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Abstract

Transformers are the cornerstone of modern large language
models, but their quadratic computational complexity limits
efficiency in long-sequence processing. Recent advancements
in Mamba, a state space model (SSM) with linear complex-
ity, offer promising efficiency gains but suffer from unsta-
ble contextual learning and multitask generalization. Some
works conduct layer-level hybrid structures that combine
Transformer and Mamba layers, aiming to make full use of
both advantages. This paper proposes TransMamba, a novel
sequence-level hybrid framework that unifies Transformer
and Mamba through shared parameter matrices (QKV and
CBx), and thus could dynamically switch between attention
and SSM mechanisms at different token lengths and layers.
We design the Memory Converter to bridge Transformer and
Mamba by converting attention outputs into SSM-compatible
states, ensuring seamless information flow at TransPoints
where the transformation happens. The TransPoint schedul-
ing is also thoroughly explored for balancing effectiveness
and efficiency. We conducted extensive experiments demon-
strating that TransMamba achieves superior training effi-
ciency and performance compared to single and hybrid base-
lines, and validated the deeper consistency between Trans-
former and Mamba paradigms at sequence level, offering a
scalable solution for next-generation language modeling.

Code — https://github.com/Yixing-Li/TransMamba

1 Introduction
Transformers (Vaswani et al. 2017; Achiam et al. 2023; Tou-
vron et al. 2023) are the foundation and mainstream model
of modern deep learning (Zhao et al. 2023), showing dom-
inating power in language modeling. Recently, Mamba has
emerged (Gu and Dao 2023) and been verified in various
fields. Compared with Transformer, Mamba has linear com-
putational complexity, high efficiency in processing long se-
quences, and lower training and inference costs (Qu et al.
2024). Nevertheless, its contextual learning and multi-task
generalization capabilities are unstable (Waleffe et al. 2024).

*Work conducted during internship at Tencent.
†Corresponding author.
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Transformer and Mamba have their own strengths and could
complement each other.

Recent work has explored constructing hybrid structures
through mixed layers of Transformer and Mamba to achieve
better performance, benefiting from the advantages of both
models (Lieber et al. 2024; Team et al. 2025). However,
these layer-level hybrid models adopt the same stacked
structure at all token lengths (Yuan et al. 2024; Yang et al.
2024), which cannot well address the intrinsic efficiency
flaws of both models (e.g., Transformer has faster train-
ing for short contexts while Mamba has better efficiency in
longer contexts, see Table 2). Moreover, the naive static hy-
brid model has structural restrictions such as layer orders
and mandatory ratios (Lieber et al. 2024), which may not be
the optimal selection at all token lengths, greatly limiting the
exploration and breakthrough of hybrid models.

Recently, Mamba2 (Dao and Gu 2024) further enhances
the performance of Mamba series, which reveals the surpris-
ing consistency of the attention of Transformer and the State
Space Model (SSM) of Mamba. Furthermore, Wang et al.
(2024) performed distillation between Mamba and Trans-
former, distilling the QKV parameters of attention to ob-
tain CBx of SSM, verifying that the parameters can be in-
teractively transferred (as shown in Table 1). These moti-
vate us that we can build a new block that utilizes one set
of shared parameters to represent QKV (Transformer mode)
or CBx (Mamba mode). This block can flexibly switch be-
tween Transformer or Mamba at different layers and tokens.
In this case, we could deeply combine two structures at both
the layer level and the sequence level, taking advantage of
both structures to balance effectiveness and efficiency while
ensuring structural flexibility.

Based on this block with shared QKV/CBx parameters
reflecting two modes, we could introduce a novel sequence-
level hybrid Transformer-Mamba structure, where some
tokens are processed via Transformer mode, while other are
processed via Mamba mode in one layer. Intuitively, to ob-
tain the efficiency advantages of both structures, we can
make the block adopt the Transformer mode for training on
relatively short contexts and the Mamba mode on long con-
texts. As shown in Figure 1(b), such prototype framework
has only one set of parameters to flexibly switch between
Transformer and Mamba modes for LM. In the former to-

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

31823



(a) Layer-level hybrid. (b) Sequence-level hybrid.
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Figure 1: (a) Layer-level hybrid. (b) Sequence-level hybrid.
QKV/CBx of Transformer and Mamba share parameters.

kens of the sequence, the output is calculated via the Trans-
former mode. At a specific position in the sequence (which
we call TransPoints from Transformer mode to Mamba
mode), the TransMamba model switches to Mamba mode
for subsequent token generation.

The implementation of our proposed sequence-level hy-
brid Transformer-Mamba framework is non-trivial, which
has the following challenges: (1) In sequence modeling,
the latter mode (Mamba) should rely on the information of
the previous tokens encoded by the former mode (Trans-
former) via an appropriate adaptation method that the lat-
ter mode could understand. How to losslessly transfer the
knowledge learned by the previous Transformer so that the
latter Mamba could fully utilize is essential. (2) We could
flexibly decide when (e.g., at what token lengths for differ-
ent layers) to transfer from Transformer to Mamba in our
hybrid framework. Jointly considering effectiveness and ef-
ficiency, the selection of an appropriate set of TransPoints at
various layers requires careful explorations under insightful
principles. (3) Actually, if we set TransPoints separately at
different layers, the functioning structure of this sequence-
level hybrid framework could be diverse at different token
lengths (e.g., pure Transformer, Mamba, or certain layer-
level hybrid structures), in which case the possible influence
should be concerned.

To address these issues, we propose a novel TransMamba
framework that utilizes the same set of shared parameters to
flexibly switch between attention and SSM modes in token
generation at different sequence lengths and layers, combin-
ing the advantages in effectiveness and efficiency of Trans-
former and Mamba. It brings in the new sequence-level hy-
brid paradigm in addition to the classical layer-level hybrid
paradigm. Specifically, we design a sophisticated Memory
Converter to convert the intermediate results of the Trans-
former mode into the state readable by the Mamba mode,
ensuring lossless transformation of the learned knowledge of
previous tokens when passing through TransPoints. More-
over, we have conducted comprehensive research on the
TransPoint schedule, exploring the overall optimal Trans-

Attention SSM
Q = δ(HWQ) C = δ(HWC)

K = δ(HWK) B = δ(HWB)

V = δ(HWV) X = δ(HWx) ◦∆
y = (L ◦QKT )V y = (A× ◦CBT )X

Table 1: Compare the matrix form of the attention and SSM.
The core mechanisms of attention and SSM show consis-
tency in dual form, which is the mathematical basis that en-
ables us to unify Transformer and Mamba.

Model Training FLOPs / Layer
Transformer O(T2N)

Mamba O(TN2)

TransMamba O(P2N+ (T− P)N2)

Table 2: Compare the training FLOPs of Transformer,
Mamba and optimal TransMamba. The FLOPs of Trans-
Mamba is a quadratic function of the TransPoint, and its spe-
cific value is related to the speed optimization coefficients of
Transformer and Mamba respectively.

Point setting and insights in different layers and sequence
lengths. A smoothed TransPoint schedule could reduce the
harm brought by mode changes while accelerating model
training. Our contributions are summarized as follows:

• We propose a novel TransMamba framework, which ver-
ifies the consistency of Transformer and Mamba in a
deeper degree, using one shared set of parameters while
outputting tokens via two modes. It introduces a novel
sequence-level hybrid Transformer-Mamba structure.

• We design the Memory Converter that conforms to the
theoretical solution to ensure the consistency of informa-
tion in TransMamba during the generation process, and
explore the optimal TransPoint scheduling at different
layers and token lengths.

• We conduct extensive experiments to verify the advan-
tages of TransMamba on both effectiveness and effi-
ciency. In conclusion, TransMamba could be a promising
hybrid Transformer-Mamba structure for LM.

2 Preliminary
2.1 Basic Notions

We use the classic notation from the Transformer and
Mamba papers. QKV denotes the key parameters (query,
key, value) of attention (Vaswani et al. 2017), and L denotes
the additional mask matrix. CBx represents the key param-
eters in the SSM (Gu and Dao 2023), ∆ is used to control
the discrete step size in SSM, and A is used to describe the
global dependencies of the hidden state. In order to satisfy
the classic symbolic representation, we use H to denote the
input embeddings for attention and SSM. The corresponding
calculations are shown in Table 1.
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Figure 2: (a) Structure of TransMamba. Attention and SSM have shared parameters WQKV and WCBx. Tokens are either
processed via the green path (Mamba mode) or the blue path (Transformer mode). (b) The TransPoint scheduling. (c) Trans-
Mamba generally shows better efficiency and performance with different sizes. (d) The Memory Converter.

2.2 Efficiency of Attention and SSM
As shown in Table 2, recent work (Dao and Gu 2024) the-
oretically summarizes the FLOPs of attention and SSM. T
denotes the sequence length, N denotes the state dimension
and P denotes the TransPoint value. In the context of long
texts where T is much larger than N, Mamba is efficient at
training on long sequences due to its linear complexity.

This advantage of Mamba’s training efficiency on longer
contexts is present with most of the commonly-used model
sizes, which also forms the motivation of TransMamba that
attempts to unleash the maximum potential of the flexible se-
quence level hybrid Transformer-Mamba structure in terms
of effectiveness and efficiency. It is important to note that
conclusions about FLOPs require a condition on the feature
dimension, which we strictly adhered to during model setup.

2.3 The Consistency of Attention and SSM and
the Idea of Sequence-Level Hybrid Model

Mamba2 (Dao and Gu 2024) compares the underlying
mechanisms of Transformer and Mamba, and introduces
the dual form of SSM to illustrate the consistency between
the two. In Table 1, we can find that the core mechanisms
of Transformer and Mamba (attention and SSM) are com-
pletely symmetrical. Wang et al. (2024) aligned the QKV of
the transformer weights with CBx of Mamba and performed
distillation, achieving improved results on chat and long-text

benchmarks. This once again shows that the core weights of
Transformer and Mamba are transferable and unified.

The above theories and research inspired us to build a
bolder framework of TransMamba with a unified architec-
ture of Transformer and Mamba. In our framework, Trans-
former and Mamba are combined not only at the layer level,
but also at the sequence level with parameter sharing. We
have designed a sophisticated combination mechanism to
make the hybrid model combine naturally and reasonably.

3 Method
3.1 Overall Framework of TransMamba
As shown in Figure 2(a), TransMamba is a layer-stacked
decoder-only autoregressive model. Each layer of Trans-
Mamba contains all the parameters of Mamba, including the
parameters required to calculate C, B, x, A and ∆. Based on
the aforementioned consistency between Transformer and
Mamba, we boldly let Q/K/V and C/B/x share the same
parameters (i.e., Q↔C, K↔B, V↔x). In other words, our
model has the ability to switch between Transformer and
Mamba structures, but with only one set of parameters.

Specifically, TransMamba contains the crucial Memory
Converter used for lossless information conversion when
the mode is switched from QKV to CBx (in Section 3.2),
armed with our TransPoint schedule that decides whether
we should use Transformer mode or Mamba mode at a cer-
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tain layer or token length (in Section 3.3). To ensure better
training efficiency, we only set a single TransPoint (i.e., the
token position where the mode switches from attention to
SSM) for each layer. The sequence before the TransPoint is
calculated using attention, and the rest is calculated through
SSM (Transformer→Mamba, i.e., TransMamba). Complex
structures with multiple TransPoints may have more magi-
cal properties and effects, which can be explored in future
research. At different token lengths, TransMamba could be
flexibly regarded as different structures (e.g., pure Trans-
former, Mamba, or Hybrid Transformer-Mamba).

Formalized calculation process. We denote the hidden
state of the input tokens as h. The remaining critical mathe-
matical symbols are the same as given in Section 2.1. Trans-
Mamba calculates intermediate results through linear project
and convolution modules. Since the parts of the input token
sequence that are shorter and longer than the TransPoint will
be calculated through different mechanisms, for the sake of
clarity, we use different symbols to represent the two parts:
(a) For the former input part before TransPoint:

hs = h[: TransPoint], Q = δ(hsWQ),

K = δ(hsWK), V = δ(hsWV),
(1)

The output ys will be calculated through the Transformer
mode before TransPoint:

ys = softmax(QKT ) ·V. (2)
(b) For the latter part of the input after TransPoint:
hl = h[TransPoint :], ∆ = σ(hlW∆ + b∆),

A = e−∆elog WA
, C = δ(hlWC),

B = δ(hlWB), x = δ(hlWx),

WQ = WC, WK = WB, WV = Wx.

(3)

Note that C/B/x are calculated exactly the same as
Q/K/V. TransMamba utilizes the Mamba mode to generate
outputs yl after TransPoint at each layer. The initial state h0

will be obtained through our proposed Memory Converter
as:
h0 = Memory Converter(K,V), yk = Ckhk,

hk = Ak−1hk−1 +Bk,∆kxk, yl = [y0, · · · , yk],
(4)

or in the matrix form as:
yl = (A× ◦CBT )(∆ ◦ x). (5)

The final output of our TransMamba can be expressed as the
combination of ys,yl:

y = [ys,yl]. (6)
Implementation details. For each layer of TransMamba,
the model calculates three intermediate results through the
shared QKV/CBx parameters, and then performs the at-
tention (before TransPoint) or SSM (after TransPoint) cal-
culations respectively. The detailed calculations of atten-
tion/SSM modes are the same in all layers as Eq. (1) and
Eq. (3), only with different TransPoint positions. For the re-
maining components of Mamba (e.g. Delta and Z parame-
ters), they are not shared and only participate in the calcu-
lation of the Mamba mode (refer to Appendix E for more
experimental results).

3.2 Memory Converter
The Memory Converter aims to convert K and V calculated
before TransPoint into the hidden state h required for the
Mamba mode after TransPoint. First, we expand the mathe-
matical form of SSM in detail:

∆k = σ(xkW∆ + b∆), Ak = e−∆ke
log WA

,

Bk = δ(xkWB), Ck = δ(xkWC),

h0 = B0∆0x0, hk = Ak−1hk−1 +Bk∆kxk.
(7)

Abbreviate h to matrix form as:

h = (A× ◦BT )(∆ ◦ x) = (A× ◦BT )X, (8)

where A× is the lower triangular matrix obtained by arrang-
ing the elements of A (more details are shown in Appendix
C). Based on the consistency of the mathematical structure
of attention and SSM shown in Section 2.1, we can calculate
the estimated hidden state from the intermediate results K,
V of attention as follows:

hs = (A× ◦KT )V. (9)

The initial state of the TransPoint can be obtained as h0 =
hs[−1]. Therefore, TransMamba can losslessly transform
from attention to SSM during sequence generation. It should
be noted that our Memory Converter does not require ad-
ditional parameters, but is a theoretical solution calculated
from existing results.

3.3 Flexible TransPoint Scheduling
TransPoint represents the token position of the segmenta-
tion of the sequence where the Transformer→Mamba mode
switch happens via the above Memory Converter for each
layer. The position of TransPoint in the sequence can control
the ratio of attention and SSM in this layer of TransMamba.
For example, when TransPoint is set to the midpoint of the
sequence, this layer is a 1:1 combination of Transformer and
Mamba in the sequence level; if it is set to the beginning of
the sequence, this layer is equal to pure Mamba. The Trans-
Point schedule decides the sequence-level hybrid structure
of TransMamba, impacting effectiveness and efficiency.

(1) Principles of our TransPoint scheduling. TransPoint
scheduling aims to to maximize the respective advantages
of attention and SSM in short and long context training to
optimize the overall efficiency and performance. TransPoint
scheduling should meet the following requirements:

• Efficiency. TransPoint has a great impact on training time.
The distribution of TransPoints could be closer to the op-
timal position in Table 2 for better training efficiency.

• Effectiveness. TransPoints at different layers cannot be
too concentrated at one position. Under the premise of
the first requirement, it needs to be distributed over the en-
tire length of the sequence to prevent possible degradation
brought by the mutations of simultaneous Transformer-
to-Mamba transformations for better effectiveness.
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(a) Layer-shared (4096). (c) Layer-specific.(b) Layer-shared (2048).
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Figure 3: Different TransPoint schedules affect effectiveness
and efficiency. Finally, TransMamba adopts layer-specific,
broad-range, and fine-grained TransPoint schedule.

(2) TransPoint scheduling for efficiency. We set the
TransPoints of each layer at different token lengths follow-
ing the above principles. Suppose the number of layers is L
and the total length of sequence is T , there are L ∗ T pos-
sible TransPoint schedules for our TransMamba. We denote
the value of TransPoint as P (indicating that the tokens be-
fore position P are modeled via Transformer and those after
P are encoded via Mamba), and we have the FLOPs for this
TransMamba layer as follows:

FLOPSTransMamba = O(P 2N + (T − P )N2). (10)

Theoretically, its training time is a quadratic function of
the TransPoint position P . In Section 4.3, our experiments
confirm that the training efficiency of TransMamba indeed
shows a quadratic function trend as TransPoint changes, and
the optimal efficient point of TransPoint P is nearly 2, 048
for our setting (N = 1, 536 and T = 8, 192). It indicates
that TransPoints should be close to 2, 048 for efficiency.

(3) TransPoint scheduling for effectiveness. We find that
simply setting the same Transpoint position for all layers
(e.g., simultaneously at length 2, 048) will result in unsatis-
factory performance due to the sudden switching. To achieve
better results, we need to set more diverse TransPoints at the
layer level, which could gradually guide the model struc-
ture from pure Transformer to Mamba differently at vari-
ous layers. To enable a smoothed transformation, our Trans-
Points are placed separately but as close as possible to the
optimal efficient P according to Eq. (10). Specifically, our
TransPoints cycle is performed every 8 layers referring to
the work (Dao and Gu 2024) on layer-level hybrid struc-
ture. The mean of TransPoints is set slightly smaller than
the optimal efficient point to enable more Mamba layers for
better efficiency. TransPoints gradually transition from the
beginning to the end of the sequence in a logarithmic trend ,
ensuring dispersion and smoothness.

Diverse Inference Strategy. Intuitively, the inference of
TransMamba could adopt the same TransPoint schedule as
that in training. However, due the flexibility of TransMamba,
we can also choose completely different TransPoints during
inference. It provides us a whimsical but inspiring idea that
we can train TransMamba with the most efficient structure,
and choose a different structure that best suits the task during
inference. We experiment with its potential in Section 4.4.

4 Experiments
4.1 Experiment Setup
Model families and dataset. We developed three baseline
model families with various sizes (400M, 1.5B): pure mod-
els Transformer (Vaswani et al. 2017), Mamba2 (Dao and
Gu 2024), and layer-level hybrid model similar to (Wang
et al. 2024) (noted as Hybrid-L). All models are developed
based on the Megatron-LM (Shoeybi et al. 2019) library.
The pre-training dataset is compiled from Common Crawl
(Crawl 2023) and PILE (Gao et al. 2020), and we trained all
models for 83 billion tokens.

It should be noted that TransMamba focuses on introduc-
ing the novel sequence-level hybrid Transformer-Mamba ar-
chitecture, and thus we mainly compare with pure models
and layer-level hybrid model as baselines. As for other meth-
ods such as recent Mamba or Transformer variants (Chou
et al. 2024; Pan et al. 2025), sliding windows (Zhu et al.
2021; Liang et al. 2023), etc., they are mostly orthogonal to
our idea of sequence-level hybrid mechanism. TransMamba
can be flexibly combined with some of these enhanced mod-
els, therefore they are not included in the baseline.
Evaluation. We aim to achieve robust conclusions across di-
verse domains, so we conducted comprehensive evaluations
involving 9 English tasks, including ARC-E, ARC-C (Clark
et al. 2018), CoQA (Reddy, Chen, and Manning 2019),
OBQA (Mihaylov et al. 2018), PIQA (Bisk et al. 2020),
PhoneBook (Waleffe et al. 2024), BoolQ (Clark et al. 2019),
LongBench-v2 (Bai et al. 2024), MMLU (Bommasani et al.
2021). More details are shown in Appendix D.

4.2 Main Results
Evaluations on General Tasks. We evaluate our Trans-
Mamba and baselines on multiple tasks including question
answering and reading comprehension as shown in Table
3 (note that the input contexts of these tasks are longer
enough than some of our TransPoints to trigger Trans-
Mamba). (1) TransMamba achieves the overall best perfor-
mance. On the question answering and understanding tasks,
TransMamba achieves the best performance or is compara-
ble to the Hybrid-L model, while it consistently outperforms
the original Transformer and Mamba2. (2) The PhoneBook
task is given the contact information of multiple people and
requires the model to accurately answer the contact of a spe-
cific person. As introduced in (Waleffe et al. 2024), Mamba
has a significant disadvantage compared to Transformer in
this precise search task, and this disadvantage also brings
to Hybrid-L. However, due to our smart combination of
Transformer-Mamba at the sequence level, TransMamba can
give accurate answers at the beginning of the sequence with
almost the same accuracy as Transformer. (3) Table 4 shows
the results on the long-context benchmark LongBench-v2,
where TransMamba still outperforms all baselines.

Efficiency Analysis. As described in Table 2 and Sec-
tion 2.2, Transformer/Mamba have efficiency advantages
on short/long text, respectively. Combining both advan-
tages, TransMamba is more efficient compared to baselines.
Specifically, taking max token length T = 8k and state di-
mension N = 1.5k as an example, the theoretical FLOPs of
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Model ARC-E ARC-C CoQA OBQA PIQA PhoneBook BoolQ MMLU
ACC ↑ ACC ↑ F1-Score ↑ ACC ↑ ACC ↑ Similarity ↑ ACC ↑ ACC ↑

Transformer-400M 60.57 58.72 5.07 42.4 52.75 38.70 60.72 40.02
Mamba2-400M 56.15 52.27 4.68 40.8 51.10 13.07 57.51 37.95
Hybrid-L-400M 62.33 55.78 5.52 43.6 53.89 17.60 61.66 39.46
TransMamba-400M 62.50 59.33 6.23 44.8 55.76 39.69 64.15 40.53

Transformer-1.5B 60.87 59.43 5.93 48.6 56.66 41.04 61.42 41.57
Mamba2-1.5B 63.64 56.00 5.30 44.0 58.97 19.08 59.20 40.74
Hybrid-L-1.5B 63.92 57.97 6.21 51.0 59.25 26.63 65.48 42.19
TransMamba-1.5B 64.75 63.33 6.97 50.6 59.61 40.92 66.73 42.65

Table 3: Main evaluation results. TransMamba generally shows better performance.

Model LongBench-v2
Overall Easy Hard

Transformer 31.61 34.38 29.90
Mamba2 30.62 32.81 29.26
Hybrid-L 35.79 38.02 34.41
TransMamba 38.76 40.10 37.94

Table 4: Evaluation results of our TransMamba and base-
lines on the long text benchmark LongBench-v2. The num-
ber of parameters of all models is 1.5B.

Model Relative Normalized Flops /
Train Time (Layer, 1010)

Transformer 1.00 3.94
Mamba2 0.77 2.01
Hybrid-L 0.78 2.97
TransMamba 0.75 1.85

Table 5: Comparison of average training time of models.

Transformer is 2.12 times that of the most efficient Trans-
Mamba, while that of Mamba is 1.09 times (the FLOPs
shown in Table 5 are normalized by the factor 2.67 men-
tioned in Appendix A). We calculated the average training
time of actually implemented models of main experiments
on 3 machines in Table 5. TransMamba has a maximum ef-
ficiency improvement of 25% compared to Transformer.

4.3 In-depth Analyses on TransPoint Schedule
Analyses on Layer-Shared TransPoint Schedule. Trans-
Point scheduling has a significant impact on model effec-
tiveness and efficiency. We first conducted experiments on
Layer-shared TransPoint scheduling for a straightforward
understanding, where the TransPoint of all layers is set to
the same value. We studied the relationship between model
training time and TransPoint settings (0–8192 with a step
size of 64). Figure 4(a) shows relative training time follows
a quadratic trend, with the optimal TransPoint at 2048.

V1∼V3 in Table 6 shows different Layer-shared sched-
ules at various positions, whose loss and PPL are not satis-

Model Setting
Validation

Loss ↓ PPL ↓
Transformer 3.098 22.15

Layer-shared
V1 3.356 28.67
V2 3.297 27.03
V3 3.308 27.33

Layer-specific
V4 3.125 22.76
V5 3.100 22.20
V6 3.135 22.99

Broad-range
V7 3.084 21.85
V8 3.022 20.53

Fine-grained V9 2.898 18.14

(a) Validation Score of Model Settings

Model Setting Detailed TransPoint Schedule
V1 [2048]
V2 [4096]
V3 [6144]
V4 [3072, 4096, 5120]
V5 [2048, 3072, 4096]
V6 [512, 1024, 2048]
V7 [2048, 4096, 6144]
V8 [0, 1024, 2048, 6144, 8192]
V9 [0, 128, 256, 512, 1024, 2048, 4096, 8192]

(b) TransPoint Schedule of Model Settings

Table 6: Results of different TransPoint schedules. The input
token sequence length of the training data is 8192. The val-
idation loss and PPL is calculated at 21 billion tokens. The
TransPoint of each layer in the model cyclically alternates
through the predefined TransPoints sequence.

factory due to the simultaneous Transformer→Mamba mu-
tation for all layers. Hence, we move to explore Layer-
specific TransPoint scheduling for better performance.

Analyses on Layer-Specific TransPoint Schedule. Dur-
ing explorations on Layer-specific scheduling, we observed
that three characteristics can bring better results: Layer-
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Figure 4: Experiments on TransPoint scheduling and train-
ing efficiency reveal that both layer-shared and layer-specific
schedules exhibit a quadratic trend.

Model (400M) ARC-E OBQA PIQA

TransMamba 62.50 44.8 55.76
TransMamba-Inf @Transformer 27.27 34.8 50.49
TransMamba-Inf @Mamba2 50.82 38.2 50.89
TransMamba-Inf @Hybrid-L 52.20 45.0 51.30

Table 7: Results of inconsistent training/inference Trans-
Point scheduling. Although the “Inf” TransMamba versions
perform worse than the original consistent version in bold,
the close performance inspires future explorations.

specific, Broad-range, and Fine-grained, and conduct three
groups of evaluations (V4∼V9 in Table 6). Note that these
Layer-specific schedules also possess the same quadratic
curve trend on efficiency as shown in Figure 4(b).

We condensed the following rules for TransPoints
scheduling: (a) TransPoints of each layer should be layer-
specific. Setting concentrated TransPoints for all layers has
relatively poor validation results. V4∼V6 set TransPoints at
three positions and achieve better loss and PPL compared
to V1∼V3 with shared TransPoints. (b) The scheduling of
TransPoints should cover broader range of the sequence.
V4∼V6 have TransPoints of all layers under the concen-
trated setting vary within the range of 2K tokens, while the
loss and PPL are significantly higher compared to V7∼V8.
More diverse TransPoints help the model performance grad-
ually improve. (c) Fine-grained transformation of Trans-
Points improves the performance. Compared to the vanilla
broad range setting V7 and V8, V9 (i.e., the final Trans-
Mamba setting) have finer-grained and smoother scheduling
cycling every 8 layers, achieving the best result.

4.4 Explorations on Inconsistent
Training/Inference TransPoint Scheduling

Due to the flexibility of the Transformer and Mamba mode
transformation based on the unified parameters in Trans-
Mamba, we can set different TransPoint schedules for train-
ing and inference. For this bold exploration, we train our
TransMamba with the selected schedule V9, and then infer-
ence with different schedules. As shown in Table 7, Trans-
Mamba can still maintain a certain level in most cases un-
der completely different reasoning structures. Even in some
cases, such as the score of OBQA evaluated with the Hy-

Experiment Training Loss
Global z with h 3.503

Global z with residual 3.447
Attention w/o z 3.390

Memory Converter with MLP 3.209
Memory Converter with SSM 3.173

Table 8: Core parts of ablation studies on model architecture.

brid structure, it can exceed the original TransMamba and
all baselines. This gives us a lot of inspiration for future
research directions. The structural decoupling of reasoning
can bring many research possibilities and unexplored per-
formance. Ideally, we could train one TransMamba model
efficiently and inference with different modes/structures ac-
cording to practical demands and tasks.

4.5 Ablation Study on Other Model Components
We further conduct ablation study on components of Trans-
Mamba, and critical conclusions include: (1) In Trans-
Mamba, the attention block is not suitable for mapping with
the z of SSM; (2) Memory Converter optimization is neces-
sary. The detailed experiments are shown in Appendix E.

5 Related Works
Transformer and Mamba. Transformer has always been
the focus of language model research (Beltagy, Peters, and
Cohan 2020; Liu et al. 2021; Tang et al. 2024), but its lim-
itations in processing long sequences (Zhou et al. 2021;
Behrouz, Zhong, and Mirrokni 2024) and the memory pres-
sure caused by KV cache (Wang et al. 2020; Dao et al. 2022)
are also difficult to solve. Mamba has the advantage of lin-
ear complexity based on the state space model (Gu and Dao
2023; Zhang et al. 2024), but struggles in modeling complex
contexts (Xiao et al. 2024).
Hybrid and other feature mixture models. Hybrid models
(Chen et al. 2024; Lou, Fu, and Yu 2024; Ren et al. 2025)
that combine the two are emerging, but most of the work
simply cascades them (Hatamizadeh and Kautz 2024; Lieber
et al. 2024). Works about architecture (Munkhdalai, Faruqui,
and Gopal 2024; Dong et al. 2024) combine the features of
Transformer and Mamba, but they are essentially different
from our sequence-level hybrid.
Consistency between Transformer and Mamba. Recent
works (Dao and Gu 2024; Han et al. 2024; Wang et al. 2024)
have revealed the consistency of the underlying mathematics
between them. However, there is no work that truly attempts
to unify Transformer and Mamba in sequence level. More
details of related work are shown in Appendix B.

6 Conclusion
We proposes TransMamba to unify Transformer and Mamba
at the sequence level and proves its superiority in efficiency
and performance. Furthermore, we conduct a detailed explo-
ration of TransPoints and summarize three criteria of Trans-
Point Scheduling. In short, our attempt provides insight and
inspiration for the next generation of sequence modeling.
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A Detailed Conclusion, Future Work and
Limitations

This paper proposes TransMamba to unify Transformer and
Mamba at the sequence level and proves its superiority in ef-
ficiency and performance. Specifically, we combine the ad-
vantages of Transformer and Mamba in long and short con-
texts to significantly improve the training speed during train-
ing. At the same time, conversion modules such as Memory
Converter ensure lossless model conversion, with the Trans-
Point scheduling to ensure model performance.

We conduct a detailed exploration of TransPoints and
model framework, from naive layer-shared TransPoint
scheduling to sophisticated layer-specific design, and sum-
marize three standards of the TransPoint scheduling. At the
same time, due to the flexible model architecture of Trans-
Mamba under shared parameters, we boldly tried training
and reasoning isomorphism and obtained surprising results.
In short, our attempt provides insight and inspiration for the
next generation of sequence modeling.

This paper also has some limitations for future research,
including: (a) Because the model architecture of Trans-
Mamba is completely redesigned and novel, we needed to
pre-train and fine-tune the model from scratch. However,
due to resource constraints, we cannot scale to a 7B or larger
models. Therefore, we conducted comprehensive and thor-
ough research and ablation experiments on various aspects
of TransMamba, focusing on models under 2B (which is
comparable with the main Mamba models explored in (Dao
and Gu 2024; Wang et al. 2024)). Future work could try
larger models and explore the form of the scaling law of
TransMamba. (b) Transformer and Mamba have their own
(enhanced) variants. These models are orthogonal to our ar-
chitecture TransMamba, which is why we do not include
them in the baseline (mentioned in Sections 4.1 and B).
But follow-up work can try to combine different enhanced
Transformer/Mamba variants into our TransMamba frame-
work. In addition, the constant term introduced by the Trans-
former and Mamba optimizations is not currently calculated
in detail in TransMamba’s theoretical FLOPs. We can per-
form targeted optimizations in the future. (Based on cur-
rent experimental results, the constant term ratio is approxi-
mately Transformer: Mamba = 2.67:1).

B Full Related Work and Discussion
Transformer and Mamba. Transformer has always been
the focus of language model research (Beltagy, Peters, and
Cohan 2020; Liu et al. 2021; Tang et al. 2024), but its lim-
itations in processing long sequences (Zhou et al. 2021;
Behrouz, Zhong, and Mirrokni 2024) and the memory pres-
sure caused by KV cache (Wang et al. 2020; Dao et al. 2022)
are also difficult to solve. Mamba has the advantage of lin-
ear complexity based on the state space model (Gu and Dao
2023; Zhang et al. 2024), but struggles in modeling complex
contexts (Xiao et al. 2024).
Hybrid and other feature mixture models. Hybrid models
(Chen et al. 2024; Lou, Fu, and Yu 2024; Ren et al. 2025)
that combine the two are emerging, but most of the work
simply cascades them (Hatamizadeh and Kautz 2024; Lieber

et al. 2024). Works about architecture (Munkhdalai, Faruqui,
and Gopal 2024; Dong et al. 2024) combine the features of
Transformer and Mamba. Among them, Infini-Transformer
(Munkhdalai, Faruqui, and Gopal 2024) reshapes the mem-
ory mechanism and state and concatenates the features of the
two. Hymba (Dong et al. 2024) splits the features and calcu-
lates them through attention and SSM respectively, and then
takes the average as the output of this layer. But they are
essentially different from our sequence-level hybrid.
Consistency between Transformer and Mamba mecha-
nisms. Recent work (Dao and Gu 2024; Han et al. 2024;
Wang et al. 2024) has revealed the consistency of the under-
lying mathematics between them. MILA (Han et al. 2024)
integrate the advantages of Mamba’s forget gate and block
design into linear attention and reformulate Mamba as a
variant of the linear attention Transformer. (Wang et al.
2024) presents a method to distill large pretrained Trans-
former models into Mamba for efficient deployment. It in-
volves reusing linear projection weights from Transformer
attention layers to initialize a modified Mamba architecture.
However, there is no work that truly attempts to unify Trans-
former and Mamba in sequence level.

C Model Details, Efficiency, and Feasibility
of TransMamba.

Memory Converter. The matrix utilized in Equation 8 is
as follows:

A× =


1
A1 1

A2A1 A2 1
A3A2A1 A3A2 A3 1

 . (11)

Feasibility of TransMamba. The feasibility of our design
comes from three key points: (1) Due to the consistency of
the attention and SSM mechanisms verified in Section 2.3,
the output of TransMamba can be calculated either through
the Transformer or Mamba mode flexibly for different to-
kens. (2) Due to the power of our Memory Converter, Trans-
Mamba does not lose any information when converting from
attention to SSM as the token length increases across the
TransPoint. The sequence state required by SSM can be per-
fectly preserved by the K and V of attention. (3) Our ex-
ploration and insight in TransPoint schedule help to achieve
better effectiveness and efficiency performance.

D Experiment Details
Experiment Setup Details. The benchmarks used in this
paper introduced in Section 4.1 are described as follows:

• ARC (Clark et al. 2018) dataset, developed by the Allen
Institute for Artificial Intelligence (AI2), is a collection
of 5,197 elementary-level science questions designed to
evaluate natural language understanding and reasoning
capabilities.

• CoQA (Reddy, Chen, and Manning 2019) dataset is a
large-scale collection of 127,000 question-answer pairs
from 8,000 dialogues across seven diverse domains (e.g.,
news, literature, science), designed to evaluate machines’
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ability to answer context-dependent, free-form questions
in multi-turn conversations.

• OBQA (Mihaylov et al. 2018) dataset is a novel question-
answering benchmark designed to evaluate AI systems’
ability to integrate external commonsense knowledge and
perform multi-step reasoning.

• PIQA (Bisk et al. 2020) dataset is a benchmark designed
to evaluate AI systems’ reasoning capabilities about phys-
ical commonsense knowledge through context-dependent
questions.

• PhoneBook is introduced in (Waleffe et al. 2024) and
aims to evaluate the exact phone number of a specific
person given a phone book of multiple people. There are
two ways to construct a specific phone book: conven-
tional construction and reverse construction. We use the
open source tool (Faraglia and Other Contributors 2020)
to construct a completely random test set PhoneBook.

• BoolQ (Clark et al. 2019) dataset is a natural language un-
derstanding benchmark comprising 15,942 yes/no ques-
tions paired with contextual paragraphs.

• LongBench-v2 (Bai et al. 2024) dataset is a comprehen-
sive multilingual benchmark designed to evaluate large
language models’ deep understanding and reasoning ca-
pabilities in ultra-long contexts (8k–2M words) through
503 challenging multiple-choice questions spanning six
task categories.

• MMLU (Bommasani et al. 2021) is a benchmark designed
to measure text models’ multitask accuracy, covering 57
tasks such as elementary mathematics, US history, com-
puter science, and law.

Settings Value
Global Batch Size 1024
Micro Batch Size 2
Sequence Length 8192
Training Tokens 81B

MLP Ratio 0.5
Initial LR 2.5e-4
Min LR 2.5e-5

LR Decay Style cosine
Weight Decay 0.1

Clip Grad 1.0
Normalization RMSNorm

Adam β1 0.9
Adam β2 0.95

BF16 True
RoPE θ 10000

Table 9: Global parameter settings.

Model Parameters Setting. In this section we introduce
the parameter settings of the baseline and TransMamba used
in this paper. Empirically, we set the ratio of TransMamba
layer to MLP layer to 1:1. (The baseline also has the same
setting). Table 9 shows the overall training settings, and Ta-
ble 10 shows the specific parameters of each model size.

Model Setting Value

400M

Num-Layers 24
Hidden-Size 1536

FFN-Hidden-Size 4096
Num-attention-Heads 16

1.5B

Num-Layers 64
Hidden-Size 1536

FFN-Hidden-Size 4096
Num-attention-Heads 16

Table 10: Model parameter setting.

E Model Components
In the process of building TransMamba, we conducted de-
tailed experiments on each component of the model. We
mainly study two model settings: parameter sharing strategy
and memory converter structure setting. Table 8 shows some
of the key results. The experimental setup is as follows:

1. The ”Global z” option experiments with sharing z glob-
ally (between the Transformer and Mamba). Global z
sharing can be implemented in two ways: by mapping
z only with the hidden state h, and by adding a global
residual to the previous approach.

2. The ”Attention without z” option does not share z in
Mamba with the Transformer.

3. The ”Memory Converter” experiment explores its spe-
cific implementation. ”MLP” refers to using the MLP
as the approximate state projection. ”SSM” refers to the
computation method described in this paper.

4. In addition to the main results listed in Table 8, we
also conducted additional ablation experiments, such as
whether the memory converter is accelerated using the
original Mamba2 method. The table only shows the pa-
rameters that have the greatest impact on the model ar-
chitecture.

Our most critical conclusions include: (1) In Trans-
Mamba, the attention block is not suitable for mapping with
the z of SSM; (2) Memory Converter optimization is nec-
essary. After we modified from a simple MLP fitting to the
theoretical solution Memory Converter, the running speed
and training effect of the model were significantly improved.
In addition, the SSM block acceleration mentioned in the
Mamba paper can also be used for Memory Converter.
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