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Abstract

Parameter-efficient fine-tuning (PEFT) methods optimize
large language models (LLMs) by modifying or introducing a
small number of parameters to enhance alignment with down-
stream tasks. However, they can result in catastrophic forget-
ting, where LLMs prioritize new knowledge at the expense
of comprehensive world knowledge. A promising approach
to mitigate this issue is to recall prior memories based on the
original knowledge. To this end, we propose a model-agnostic
PEFT framework, IMSM, which Interweaves Memories of
a Siamese Large Language Model. Specifically, our siamese
LLM is equipped with an existing PEFT method. Given an
incoming query, it generates two distinct memories based on
the pre-trained and fine-tuned parameters. IMSM then incor-
porates an interweaving mechanism that regulates the contri-
butions of both original and enhanced memories when gen-
erating the next token. This framework is theoretically appli-
cable to all open-source LLMs and existing PEFT methods.
We conduct extensive experiments across various benchmark
datasets, evaluating the performance of popular open-source
LLMs using the proposed IMSM, in comparison to both clas-
sical and leading PEFT methods. Our findings indicate that
IMSM maintains comparable time and space efficiency to
backbone PEFT methods while significantly improving per-
formance and effectively mitigating catastrophic forgetting.

Code — https://github.com/ECNU-Text-Computing/IMSM

Introduction

Large Language Models (LLMs) have emerged as a sig-
nificant breakthrough in natural language processing (NLP)
(Bai et al. 2023; Touvron et al. 2023; OpenAl 2023; Zeng
et al. 2023). With extensive world knowledge, they have ex-
hibited remarkable zero-shot abilities across various tasks,
such as language understanding (Achiam et al. 2023), logi-
cal reasoning (Kojima et al. 2022), efc. Nevertheless, one of
the challenges with LLM:s is their susceptibility to generat-
ing incorrect or unfaithful outputs, especially in unfamiliar
domains (Sun et al. 2024; Lin et al. 2024). In-context Learn-
ing (ICL) (Brown et al. 2020; Huang and He 2024) mitigates
this issue by incorporating typical examples into prompts,

*Corresponding author
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

25155

(a) Vanilla PEFT Domain

g Knowledgel 9
Lo Target | =} 7
Original Enhanced General
LLM PEFT LLM [, Km:owledgeI
(b) IMSM o
E D Domain
~ Enhanced KnowledgeI
o & Y -| J
E Target Q. v |
Original > L General
al —_——————-
LLM 11 |Knowledge,
= T
> Original I
! LLM I

-

Figure 1: Comparison between vanilla PEFT (a) and our pro-
posed IMSM (b). Vanilla PEFT methods employ an LLM
only once. The parameter distribution shift will cause the
LLM to forget general knowledge. Instead, IMSM incorpo-
rates a siamese LLM, which can be regarded as two LLMs,
sharing identical structure and pre-trained parameters. One
remains frozen while the other is fine-tuned using an exist-
ing PEFT method. By flexibly recalling the memory of the
original LLM, IMSM can improve fine-tuning performance
and alleviate catastrophic forgetting.

but does not inherently align LLMs with downstream ob-
jectives (Fu et al. 2023; Ding et al. 2023). Continued pre-
training or supervised fine-tuning can better align parame-
ters with tasks but is time-consuming and computationally
intensive (VM et al. 2024; Han et al. 2024). To address this
issue, parameter-efficient fine-tuning (PEFT) (Fu et al. 2023;
Ding et al. 2023), as shown in Figure 1 (a), selectively fine-
tunes a limited subset of parameters or adds new ones, while
keeping the majority fixed.

However, refining the parameters of LLMs using tar-
get datasets enhances domain-specific knowledge but in-
troduces biases related to that domain and task (Ren et al.
2024). This process can result in forgetting world knowl-
edge and compromising general abilities, which is known as
catastrophic forgetting (McCloskey and Cohen 1989; Kirk-
patrick et al. 2017). Effective countermeasures typically en-
compass strategies for replaying pre-training data (Hayes
et al. 2020; Kar et al. 2022) or constraints on updating
parameters (Chen et al. 2020). Nevertheless, obtaining ap-
propriate pre-training data for LLMs presents considerable
challenges. Additionally, the vast range of tasks and the



sheer number of parameters complicate efforts to balance
integrating new knowledge with preserving existing capa-
bilities. This complexity introduces uncontrollable variables
during the fine-tuning process.

Instead, this paper highlights the significance of utilizing
the original knowledge of LLM to improve fine-tuning ef-
fectiveness and reduce the risk of catastrophic forgetting, as
depicted in Figure 1 (b). Generally, the hidden states of the
final layer of an LLM can be conceptualized as a memory. It
encapsulates the encoded input sequence along with the pre-
ceding tokens of the generated response. When the model
processes a query, the new memory shaped by the updated
knowledge from fine-tuning may diverge from its original
understanding. Therefore, for tasks beyond the fine-tuning
target, the predicted probability distribution of the next token
from this new memory runs the risk of deviating from the
typically accurate distribution. In such cases, recalling the
original memory before predicting based on the new mem-
ory at each step can help prevent deviations in token pre-
dictions. This process is akin to opening a channel between
two parallel worlds with different experiences, facilitating
the fusion of memories of diverse values.

To this end, we propose a straightforward yet highly ef-
fective PEFT framework called IMSM, which Interweaves
Memories of a Siamese Large Language Model. In partic-
ular, we employ a siamese LLM equipped with an exist-
ing PEFT method, like LoRA. Given a query, it generates
two distinct final hidden states, i.e., memories, based on the
original pre-trained parameters and the parameters equipped
with the PEFT module. We then propose a query-aware gate
as the memory interweaving mechanism to facilitate token
generation at each step. During the training phase, the ex-
isting PEFT module effectively retains new knowledge for
downstream tasks. Thus, the gating mechanism is capable of
dynamically balancing between the original memory and the
updated memory based on varying queries. During the infer-
ence stage, IMSM relies on the given query features, allow-
ing it to flexibly meet the demands of original knowledge for
both fine-tuned tasks and other tasks. This mechanism is key
to improving performance on fine-tuning tasks and reducing
catastrophic forgetting on other tasks. Theoretically, our pro-
posed IMSM is a model-agnostic framework that allows for
seamless integration across various open-source LLMs and
existing PEFT methods.

We conduct extensive experiments to evaluate the perfor-
mance of the proposed IMSM in comparison to classical
PEFT methods, including LoRA (Hu et al. 2021), (IA)3
(Liu et al. 2022), and AdaLoRA (Zhang et al. 2023). We
also compare with the state-of-the-art PEFT methods, Lo-
RAMOE (Dou et al. 2023) and DoRA (Liu et al. 2024).
Moreover, we employ popular LLMs such as ChatGLM3
(Du et al. 2021), Qwenl.5 (Bai et al. 2023), Llama2 (Tou-
vron et al. 2023), and Llama3 (Touvron et al. 2023) as back-
bone LLMs and fine-tune them with PEFT on four bench-
mark datasets, e.g., MRPC (El-Said et al. 2015), CoLA (EI-
Said et al. 2015), ROPES (Lin et al. 2019), and GSM8K
(Cobbe et al. 2021). To evaluate the extent of catastrophic
forgetting, we analyze the LLMs’ performance on other
datasets before and after fine-tuning on a target dataset. The
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results demonstrate that IMSM achieves superior perfor-
mance compared with vanilla PEFT methods. Notably, this
improvement is attained without imposing too many addi-
tional trainable parameters. Furthermore, IMSM can effec-
tively mitigate the issue of catastrophic forgetting.

Our main contributions are summarized as follows:

e To the best of our knowledge, this represents the first
model-agnostic PEFT framework that employs a siamese
LLM, effectively harnessing both its intrinsic world knowl-
edge and the novel insights gained from PEFT.

e We propose a query-aware gate mechanism for inter-
weaving memories, allowing flexible fusion of the last hid-
den states at each step.

o Extensive experiments validate the effectiveness of our
proposed IMSM, and the results have confirmed its excep-
tional performance in striking a balance between plasticity
and stability.

Related Work

We review three lines of related work: parameter-efficient
fine-tuning methods, strategies for mitigating catastrophic in
LLMs, and approaches employing logits arithmetic.

Parameter-efficient Fine-Tuning

Traditional approaches to fully fine-tuning LLMs with bil-
lions of parameters suffer from significant difficulties in
terms of training time, computational expense, and practi-
cal efficiency. To overcome these, parameter-efficient fine-
tuning (PEFT) techniques have been developed, which fo-
cus on adjusting only a subset of the model weights while
maintaining the rest unchanged (Mao et al. 2021).

PEFT methods can be categorized into four main types:
additive, selective, re-parameterized, and hybrid approaches
(Han et al. 2024). Additive methods, like prefix-tuning (Li
and Liang 2021) and (I A)? (Liu et al. 2022), introduce ad-
ditional modules into the LLM layers. Selective methods,
like BitFit (Zaken, Goldberg, and Ravfogel 2022), focus on
selecting a small subset of parameters for fine-tuning. Re-
parameterized methods (Hu et al. 2021) use low-rank matri-
ces to approximate the changing weights. Hybrid methods
(Mao et al. 2022) are designed to combine different PEFT
methods, offering a comprehensive solution.

Current PEFT methods enable domain alignment at the
parameter level but can risk disrupting LLMs’ existing world
knowledge and reasoning capabilities. Therefore, we pro-
pose IMSM, a model-agnostic framework for any open-
source LLM and PEFT, which leverages the knowledge of
the original LLM to enhance response accuracy by integrat-
ing the original memories generated from the same input.

Catastrophic Forgetting in LLMs

LLMs face the challenge of catastrophic forgetting (Mc-
Closkey and Cohen 1989) during both pre-training and
fine-tuning, where the model tends to forget previously ac-
quired knowledge after being fine-tuned for downstream
tasks. Catastrophic forgetting is the traditional challenge of
continuous learning, leading to the development of various
methods to address this issue in this scenario. Prominent



strategies include techniques such as constrained parameter
updates, data replay, and parameter isolation (Ke and Liu
2022).

Recently, empirical investigations have indicated that
even advanced fine-tuning techniques like LoRA are not im-
mune to catastrophic forgetting (Luo et al. 2023). To address
the issue during PEFT, acquiring extensive pre-training data
can be an expensive process. Moreover, it is challenging to
ensure that the existing knowledge learned by the LLM is
not overwritten at the parameter level. Correspondingly, this
work suggests a novel approach to address this issue by uti-
lizing the siamese model to directly recall the knowledge
from the original LLM. By interweaving distinct memories
for the same input, the responses can be generated with en-
hanced flexibility.

Logits Arithmetic

Due to the limitations of individual LLM, model collabora-
tion emerges as a promising prospect. Previous studies (Liu
et al. 2021) have highlighted the effectiveness of ensembling
logits from multiple LLMs in controlled text generation or
reducing hallucinations. Contrastive decoding (O’Brien and
Lewis 2023) is proposed to directly use the discrepancy in
logits between robust and weaker models. Prefix-Adaptive
Decoding (Pei, Yang, and Klein 2023) and Context-aware
decoding (Shi et al. 2023) enhance the model’s faithfulness
by amplifying output probability differences across prompts.

Logits are derived from the final hidden states of LLMs,
which serve as internal representations or memories. Prior
research (Azaria and Mitchell 2023; Duan, Yang, and Tam
2024) has shown that these hidden states encapsulate knowl-
edge or information pertinent to factual judgments. Thus, the
final hidden states, focused on generating the next token, re-
flect the LLMs’ comprehension of the input information.

Taking this as a starting point, and different from previous
methods, we place the siamese LLLM within the PEFT frame-
work, enabling a learnable collaboration. This approach not
only enhances the performance of PEFT in downstream
tasks, but also retains extensive world knowledge and rea-
soning capabilities of the original LLM.

Methodology

In this section, we introduce the proposed IMSM, a novel
model-agnostic PEFT framework. As illustrated in Figure 2,
the siamese LLM is enhanced with a PEFT module. We con-
ceptualize this siamese LLM as comprising two LLMs: one
retains the original pre-trained knowledge, while the other
is adapted with knowledge specific to the downstream task.
The input tokens and the previously generated response to-
kens are processed by the siamese LLM to create distinct
memories, specifically the final hidden states. We then pro-
pose a query-aware gate mechanism to interweave these
memory representations. The next token is generated from
the intertwined memory.

In this framework, the parameters associated with PEFT
and the parameters related to the gate mechanism will un-
dergo fine-tuning, while the remaining parameters will be
frozen. Our objective is to preserve the model’s inherent
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Figure 2: The overall architecture of IMSM, including a
siamese LLM and an interweaving mechanism. Given the
same input tokens, our siamese LLM produces memories
with distinct values, which correspond to the two last hidden
states. The generation of the next token relies on the updated
memory through an interweaving mechanism. Trainable pa-
rameters are marked in red.

world knowledge and general reasoning capabilities while
simultaneously improving its performance in both down-
stream and general tasks. IMSM has the potential to be ap-
plied to various open-source LLMs and PEFT methods.

Siamese Large Language Model

To facilitate description and enhance intuitive understand-
ing, our Siamese LLLM can be conceptualized as a LLM with
dual types of parameters. When integrating PEFT methods
into the siamese LLM, the model first retains a copy of the
original knowledge. It then undergoes fine-tuning through
the PEFT module using downstream data to better align with
the new target objective. Taking LoRA as an exemplar PEFT
method, we update the parameters W by adding an adapter
AW to the original parameters W, € R*F:

W =W,+AW =W, + BA (1)
where W, remains frozen, while B &€ Rdxw and A €
R”** denote trainable low-rank matrices. And 7 is signif-
icantly smaller than d and k. This configuration results in
a substantial reduction in the number of trainable parame-
ters. W, and W represent the parameters of the frozen LLM
(i.e., original LLM) and tuned LLM, respectively.



Memory Interweaving Mechanism

Throughout both the fine-tuning and inference processes,
our siamese LLM generates distinct hidden states and cor-
responding logits. The last hidden states can serve as fea-
ture representations, encapsulating the LLM’s memory of
the previous input tokens. We shall employ these two repre-
sentations as vehicles to interweave memories derived from
various experiences, and propose a gate-based interweaving
mechanism for memories.

Let M represent the original LLM with parameters W,,,

while M’ denotes the fine-tuned LLM with parameters W
including partially tuned parameters AW
At each time step ¢, we can access the hidden states de-

rived from M and MI, as well as the hidden states prior
to t. First, we compute the average of the query’s last layer
hidden states in the Siamese LLM to obtain its dense repre-
sentations, reflecting the model’s dual understanding of the
input. Next, the hidden states for query understanding and
next token prediction are concatenated along the feature di-
mension. Finally, we construct a linear layer with low-rank
weight matrices at the top of the model to generate a gate,
which determines the contribution of each LLM in the next
step of logits generation process:

T.
_ 1 T
Ry =7~ > _ P )
m t=1
1 TML
R, =—> h'y 3)
M T, M

gate = sigmoid (f(EqM ®hly dhly, @ F}W)>

— sigmoid ( (R, @ hiy, © Ry @ Ri\e) - Wa - W)
“

where hf\,l and h',;, represent the last layer hidden states of
the original LLM M and the tuned LLM M, respectively,
for the ¢-th token in the sequence. T;,, represents the input
sequence length. hZVl and hjlw represent the average of the
query’s last layer hidden states. & denotes vector concate-
nation and f represents the linear layer with low rank. Here,
k', k' € R¥4 where d represents the dimension of the
hidden state. W 4 € R**" and W € R"*%, where r is
a hyper-parameter. Notably, r is significant smaller than d,
ensuring a limited number of parameters. Furthermore, the
gate is obtained through sigmoid activation.

The updated last hidden state hﬁv and the logits can be
calculated by:

hly = gate o hl\; + (1 — gate) o hy,, Q)

(6)
where o denotes element-wise multiplication and W,,,; de-
notes the parameters of the linear layer of the siamese LLM
that are utilized for generating the logits of the next token
corresponding to the vocabulary size.

In the memory interweaving process, incorporating query
information into the gating mechanism enables the model to

logits = hf\/ - Wout
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better retain original knowledge and reasoning abilities. Un-
like additive methods that lead to parameter sharing, con-
catenating hidden states facilitates finer-grained feature fu-
sion. Generally, both averaging and maximization are valid
strategies for handling the parallel memories of past query
tokens. However, averaging to synthesize information offers
a more comprehensive representation of the query.

Training and Inference

The probability distribution of the next token can be calcu-
lated as follows:

p(yelz, y<¢) = softmaz(logits) @)

During the fine-tuning phase, we utilize cross-entropy as
our loss function:

Tout

LIAW Wy, Wg) = — Z Z Yelog p(ye|w,y<i) (8)

t=1 yeV

where T, is the length of the output sequence. Finally,
we optimize the parameters AW, W4, and Wp using the
optimization algorithm like AdamW (Loshchilov and Hut-
ter 2017). Consequently, the gate mechanism is capable of
learning to execute flexible memory interweaving for di-
verse queries. This allows our proposed IMSM to mitigate
the interference caused by extraneous new knowledge for
tasks that fall outside the fine-tuning objective.

During the inference phase, we utilize a greedy search
strategy to generate the output sequence. We select the token
with the highest probability, informed by the updated mem-
ory, as the next generated token, add it to the input sequence,
and then repeat this process until the complete sequence is
generated.

Experiments
Datasets

We conduct experiments on four datasets: MRPC (El-Said
et al. 2015), CoLA (El-Said et al. 2015), ROPES (Lin et al.
2019), and GSMS8K (Cobbe et al. 2021), to evaluate the
alignment capability of our IMSM. Following previous stud-
ies (Schick et al. 2024; Asai et al. 2023), we also employ
MRPC (EIl-Said et al. 2015), WebQ (Bordes, Chopra, and
Weston 2014), FreebaseQA (Jiang, Wu, and Jiang 2019),
and MultiRC (Khashabi et al. 2018), to assess the abilities
to retain general knowledge of LLM.

Distinct metrics are employed for different tasks: accu-
racy (Acc.) and F1 score for MRPC, Matthews correlation
coefficient (MCC) for CoLA, Exact Match (EM) and F1 to-
ken overlap for ROPES, accuracy for GSM8K and MultiRC.
Following Schick et al. (2024) and Asai et al. (2023), we
evaluate the performance on WebQ and Freebase by exam-
ining whether the generated response contains the golden
answer, rather than strictly requiring exact matching.

Backbone LLMs

We employ four mainstream open-source LLMs, including
ChatGLM3-6B (Zeng et al. 2023), Qwenl.5-4B (Bai et al.
2023), Llama2-7B (Touvron et al. 2023), and Llama3-8B
(Touvron et al. 2023), as backbones of our siamese LLM.
We also directly prompt these LLMs as baseline models.



\ \ \ MRPC \ CoLA \ ROPES \ GSMSK \
Backbone ‘ Method ‘ Params ‘ Acc. F1 ‘ Mee. ‘ EM F1 ‘ Acc. ‘ Average
| Original | - | 7472 82.88 | 43.99 | 5847 22.67 | 4579 | 5475
LoRA 3.899M | 86.67 90.10 | 63.56 | 7438 7941 44.50 73.10
IMSM 4.063M | 87.13* 90.49* | 65.21* | 79.15* 81.28*% | 48.45% 75.29%
ChatGLM3 (IA)3 0.513M | 86.96 90.32 | 62.12 | 72.22  76.36 50.04 73.00
IMSM 0.676M | 88.70* 91.66* | 64.53* | 73.34* 77.56* | 52.46* 74.71%
AdaLoRA | 2.925M | 87.02 9035 | 62.48 | 75.14  78.64 49.36 73.83
IMSM 3.089M | 87.77* 90.81* | 65.57* | 78.50* 82.23* | 50.80* 75.95%
\ Original \ - \ 7420  81.04 | 46.50 \ 56.58  38.58 \ 18.35 \ 52.54
LoRA 327TM | 86.41 89.79 | 6523 | 63.63  69.56 50.27 70.82
IMSM 3.379M | 87.25*% 90.48* | 65.80*% | 65.64* 72.71* | 52.69% 72.43%
Qwenl.5 (IA)3 0.205M | 86.84 90.16 | 64.96 | 5646  64.35 51.33 69.02
IMSM 0.307M | 87.13* 90.73* | 69.13* | 60.25* 67.62* | 53.15% 71.34%
AdalLoRA | 2.458M | 86.73  90.15 | 65.63 | 64.81 68.62 52.01 71.33
IMSM 2.560M | 88.41* 91.32* | 66.24* | 67.18* 72.36* 51.86 72.90%
\ Original \ - \ 68.17  79.83 | 37.96 \ 49.23 13.95 \ 3.23 \ 42.06
LoRA 6.816M | 89.10 91.88 | 71.65 | 87.26  89.09 59.59 81.43
IMSM 6.980M | 89.04 91.84 | 72.05* | 87.85% 90.42* | 61.26%* 82.08*
Llama3 (IA)3 0.524M | 87.71 90.78 | 68.16 | 78.55  82.86 62.62 78.45
IMSM 0.688M | 88.87* 91.77* | 70.78* | 81.58* 85.95% 61.33 80.05*
Adal.oRA | 5.113M | 88.87 91.72 | 68.77 | 87.21 88.98 55.42 80.16
IMSM 5.276M | 89.22*% 91.95* | 71.55* | 87.80* 89.05* | 59.74* 81.55%

Table 1: The overall comparison across four downstream tasks. The best results achieved using IMSM and its corresponding
vanilla fine-tuning methods are highlighted in boldface. The improvements achieved by IMSM over all baselines are statistically
significant, as measured by student’s t-test with a significance level of p < 0.05.

Baseline PEFT Methods

We utilize classical and state-of-the-art PEFT methods, like
LoRA (Hu et al. 2021), (IA4)? (Liu et al. 2022), AdaLoRA
(Zhang et al. 2023), and DoRA (Liu et al. 2024), to perform
fine-tuning on the siamese LLM of our IMSM. In addition,
we compare LoORAMOE (Dou et al. 2023), a plugin-based
mixture of experts model designed for preventing catas-
trophic forgetting.

Implementation Details

We utilize HuggingFace Transformers (Wolf et al. 2019) and
PEFT (Mangrulkar et al. 2022) to perform our experiments.
The fine-tuning procedure is executed on 8 NVIDIA A800
GPUs under a Linux system.

For LoRA, AdaLLoRA, and DoRA, we employ AdamW
as the optimizer with learning rates of 3 x 1074, 2 x 1073,
and 1 x 10, respectively, and a batch size of 16. The rank
and alpha for LoRA are set to 16. For DoRA, we follow the
authors’ recommendations, setting the rank and alpha to 16
and 32. For (I A)3, we use Adafactor with a learning rate of
3 x 1072 and a batch size of 8. All methods are trained for 3
epochs. For LORAMOE, we use the original paper’s config-
uration. For a fair comparison, we set the configurations of
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the tuned target modules of IMSM to be exactly the same as
vanilla PEFT. The gate rank r of IMSM is set to 8.

Performance Comparison

Table 1 presents the fine-tuning results of IMSM and base-
lines across four datasets. Generally, the fine-tuned LLMs
outperform the solely prompted LLMs. This highlights the
significance of parameter tuning compared with ICL for
aligning LLMs to unfamiliar tasks. Moreover, our proposed
method, IMSM, significantly surpasses all vanilla PEFT
methods across all three LLMs.

The effect of parameter fine-tuning is influenced by
multiple factors, including the quality and capabilities of
the backbone LLM, and the adaptability of the employed
PEFT method. As one of the most advanced open-source
LLMs, the Llama3-based models achieve near-optimal per-
formance. Furthermore, AdalLoRA dynamically adjusts the
rank of low-rank matrices, highlighting its efficacy in align-
ing with downstream tasks.

IMSM, as a simple yet powerful model-agnostic PEFT
framework, excels at integrating the stability of the original
LLM with the adaptability of the tuned LLM. Additionally,
it incorporates the gate mechanism that allows for selective
control over whether the understanding is derived from the



Dataset |ROPES|WebQ MultiRC MRPC Freebase| Avg.

ChatGLM3| 58.47 | 2549 7174 7472 36.81 [53.45
LoRA 74.38 | 2047 66.67 70.32  38.61 |54.09
IMSM 79.15 |21.11 7147 71.83 38.01 |56.31
(14)3 72.22 | 2096 70.83  72.58  37.34 |54.79
IMSM 73.34 | 21.36  73.72 7420 37.74 |56.07

AdaLoRA | 75.14 | 1998 67.63 7020 3599 |53.79
IMSM 78.50 | 22.88 73.72 7496 38.41 |57.69

Table 2: Catastrophic forgetting validation between vanilla
PEFT and IMSM using ChatGLM3-6B, fine-tuned on
ROPES and evaluated on general knowledge benchmarks.

fixed or adjusted knowledge. Therefore, it leads to consistent
improvement across various downstream tasks.

Dataset |GSMS8K|WebQ MultiRC MRPC Freebase| Avg.

ChatGLM3| 4579 |2549 7174 7472 36.81 |50.91
DoRA 45.34 |26.18 7147 7455 3326 |(50.16
IMSM 48.75 | 2549 75.00 7519 38.89 |52.66

Qwenl.5 | 1835 |32.33 6699 7420 47.12 |47.80
DoRA 51.33 | 2751 66.03 7391 41.19 |51.99
IMSM 52.84 |28.94 68.27 7426 43.52 |53.57

Llama3.1 | 33.06 |41.78 54.17 4243 7635 |49.56
DoRA 7271 | 3278 58.65 55.55 6592 |57.12
IMSM 73.77 4031 6690 4794 7545 |60.87

Table 3: Evaluation of catastrophic forgetting between
DoRA and its corresponding IMSM across different LLMs.

Catastrophic Forgetting Evaluation

Fine-tuning inevitably introduces a degree of forgetting. We
fine-tune LLMs on one dataset and subsequently evaluate
their performance on other general benchmarks.

Table 2 shows the results of fine-tuning ChatGLM on
ROPES. For the three vanilla PEFT methods, they all prior-
itize enhancing adaptability while neglecting stability. After
fine-tuning ChatGLM on ROPES with LoRA, (74)3, and
AdaLLoRA, the accuracy on MultiRC drops from 71.74 to
66.67,70.83, and 67.63, respectively. IMSM can effectively
mitigate performance degradation. For example, IMSM im-
proves overall performance by 4.10% compared with LoRA.
Notably, the interweaving strategy of IMSM can even revive
precise memories within the LLM, enhancing performance
on non-target datasets.

We also compare IMSM with LoRAMOoE and DoRA,
which are state-of-the-art solutions for catastrophic forget-
ting and PEFT, respectively. For LORAMOE, we follow
the original setup using Llama2 as the backbone. Due to
crashes when using DoRA for fine-tuning Llama3, we opt
for Llama3.1-instruct instead. As illustrated in Figure 3,
IMSM reaches or surpasses LORAMOE on general bench-
marks, offering an average boost of 1.85% and 8.77% in
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Figure 3: Evaluation of catastrophic forgetting using
Llama2-7B, fine-tuned on ROPES and GSMS8K, and eval-
uated on general knowledge benchmarks.

overall performance. As shown in Table 3, whether on the
target dataset GSM8K or general benchmarks, IMSM’s per-
formance consistently outperforms the standalone DoRA.

The last hidden state serves as the memory for the LLMs’
understanding of the input sequence. By considering the
original and updated memories, we ensure that the siamese
LLM retains a balance between its prior knowledge and its
adaptation to new data.

Ablation Study

We conduct ablation tests to investigate how the query-aware
gate, which serves as the memory interweaving mechanism,
improves performance and assess its necessity. The results
are shown in Table 4 and Figure 4. In the “w/o query” set-
ting, the siamese LLM’s understanding of the query is ex-
cluded from the gate construction. In the “w/o gate” setting,
the gate construction is omitted, and the two final hidden
states of the siamese LLM are directly added in a 1:1 ratio.
As shown in Table 4, the query-aware gate mechanism
brings the most significant improvement to downstream task
performance in almost all settings. Figure 4 illustrates that
directly combining memories and incorporating the original
parameter memory bring performance gains on non-target
datasets compared with vanilla PEFT. This highlights the ef-
fectiveness of recalling original knowledge through the final
layer hidden state. With the introduction of a simple gate,
the approach can dynamically balance the previous and the
refreshed knowledge. The integration of the siamese LLM’s
query feature further alleviates catastrophic forgetting.

Space and Time Complexity

Compared to the PEFT method alone, IMSM maintains
comparable space and time complexity. While the gate
mechanism introduces additional trainable parameters, their
impact is minimal compared with the original PEFT. We
report the count of trainable parameters in Table 1, with a
gate rank of 8 used across all IMSM experiments. During
inference, the time required to interweave the two memo-
ries remains constant for each step, with the two memory
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Figure 4: Ablation test of catastrophic forgetting validation. ChatGLM3-6B is employed as the backbone LLM, fine-tuned on
ROPES, and evaluated on general knowledge benchmarks.

Dataset | MRPC CoLA  ROPES | Avg.
LoRA ‘ 86.67 90.10 63.56 74.38 79.41 ‘ 78.82
IMSM | 87.13 90.49 65.21 79.15 81.28 | 80.65
w/o query | 87.62 90.81 64.92 77.43 80.38|80.23
w/o gate | 87.01 90.31 63.74 76.54 80.12 | 79.54
(IA)3 ‘ 86.96 90.32 62.12 72.22 76.36 ‘ 77.60
IMSM | 88.70 91.66 64.53 73.34 77.56 |79.16
w/o query | 87.77 91.04 63.49 7293 76.73|78.39
w/o gate | 87.04 90.48 6294 71.86 76.77|77.82
AdaLLoRA ‘ 87.02 90.35 62.48 75.14 78.64 ‘ 78.73
IMSM | 87.77 90.81 65.57 78.50 82.23 | 80.98
w/o query | 87.59 90.68 65.19 7541 79.56 |79.69
w/o gate | 87.30 90.59 64.94 76.60 80.07 | 79.90

Table 4: The ablation test is performed on ChatGLM3-6B to
compare its performance across various downstream tasks.

streams being generated in parallel theoretically. Compared
to vanilla PEFT, IMSM introduces only a lightweight gating
mechanism overhead, maintaining equivalent time complex-
ity. The inference speed, measured in tokens per second, is
presented in Table 5. The extra memory usage is a necessary
and acceptable trade-off to address catastrophic forgetting.

fer to Table 6 for a comprehensive representation. While in-
creasing the rank adds more trainable parameters, it does not
necessarily improve performance on the target dataset. The
optimal rank varies depending on the specific PEFT used.
For IMSM based on LoRA and (IA)3, a rank of 8 is often
optimal, while for AdaLoRA, 16 is usually the most benefi-
cial choice. However, as the rank increases, the gate mecha-
nism may better recall original memories, potentially reduc-
ing forgetting on non-target datasets more effectively.

IMSM Method | Rank | Params | GSM8K | WebQ Freebase

4 |6.898M| 59.44 |40.55 73.15
LoRA 8 |6.980M| 61.26 |40.90 73.72
16 |7.143M| 5921 |39.86 75.23

4 |0.606M| 58.98 |37.80 74.60

(14)° 8 |0.688M| 61.33 |38.58 74.32
16 |0.852M| 61.26 | 38.98 7590

4 |5.194M| 59.67 |41.63 73.97

AdaLoRA | 8 |5276M| 59.74 | 4094  74.28
16 |5.440M | 60.50 | 4272  75.45

Table 6: Efficiency on gate rank r is fine-tuned on GSM8K
using Llama3-8B, with effects on WebQ and Freebase.

Conclusion and Future Work

This paper presents a novel approach to fine-tuning LLMs,

Method ChatGLM3 Qwenl.5 Llama3
LoRA 31.30 22.86 22.98
IMSM 29.05 21.76 21.18
(14)3 33.86 23.51 22.81
IMSM 30.40 22.10 20.51

AdaLoRA 30.85 21.68 21.49
IMSM 2791 20.03 18.71

Table 5: The comparisons of inference speed (tokens/sec)
between vanilla PEFT methods and IMSM.

Hyper-parameter Analysis

This section focuses on the sensitivity of the rank r, a hyper-
parameter in the gate mechanism. Keeping other settings
constant, we vary the rank among 4, 8, and 16. Please re-
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aiming to strike a delicate balance between plasticity and
stability. Our proposed IMSM constitutes a model-agnostic
framework applicable to any open-source LLMs, in con-
junction with existing PEFT methods. Particularly, IMSM
enables the interweaving of memories derived from the
siamese LLM, facilitating collaboration between frozen
knowledge and tuned knowledge. Extensive experiments
substantiate that the interweaving mechanism significantly
improves alignment performance on downstream tasks
and alleviates catastrophic forgetting. Additional hyper-
parameter experiments further confirm the robustness of the
proposed model.

In future research, we aim to explore more intricate mem-
ory fusion mechanisms within multiple Transformer layers.
Besides, we intend to evaluate the performance of our model
on more challenging scenarios of catastrophic forgetting.
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