEMEVAL. “Time” refers to the average
time consumed by each sample calculation.

is proposed to guide the CoT of Mamba to focus
on summarizing and identifying key information
in the previous context, thereby enhancing mem-
ory ability. Experiments on the LONGMEMEVAL
and HELMET datasets demonstrate that the pro-
posed method effectively enhances the model’s
long-context memory abilities, and in the meantime
retaining the basic language modeling ability on
other short-context tasks. Further analysis shows
that Mamba has better length extrapolation ability
than the Transformer and hybrid models.

Limitations

There are several limitations for this paper. First,
this paper only conducts experiments on Mamba-
2.8b, but whether it is effective on other SSM mod-
els such as Mamba2 (Dao and Gu, 2024) or Fal-
con mamba (Zuo et al., 2024) is still unknown
and needs to be explored in future work. Sec-
ond, the longest test length in this paper is about
100k, but longer lengths, such as 200k, are not ex-
plored due to computational costs. Third, since
the pre-training length of Mamba is limited to 2k,
which is much shorter than more advanced Trans-
former models (such as Llama-3.3, which has a
pre-training sequence length of up to 128k), the
current Mamba model is not comparable to the
state-of-the-art Transformer models.
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