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Abstract

Recent advances in Al agents have increasingly internalized native capabilities into their underlying
foundation models, giving rise to multimodal foundation models and large reasoning models. However,
agent memory is still primarily implemented through external modules, leaving the native memory capability
largely unexplored. In this paper, we take a first step toward this direction by introducing memory
foundation models, which empower foundation models with native memory capabilities. We formalize
native memory from two perspectives: a persistent and dynamically evolving memory state within the
backbone, and native memory procedures that autonomously store and utilize information through model
computation. We show that native memory offers advantages in architecture, end-to-end optimization,
and efficiency. Based on this formulation, we propose Metis, the first prototype of memory foundation
models. Metis introduces a new architecture that equips a foundation model with a native memory state,
allowing historical information to be compressed into the model and accessed through memory attention.
We construct large-scale memory-specific training data and introduce multiple optimization objectives
to acquire these native memory procedures through mid-training. The online memory maintenance of
Metis is gradient-free, and the memory update requires only a forward pass. At inference time, all learned
model weights remain frozen, while the native memory states are autonomously transformed through
standard forward computation. Through extensive experiments, we show that Metis exhibits native memory
capabilities and further provide a detailed analysis of its strengths, limitations, and behaviors. To facilitate
future research on memory foundation models, we release our project and model checkpoints.
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1 Introduction

In recent years, large foundation models have achieved rapid development, demonstrating significant performance across
many aspects, such as language modeling [1, 2], code generation [3—5], and complex reasoning [6—8]. This provides a
solid foundation for constructing Al agents, which enables them to handle more complex tasks. Beyond the reasoning
capabilities of foundation models, memory is another critical capability of Al agents, responsible for retaining past
information and leveraging it to support future inference [9, 10]. In most previous works, memory is implemented
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Figure 1 From external memory to native memory.

by a module external to foundation models, rather than being natively integrated into their architectures [11-14].
Representative approaches use Retrieval-Augmented Generation (RAQG) to retrieve relevant textual information and
incorporate it into the prompt to facilitate inference [11].

However, external memory suffers from several limitations presented in Figure 1. First, external memory is decoupled
from backbones with separated targets and processing stages [1 1, 13]. External memory typically aims to construct an
informative context as input, and backbones only perform conditional language modeling over the constructed context.
Therefore, external memory may not provide the most useful information to support the backbone inference, and the
backbone may not utilize the memory optimally. Second, end-to-end optimization is difficult for external memory
because gradients cannot be effectively propagated through discrete memory operations [15]. As a result, performing
domain-specific post-training becomes highly challenging. Although some RL-based strategies [16, 17] can partially
alleviate this issue by optimizing memory operations with reward signals, they suffer from efficiency issues. Finally,
external memory requires additional explicit operations over the storage outside backbones, which inevitably increases
the online inference latency [9].

To address the limitations of external memory, we introduce memory foundation models that empower large
foundation models with native memory. It converts memory from an external module into an internal mechanism of
backbones, directly involved in forward computation. Specifically, memory foundation models can generate responses
based on the input instructions and their native memory, with autonomous memory transformation. We define the native
memory from two critical aspects:

e Native Memory State. Unlike traditional large foundation models, memory foundation models are natively stateful
across multiple inferences, which can formulate, maintain, and utilize memory states inside backbones from prior
inferences. Their memory states are dynamically represented as part of the parameters of backbones, whose semantic
spaces are aligned at the pre-training or mid-training stage.

e Native Memory Procedure. Unlike memory engineering, memory foundation models natively integrate memory
procedures within their inferences. Specific memory operations, such as remembering, forgetting, and updating, are
accomplished autonomously alongside the backbone’s forward computation, which impacts the native memory state
based on input instructions.

Memory foundation models aim to internalize memory capability into the model’s forward computation. The memory
state can be represented as dynamic parameters of backbones, and memory procedures are executed through computation.
Therefore, like general foundation models, memory foundation models can be optimized and adapted to specific domains
in a data-driven manner through post-training. This transformation is similar to the evolution from large foundation
models to large reasoning models [8], where Chain-of-Thought (CoT) [7] is natively integrated into inference to
improve performance and efficiency. In addition, because native memory procedures can be integrated into the model’s
computation, they provide a foundation for improving the parallel efficiency of memory processing.



In this paper, we implement the first prototype of memory foundation models, named Metis. We design a new model
architecture that has a native memory state inspired by Fast Weight Programming (FWP) [18], which can be integrated
into the backbone computation through memory attention. Specifically, we propose the Metis blocks as the basic units
for native memory. Each of them primarily consists of a hyper memory block and a local memory block. In addition,
we empower Metis with native memory procedures by designing specific optimization objectives, including memory
reconstruction and memory operation objectives. These two objectives correspond to the compression upper limit
of memory states and operation targets. We also design a regularization objective to improve robustness in complex
scenarios. To support this training, we synthesize large-scale memory-specific data from publicly available datasets,
enabling Metis to acquire native memory capabilities through mid-training. Finally, we conduct extensive experiments
to demonstrate the effectiveness of our proposed framework, and explore more aspects for analysis.

From a general perspective, a fundamental problem of memory results from the time-streaming property of online
information. At the storage stage, memory systems cannot determine how the received information will be used in the
future. At the inference stage, the original information is no longer accessible, and only the stored information can
be utilized. Therefore, memory can be considered as a prediction problem, where the model predicts how received
information will be utilized in the future. Like other prediction tasks in machine learning, memory capability can also be
acquired at the pre-training stage and generalized to other domains, and memory foundation models can provide the
architectural and optimization foundation.

Despite their promising properties, implementing memory foundation models remains highly challenging because
their final goal is to completely eliminate the reliance on external memory in contexts. While Metis achieves great
performance in memory-related tasks, it still faces several limitations. First, its performance degrades on long-term
tasks, due to the information loss when compressed into fixed-size parameters. Second, it exhibits information confusion
in some cases, possibly caused by the blending of semantics within the latent space. Despite these limitations, Metis
provides a potential pathway to achieve memory foundation models. To benefit both the research community and
industry, we release our project at https://github.com/MemTensor/Metis.

Our contributions are summarized as follows:

¢ We introduce memory foundation models and native memory with formal definitions, providing further analysis from
the perspective of native memory state and native memory procedure.

e We propose the first prototype of memory foundation models, named Metis, which is implemented with novel memory
architectures and optimization tasks.

e We conduct extensive experiments to verify the effectiveness of our model, followed by detailed studies from multiple
perspectives. We also publicly release our project to benefit the research community and industry.

The rest of our paper is organized as follows. Section 2 provides the formal definition of memory foundation models.
Section 3 details the model architecture of Metis. After that, we introduce our data construction pipeline in Section 4
and outline the optimization in Section 5. Extensive experimental results and analysis are presented in Section 6.
Finally, we review related work in Section 7 and conclude in Section 8.

2 Memory Foundation Model

In this section, we provide a formal definition of the memory foundation model. Then, we introduce native memory
from the perspectives of the native memory state and procedure. After that, we compare memory foundation models
with previous works. Finally, we further discuss memory foundation models from the perspectives of lifelong learning
and the evolving trends of Al agents.

2.1 Definition

We define the memory foundation model under the multi-step scenario. Let a continuous interaction process be
formulated as a sequence of discrete time steps ¢t € {1,2,...,T}. At each step ¢, the foundation model receives an input
instruction sequence denoted as X; and generates a response sequence Y;.

For traditional foundation models without memory, the generation relies entirely on the current input context. The
autoregressive decoding of the k-th token in the response is typically expressed as y, x ~ P(y | X;, Ys,<k;6), where
Y; <k denotes the previously generated tokens at step ¢, and 6 represents the fixed parameters of the backbone. For
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foundation models with external memory, the autoregressive decoding process is then conditioned on the context C;
alongside the input instruction. It can be expressed by y, x ~ P(y | C;, Xy, Y;,<k; 6), where C; can be obtained from
prior information {(X;, Y;) }:;11 The external memory framework commonly has two explicit procedures, including the
storage procedure C; = C,_; & {(X;,Y;)}, and the retrieval procedure C; = C;_; ® X;. Here, @ denotes the general
writing operation, and ® represents the general reading operation with the textual memory storage C;_;. Both of them
are executed outside the model inference process.

Definition 1 (Memory Foundation Model). The memory foundation model is defined as an autoregressive foundation
model empowered by native memory across multi-step interactions. At each step ¢, the generation of the k-th token is
conditioned on the input instruction X; and the previously generated tokens Y; <x by

Ve ~ POy | Xi, Yt <k561),

where the model parameter 6, integrates information from previous steps into its native parametric space (i.e., native
memory state). Concurrently, 8, is autonomously transformed during the forward computation inside the model based
on the input instruction X; and output Y; (i.e., native memory procedure).

In contrast, the memory foundation model internalizes memory into the backbone’s computation, which is empowered
with native memory. Instead of relying on an external explicit storage C, and context Cy, it maintains a native memory
state, which acts as dynamic parameters across multiple steps. In addition, rather than explicitly executing memory
procedures outside backbones, memory procedures in the memory foundation model occur autonomously alongside the
model’s forward computation, such as operations like remembering, forgetting, and updating.

2.2 Native Memory State

In this paper, we adopt a strict definition for the source of memory. We only consider the information acquired during
online interactions as memory, where information available before the interaction starts is excluded. In fact, such offline
information is better viewed as knowledge rather than memory, because it does not contain trajectory-specific information
for personalization and does not require real-time adaptation.

Since the stored information varies across different steps, the parameters 6, cannot remain completely static. Consequently,
at least a portion of the parameters must change dynamically according to the input, and we denote this dynamic
part as the memory state M,. In the memory foundation model, the representation of stored information is supposed
to be coupled with the backbone to participate in forward computation. Therefore, the native memory state should
be represented in parametric form. Although textual memory offers advantages in interpretability and cross-model
compatibility, its discrete representation results in low information density and requires repetitive prefilling. In contrast,
parametric memory represents prior information in a dense form, which increases the efficiency of storage and utilization.

In addition, the semantic spaces of both dynamic parameters M, and static parameters ® = 6, \ M, must be aligned
during the pre-training or mid-training stage before conducting online inference. This alignment enables the dynamic
parameters at different steps to compute collaboratively with the static parameters. During online interactions, the
native memory state can be updated and utilized through the native memory procedure, which empowers the memory
foundation model with statefulness across different steps.

2.3 Native Memory Procedure

In terms of memory, storage and utilization are two core procedures to handle online information with the time-streaming
property. Memory storage retains past information, while memory utilization leverages this stored information to support
model inference. They aim to address the temporal mismatch between information supply and usage.

The memory storage procedure typically involves several specific operations, such as remembering, forgetting, and
updating. From the perspective of foundation models, an input instruction contains both the intent and the content of
information processing. For instance, “Alice is 24 years old” implies remembering her age, while “Bob moved from
London to Boston” indicates updating his location. A native storage procedure should directly map the input instruction
to the update value of the memory state. In contrast, external memory relies on rule-based and predefined operations
to handle its intent and content separately. Although most operations can be categorized into insertion, deletion, and
modification, the semantic intent and content cannot be easily decoupled into discrete rules. In fact, the storage procedure



essentially predicts how current information will be used in the future. Because rule-based procedures operate in a
discrete function space, they struggle to achieve optimal prediction performance.

The primary goal of the memory utilization procedure is to assist inference with the stored information. From
the foundation model perspective, it can be considered as letting the required information of the input instruction
participate in the forward computation. For example, answering “Where does Bob live now?” requires previously stored
living information to facilitate inference. Thus, a native memory utilization procedure should directly map the input
instruction and memory state to the generated output. External memory designs rules to trigger retrieval, reranking, and
concatenation. However, the information requirement cannot be defined and captured by discrete and finite rules. For
example, an instruction may require information based on semantic similarity, emotion, or even complex combinations
of implicit metrics. The memory utilization procedure predicts the information requirements, which is coupled with the
inference process. Therefore, it should not be divided into discrete stages limited by discrete function spaces.

Consequently, the memory procedure should be modeled within a continuous function space and implemented via
numerical computation, which is tightly coupled with the forward computation of the backbone. In a memory foundation
model, the native memory procedure autonomously executes both memory storage and utilization during the forward
computation. This native memory procedure should be established during the pre-training or mid-training stage. In
addition, this memory procedure paradigm has significant advantages in both efficiency and end-to-end optimization.

2.4 Comparison with Previous Works

Test-time Training. Memory foundation models differ from test-time training (TTT) in three key aspects. First, TTT
typically adapts the model within a single sequence, where the dynamic parameters are updated to better fit the current
input. In contrast, memory foundation models are defined under multi-step interactions. Their dynamic parameters serve
as persistent native memory states that store information from previous steps and support future inference.

Second, TTT does not explicitly provide native memory procedures. Its update is usually driven by self-supervised
language modeling, which helps the model absorb prior information within the current sequence. However, it does
not specify how the model should semantically remember, forget, update, or reflect on information according to input
instructions. In contrast, memory foundation models are trained with memory reconstruction and operation objectives,
enabling the model to autonomously execute semantic memory operations in the latent parametric space and transform
the native memory state accordingly.

Third, many TTT methods are motivated by efficient long-context modeling, and they often introduce recurrent layers to
replace full attention. However, memory foundation models pursue a different goal. They do not aim to replace the
standard full-attention computation within the current step. Instead, they introduce information from previous interaction
steps through native memory states as residuals.

In summary, TTT is primarily a mechanism for inference-time adaptation, while memory foundation models formulate
memory as a persistent, instruction-driven, and procedure-aware capability of foundation models.

Memory-Augmented Neural Networks. Memory-augmented neural networks (MANNS5) introduce additional
memory modules to neural models, such as differentiable memory slots and learned read-write operations [19]. These
models show that neural networks can store external information and retrieve it for later computation. Nevertheless,
memory foundation models differ in how memory is integrated with the backbone. In MANNS, the memory module is
usually a separate storage component controlled by a neural controller. Although the operations can be differentiable, the
memory is still external to the main model parameters, which are often designed independently from the backbone.

In contrast, memory foundation models internalize memory into the backbone computation. The memory state is
represented in a parametric form and participates directly in forward computation. The memory procedure is also
modeled by the same continuous function space as the backbone, rather than being implemented as a separate controller
over explicit slots. Therefore, memory foundation models can be regarded as a step from externally augmented memory
toward native memory inside foundation models.

Other Methods. Compared with In-place TTT [20], MemGen [21] and 6-Mem [22], which still rely on textual
memories in the context and use additional latent summaries to improve inference, memory foundation models remove
textual memory from the context entirely. Compared with MEMO [23] and MemFT [24], which primarily handle offline
documents, memory foundation models focus on test-time information. Compared with Memory? [25], which takes an



important step beyond textual RAG by encoding knowledge into retrievable explicit memories, memory foundation
models further extend this direction toward native memory. While Memory? primarily constructs explicit memories from
offline corpora and retrieves them to augment attention computation, memory foundation models internalize information
acquired from online interactions as persistent dynamic states within the backbone. They further enable these states to
be autonomously maintained and transformed through native memory procedures across multiple interaction steps.

2.5 Discussion

For memory foundation models, the onset of interaction represents a key transition from static to dynamic knowledge
acquisition. Knowledge acquired before interaction originates from offline pre-training and is retained in static parameters,
while information received during interaction is acquired at test time and stored in dynamic memory states. Therefore,
0, can also serve as initial supplementary information outside of pre-training. Because 6; captures transferable domain
knowledge, models deployed in similar domains can be initialized with the same 6; to provide baseline information.

Moreover, native memory aligns with the evolving trend of foundation models. Inspired by large reasoning models [8],
we find that an agent’s external capabilities can be expressed natively by the foundation model through optimization. In
other words, supervised data of target behaviors can activate internal capabilities and generalize them to other tasks.
These native capabilities can provide advantages in generalization, efficiency, and optimization properties. Memory is
also a critical agent capability that traditionally relies on external modules. Therefore, we argue that memory can also be
natively triggered through memory-specific tasks. However, unlike reasoning, which is purely a process, memory also
involves a storage entity. It requires us to modify the model architecture to incorporate a storage entity as the memory
state. Then, both the memory state and procedures are supposed to be modeled under a collaborative function space.
This enables us to empower foundation models with memory capabilities via an optimization-driven approach.

3 Metis Architecture

In this section, we first present some preliminaries. Then, we introduce Metis as the prototype of memory foundation
models with the Metis block. After that, we demonstrate how this architecture supports native memory storage and
utilization procedures through computation. Finally, we provide theoretical insights, theoretical error analysis, and
further discussions. The overview of the Metis framework is presented in Figure 2.

3.1 Preliminaries

We adopt causal language models as the primary implementation of memory foundation models, as they are dominantly
used in modern foundation models. We present the standard architecture of causal language models, which primarily
consists of N stacked Transformer blocks followed by a language modeling head.

Transformer Block. To highlight the core architecture, we focus on causal self-attention and the feed-forward network
(FFN), which are major components of modern Transformers. We omit other details, such as positional embeddings,
multi-head attention strategies, and hybrid attention mechanisms, as they can be directly incorporated into our framework.

We denote the input of the /-th Transformer block as H/=1 e REX4, where L is the sequence length and d is the
dimension of hidden states. After applying the pre-normalization function PreNorm, we obtain H”) = PreNorm(H!/~1),
as the input of causal self-attention. We denote Wg), W) e R, Wg,l) € R¥*4v ag query, key, and value projection
matrices of this layer. Then, we obtain the query state, key state, and value state of the /-th layer by

Q" = ﬁ(l)Wg), KO = I:I(Z)W%), v = I:I(Z)Wg),
After that, the causal self-attention can be calculated by

QW (KINT
Vi

where dy, is the attention head dimension, and Mask(L) is the causal mask defined as Mask(L); j = —coif j > i, and 0
otherwise. Then, it adds the projected output attention to the residual after projection by

A = Softmax + Mask(L) v, (1)

o =gt¢-b 4+ A(Z)Wg),
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Figure 2 Overview of the Metis architecture.
where W(Ol) € R4 Finally, H'! is passed through FEN with a residual connection to get the /-th layer output by
HY = H'" + FEN(Norm(H' (")),
where the activation H'?) is also the input of ( + 1)-th layer.

Causal Language Model. We denote the sequence of input tokens as X = (x1,x2,...,xr). A causal language
model first maps these discrete tokens into continuous vector representations. Let E € R!V1*4 denote the token
embedding matrix, where |V| is the vocabulary size. The initial hidden state H® e RZ*¢ is obtained by extracting the
corresponding embeddings and combining them with positional embeddings. After that, this initial representation is
processed sequentially through the stack of N Transformer blocks by

H® = TransformerBlock® (H(l_l)), forl=1,2,...,N.

Then, the final hidden state H"Y) represents the contextualized input, and the language modeling head maps this final
state back to the vocabulary space to predict the probability distribution for the next token. This process is commonly
modeled by a linear projection after normalization, followed by a softmax function

P(- | x<;) = Softmax(Norm(HEl{\)’))WLM),
(N)
(i)
sampling x;4+1 ~ P(x;11 | Xx<;), this new token is appended to the sequence, and the model repeats the process until it
decodes an end-of-sequence token or reaches the maximum length.

where H}\’ € R? is the final hidden vector at position 7, and Wyy € R?*IV! represents the projection matrix. After

During the pre-training phase, the causal language model is optimized using the standard autoregressive next-token
prediction objective. It minimizes the negative log-likelihood of the training sequences by
1X|-1

0= arngi’n Z Z —log P(xi41 | x<i36),
XeD i=1



where D represents the pre-training corpus and 6 encompasses all the trainable parameters of the model.

3.2 Native Memory State

To implement the native memory state, we propose the Metis blocks inside Transformer blocks in Figure 2(b), where
each Metis block consists of a local memory block and a hyper memory block in Figure 2(c). The local memory blocks
are responsible for maintaining the dense representation of prior information, while the hyper memory blocks construct
parametric function spaces for native memory procedures to transform memory states.

Local Memory Block. Local memory blocks maintain the memory state at the current step, so we define a dense
memory network M) € R4 inside the [-th local memory block. At the step #, we denote it as M'"). The model also
maintains a query-key normalization vector as St(l) € R%. Both M) and S;I) are dynamic parameters updated across
different steps. Specifically, we set Mil) =0and Sil) = 0 by default.

Hyper Memory Block. Hyper memory blocks are responsible for updating the dynamic parameters in local memory
blocks based on the intermediate activations of the current input X; and output ¥;. Each of them consists of static
parameters obtained through mid-training, which remain unchanged during interactions. It serves as the parametric
foundation of the native memory storage procedure. Specifically, each hyper memory block is parameterized by
several optimizable parameters. First, it has a learnable importance vector ngg)g € R?, which scores the intermediate
activations for adaptive aggregation. In addition, we set the memory key and value projection matrices VNV%) € R4xdx
and Wi,l) € R?*dvwhich map the selected hidden states into the memory keys and values for the local memory. We also

set the memory query projection matrix Wg) € R¥*4k 10 reduce the error in the native memory utilization procedure.

3.3 Native Memory Procedure

The native memory procedure consists of memory storage and utilization procedures, as we discuss in Section 2.3. In
the native memory storage procedure of our framework, hyper memory blocks update local memory blocks as part of the
model computation, based on intermediate activations. In the native memory utilization procedure, local memory blocks
incorporate the current memory states into the forward computation.

Native Memory Storage Procedure. After completing step 7, we denote the input hidden states at the /-th layer
as Ht(lfl). Then, the hyper memory block aggregates it into a compact representation through a learned adaptive
aggregation. Specifically, we first pre-normalize the hidden states as Ith(l) = PreNorm(Ht(l_l) ) and score each of the L

tokens with a learnable importance vector Wg(é)g € R?, obtaining an importance distribution

1 (UFA0)
pt(l) = Softmax (I—agg) e RE,
T

where 7 is a temperature coefficient. Then, we obtain a subset of positions based on the top-p. We sort these probabilities
in descending order as p(1) > p(2) = --- = p(r), and keep the smallest prefix whose cumulative value reaches the
threshold p. The number of selected positions can be expressed by

. . k
L; = clip (mm {k : Zr:l Pir) = p}, Kmin, L) ,

where Kpnin denotes the minimum number of selected positions. These L; positions with the highest scores form the
selected set S,(l) , and we gather corresponding hidden states by

A" =AY e RL* with L) < L,

where H,(l) € {0, 1}L§XL, whose rows are the one-hot indicators of S,(l). Since the top-p selection is non-differentiable,

we adopt a straight-through estimator that routes the gradients through the dense distribution p,(l), making the scorer

= (1)

Wage €nd-to-end trainable. After that, we compute the projected memory key states and memory value states as

KO —AOWD, ¥ - AW,



Finally, the dense memory network is updated based on K;l) and Vt(l) by

(1
a-a Ko

MY =am? + : 2
t+1 t L; (—dk t ( )
where A represents the discount factor. In addition, the query-key normalization vector can be updated by
()T
(1-2 K/ 7'1
s =as + -4 % 3)

Ly Nd

This native storage procedure is presented in Figure 2(c). Based on the constructed function space, we aim to internalize
various memory operations into the model’s computation through optimization. Specifically, the selection and projection
provide the model with compression capabilities. Meanwhile, semantic-based computation enables memory instructions
to be understood and applied within the latent space. In practice, we find that replacing the linear update with a Gated
Delta Network (GDN)-based [26] update obtains better performance, so Metis finally adopts the GDN-based update
(GDU) strategy. Section 6.3 and Appendix C compares the two implementations through ablation studies.

Native Memory Utilization Procedure. We define the memory attention as
-1
2 . ~ (1 1 ~ (1 !
A" = diag (Q"s") " Q"m", 4

where Q) = I:It(l)Wg) denotes the memory query states with optimizable parameter Wg) € R4%4x 1In practice, we
add an identity vector to the normalization denominator to prevent numerical overflow and improve numerical stability.
Then, the memory attention is integrated into the main branch of attention, and replaces Equation (1) with

Q&)

Vi + Mask(L)

AY =y . Softmax ( V® 4 (1 -7) - Norm (Aﬁ”) , )

where Norm(-) is applied to the memory readout to align its scale with the original attention branch, Kt(l), Vt(l) are input
key states and value states at the current step, and y € [0, 1] balances the two branches.

3.4 Theoretical Insight of Native Memory Procedures

We provide theoretical insights on how information from previous steps influences subsequent inference through Metis
blocks. At step ¢, we prepend an additional virtual memory prefix Pt(l) € RE»*4 o the input I:IEI) of the /-th attention
layer, resulting in the augmented input

Then, we compute the corresponding query state Q,(l) as follows

5" — AOWD =
D =AW =

PwW)
U]
t

Similarly, we have the key states and value states

POW

g0 -
v

t

l 1
POwWY v _
O R

t

The attention output A, is then computed using a modified causal mask Mask(L, + L) € RUE»+D)*(Lp+L) by

. HOROT
A, = Softmax [ ~—L— + Mask(L, + L)

v,
n ’




Specifically, we divide the causal mask into four parts as follows

[ Oryxr, | —oor,xL
Mask(L, + L) = [ 0L><L,, ‘ Mask(L) |’

where 0., allows the virtual memory prefix tokens to be visible to input tokens. Then, we decompose the calculation
of attention as

Ow ) [(pOw®)"
(P, WQ)(P, WK)

i Softmax Vi OL,)xL P,(I)Wg)
t Q" (P}”W%))T QKT V,(l) '
* * i3 '3
Softmax —v Softmax (—\/ch +Mask(L))

where Softmax* () denotes the global softmax function applied to the entire row. Then, we retain the attention outputs
corresponding to the non-virtual tokens by

OO Q" (P(I)W(”)T
AEI) - Softmax* i+Mask(L) V§Z)+Softmax* LS (Pr(l)wixl))' ©)
Vi vl

Original Attention .
Memory Attention

Let Zorig and Zpyem denote the partition items of the original attention and memory attention

T
K ! r W)
Zorig = €Xp T + Mask(L) 1., Zmem = exp T le. 7
k k

Then, we perform element-wise division by its element-wise sum to get the weighting matrices

Aorig = diag (Zorig @ (Zorig + Zmem)) » Amem = diag (Zmem @ (zorig + Zmem)) =I- Aorig-

Then, Equation (6) is equivalent to the equation with the normal Softmax function for each part:

OgOT () (P(l)w(l))T
AD = Agng - Softmax | B 1 Mask(L)| V? + (1= Aorg) - Softmax| ———— </ (POW).
Vdi Vdi

To control the influence of the two attention components, we introduce a global weighting parameter y € [0, 1] to
approximate the original weighting matrices by

DO Q" (P“)W”))T
Aﬁl) =y - Softmax [ ~-—L— + Mask(L) Vt(l) + (1 —7) - Softmax B L (P,(l)Wg)) .
Vi \z

Then, we denote this specific memory attention part for P,(l) as
o (phwh\"
t (Pt WK )

Vdx

Afl) = Softmax (P,(l)WS)) .

. D pOyw
Slm( t(),Pt()Wg{)) = exp NS
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Then, the memory attention can be rewritten as

. -1

A" = diag (sim (", "W} -1) " sim (Q{". P"W{ ) (PVW() .
In order to decompose the Q;l) part and P;”W%) part, we approximate the similarity with

i Do (D) T
O (pOw)

sim (Q{”,P{"W{) = T

So the memory attention can be rewritten as

(P(I)WU))T (P<z>w<1>)T
AD — g owl’ K]y o [0 KT (pOw®d ]
¢ —diag t '\/ﬁ ’ t '\/d_k t \'% . ( )

Finally, we consider the prefix tokens P;I) as the c-th (c < t) step aggregated results I:Iy), so we get

_ - T _ ~ T
W) ) oo [P g
0] (pr(V)) ’ ©)

X . I
Ai):dlag t()—\@ -1 . NS

where W%) , Wg) are parameters of the hyper memory block. It is worth noting that, in practice, the reference step c is
not accessible in advance, and the evidence required at step # may span more than a single step. Meanwhile, the memory
key states and memory value states of different steps are coupled together within the fixed-size memory network M,(l)
and the normalization vector S;l), so that the non-reference steps (j # ¢) inevitably leak into the readout as noise. To
mitigate the impact of such noise, instead of directly reusing the vanilla attention query Qfl) in Equation (9), we utilize
a trainable memory query Qt(l) = ﬁﬁ”Wé? to get

-1

AOwD)" aOWD)"
AD — diag ~(z>( ‘ K) 1| o® (HC WK) (ﬁ(l)w(l)) (10)
’ ’ \zh ’ \zn oY

where Wg) € R¥*4k is an optimizable projection. This decouples the memory query from the original attention and
offers the freedom to reshape the cross-step similarities Q;l) K;.l) . Therefore, it can emphasize the relevant steps while
suppressing the irrelevant ones, thereby reducing the influence of noise when using the memory query states. We provide

a detailed theoretical error analysis in Section 3.5.

3.5 Theoretical Error Analysis

Unlike standard Transformers that store all historical KV pairs in a growing cache, the hyper memory block compresses
information into a fixed-size matrix. Suppose the model requires extracting information from the c-th step. The dense
memory network can be expressed as

t—1 (DT
MO = 3 e a-0 % o
t ’ i
j=1 Ly Na
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Then, we use the memory query QEI) = I:II(Z)W(QI) to extract information from the dense memory network and query-key
normalization vector by

- ~ -1
&0 =aiaz (0s!") ' @w"

KO -

(1-1~nK
=diag Z/lt (+1) - X 1
Jj=1 Lj \/%

-1 = (l)T
, Z/lp(ju) . (1L,/l) kK vl
j=1 J

We define the individual terms in the above summation as

. 1-4
vy - DBy
i Vdy

R, = AU+ (1 —//1) ) V;l,),
L% \/d_k

and Agl) can be rewritten as

-1
t—1 t—1
At(l) =diag ZUJ Z Rjr
j=1 Jj'=1

Assume that our target information is stored at the c-step (i.e., the similarity Q,(”Kﬁ.”

Then, we can further rewrite the equation as

is significantly higher than others).

-1

-1 =1
A =diag| U, + Z U;j| |R.+ Z R, |.
j=1,j#c '=1,j'#c
-1 - -1
=|diag (U.) |1 + diag (U.)~" - diag U, R. + Z R, |.
j=Lj#c J=Lj#e
According to the first-order Taylor expansion, we have
=1 -1
A ~|1- diag (U.)~" - diag Z U, ||diag (U-) "' [R. + R; |
J=1,j#c J'=1,j'#c
t-1 t-1
=diag (U.) ™' R, + diag (U,) ! R, —diag (U.)"" - diag U; |diag (U.) "' R,
Jr=1,j'#c j=1,j#c
€] €2
=1
—diag (U.)"! - diag U; |diag (U)7! Z R,
j=1j#c J=Lj#c

€3
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where the first term is equivalent to At(l) in Equation (10) with Kﬁ” = I:Iﬁl)W%) and \75” = ﬁﬁ”wg) by

-1
o KOT o KOT
diag (U.)"' R, =diag [Q¥ —<—1 (h2e g
g( ) C g( t \/ﬁ Qt \/d_k
5 T I _ 5 T
(Hgnwg{z)) ( gz)wgp)
=diag|[ Q" 1| QY (ﬁﬁ”W@)
Vdx Vdx
_XO

Therefore, there are three error terms for ||1§£l) - A;l) 2. It is worth noting that €; and €3 are structural errors caused by
global normalization, whereas €; is an attention error introduced by irrelevant information. Across these three terms,
there is always at least one factor of Q;l)f(gl)T where j # ¢ in the summation. Therefore, when this similarity is low, the
resulting error is expected to be small.

3.6 Efficiency Analysis

Metis introduces native memory with limited additional inference overhead compared with external memory. The key
reason is that the original attention, memory attention, and memory storage procedure can be largely executed in parallel.
For the [-th layer at step #, the original attention branch computes token-token attention over the current input, while the
memory utilization branch performs memory attention over the native memory state M;l) and S,(l). These two branches
depend on the same input hidden states but have no sequential dependency on each other. Therefore, memory attention
does not need to wait for the output of the original attention, and its results can be fused only after both branches finish.

The memory storage procedure can also be decoupled from the current inference path. It updates the memory state for
future steps, while the current step only reads from the existing memory state. Thus, after the required hidden states are
available, the storage branch can be executed in parallel with the original attention and memory utilization, instead of
becoming an additional sequential stage. As a result, the layer-level latency can be expressed as

1) e = max (To, T i) + ol an

parallel — orig® ~ util > ~ store

Moreover, Metis stores historical information in fixed-size native memory states, rather than appending retrieved textual
memories to the input context. Therefore, its memory utilization cost depends mainly on the memory state size, instead
of growing linearly with the number of historical interactions. This enables Metis to provide native memory capabilities
while avoiding the retrieval, concatenation, and prefilling overhead commonly introduced by external memory systems.

4 Data Construction

In order to build Metis by mid-training based on general foundation models, we synthesize a comprehensive training
dataset based on existing public datasets. This dataset consists of primary data and auxiliary data, which are used for
training native memory procedures and improving generalization in complex scenarios.

4.1 Primary Data

The primary data serves as the core supervision for training native memory procedures. It is designed to teach memory
foundation models to perform different memory operations in the forward computation through optimization, thereby
generalizing to various scenarios. The native memory procedure is acquired through optimization rather than manual
rules, so the primary data must provide explicit supervision for the desired memory operations.

Data Principles. We highlight two data principles. First, the data should be structured as a temporally ordered
sequence of interaction steps, which mirrors the time-streaming nature of online information. Second, the data should be
state-consistent. The response to a later query must agree with the memory state shaped by earlier operations. Together,
these two properties teach the model to store information and use it at the appropriate later step.
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Table 1 Summary of the primary data. Samples for each memory operation are synthesized from public benchmarks and follow a
distinct multi-turn skeleton, where the answer to the final query stays consistent with the preceding memory operations.

Operation Interaction Streaming Source Benchmarks

Remember Info(A;) — Query(A) LoCoMo [27], LongMemEval [28], NeedleInAHaystack [29], RULER [30],
LongBench [31], coBench [32], L-Eval [33], BABILong [34], Bam-
boo [35], NaturalQuestions [36], LongChat-Eval [37]

Update Info(A) — Info(A;) — Query(A) ZsRE [38], RippleEdits [39], KnowEdit [40], TemporalWiki [4 1]

Forget Info(A;) — Info(A;) — Query(A) TOFU [42], WMDP [43], MUSE [44], RWKU [45], WholsHarryPot-
ter [46], BLUR [47], LKF [48], CLEAR [49], CounterFact [50]

Reflect Info(A;) — Info(B;) — Query(A N B)  MuSiQue [51], StrategyQA [52], Bamboogle [53]

Instead of generating data from scratch, we synthesize the primary data from established public benchmarks. This choice
offers three advantages. Mature benchmarks provide verified facts and reasoning chains, which reduce hallucination
when we extend them into long interaction sequences. Their broad coverage of fiction, science, news, and logical
reasoning enriches the context and improves generalization. In addition, every synthetic sample is anchored to a source
fact, which keeps the corpus traceable and easy to verify.

Data Summary. We select 27 public benchmarks across four memory operations, as shown in Table 1. We organize
the primary data along three orthogonal dimensions: (1) Memory operation includes remember, forget, update, and
reflect, which together span the core behaviors of native memory. For every operation, a structured fact serves as the unit
of synthesis, and the final query is answerable only from the information introduced in the preceding turns. A remember
sample states a fact and then queries it, whereas a reflect sample introduces several single-hop facts and then queries
their multi-hop composition. An update sample modifies a previously stated fact before the query, and a forget sample
revokes a previously stated fact before the query. (2) Salience of the instruction ranges from explicit memory commands
to implicit statements that embed information within natural narratives. (3) Noise level, where clean sequences form
the basic case and noisy sequences are produced by inserting irrelevant turns. Jointly, these dimensions encourage the
memory procedure to generalize across operations, instruction styles, and noise levels.

Construction Pipeline. Our data synthesis pipeline comprises three major steps, including seed extraction, static
synthesis, and quality verification.

Step 1: Seed Extraction. From each source dataset, we extract the source reference, query, and answer to form a base
dialogue. Then, we summarize the underlying fact into a structured seed, which records a subject, a relation, and a
target, together with operation-specific fields such as the updated target or the multi-hop chain. We also collect a pool of
distractor dialogues that are logically orthogonal to each query, which are used to extend the sequence length.

Step 2: Static Synthesis. Guided by the structured seed, a strong instruction-following language model rewrites each
base dialogue into two salience styles. The explicit style phrases the reference as a clear memory instruction, while the
implicit style states the same fact as a description without an explicit instruction. To cover long-range memory, we insert
a variable number of distractor turns between the reference and the query, which yields the distract variant of both styles.

Step 3: Quality Verification. A language model acts as an automatic judge and filters samples according to several
quality criteria. The consistency check confirms that the final answer faithfully reflects the intended memory state. The
orthogonality check ensures that inserted distractors do not leak the core fact, and the shortcut check removes any query
that can be answered without its reference. We additionally monitor the semantic diversity of the queries to prevent
template collapse. Samples that fail any check are discarded, so that only reliable samples enter the final corpus.

Data Statistics. We report the statistics of the synthesized primary data in Table 2. After filtering, the corpus contains
357,137 samples and about 406 million tokens, drawn from 27 source benchmarks. The samples are distributed across
explicit, implicit, and distractor styles, which balance instruction salience and noise level. The token count is dominated
by the distractor samples, especially for remember, because long irrelevant contexts are inserted to strengthen long-range
memory. This profile indicates that the primary data covers diverse memory operations at varied interaction lengths,
which provides a solid basis for training native memory procedures.
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Table 2 Statistics of the synthesized primary data. The explicit, implicit, and distract columns report the number of samples of each
style, and the last column reports the total token count in millions.

Operation Sources Explicit Implicit Distract All Samples Tokens (M)

Remember 11 14,682 13,671 28,502 56,855 362.0
Forget 9 59,900 8,251 68,120 136,271 21.7
Update 4 33,452 7,300 40,749 81,501 11.0
Reflect 3 20,646 20,615 41,249 82,510 11.4
Total 27 128,680 49,837 178,620 357,137 406.1

Table 3 Summary of the auxiliary data. Each subtype composes facts or dialogues into a complex interaction pattern, where the
final answers remain consistent with the intended memory state.

Auxiliary Subtype Interaction Streaming Construction Source

Multi-Entity Binding Info(A;) — Info(B;) — Query(A) — Paired facts synthesized from primary
Query(B) source facts

Selective Forgetting Info(A;) — Info(B;) — Info(B;) — Paired facts synthesized from primary
Query(B) — Query(A) source facts

Post-Memory Dialogue Info(A;) — Query(A) — Chat Primary memory samples with curated

normal dialogues

Memory-Irrelevant Dialogue Info(A;) — Chat / Chat — Chat Primary memory samples with curated
normal dialogues

4.2 Auxiliary Data

The auxiliary data is used to improve the model’s generalizability. It further enhances the capabilities of memory
foundation models for complex scenarios, such as multi-entity tasks and mixed dialogues.

Construction Principles. The primary data consists of basic memory operations interactions, ranging from single-fact
operations to multi-fact reasoning cases. However, real interactions are more complex. Multiple similar facts may coexist,
some facts may be revoked while others persist, and memory turns are often interleaved with ordinary conversation.

The first is interference, where the model confuses similar facts or allows a forgetting operation to corrupt a retained fact
in parametric spaces. The second is memory pollution, where the model applies stored values to questions that do not
need them. The auxiliary data complements the primary data by targeting exactly these scenarios. It preserves the same
fact-level structure, but composes facts and dialogues into more challenging interaction patterns, which improves the
generalization and robustness of native memory.

Data Summary. We organize the auxiliary data into four subtypes, shown in Table 3. The first two subtypes address
multi-fact scenarios. (1) Multi-entity binding jointly stores two confusable facts and queries both, which trains the
model to bind each value to its own fact. (2) Selective forgetting revokes one fact while the other persists, which trains
the model to forget one fact selectively without collateral loss. The other two subtypes address memory pollution. (3)
Post-memory dialogue continues an ordinary conversation right after a memory query, so the model does not carry
stored values into unrelated answers. (4) Memory-irrelevant dialogue answers a question that does not need memory
even when a memory state exists, so the model learns when memory should not influence the response. Therefore, these
four subtypes extend the primary data to realistic mixed interactions.

Construction Pipeline. The auxiliary data is built from two shared ingredients, including synthesized paired facts
and prepared normal dialogues, which are then formulated into the four subtypes.

Faired Fact Synthesis. The multi-entity binding and selective forgetting subtypes require pairs of similar facts. For
each source fact, represented by a subject, relation, and value, we synthesize one confusable counterpart fact. Each
counterpart is generated using one of four transformations relative to the source fact. It keeps the subject but changes the
relation, keeps the relation but changes the subject, imitates the value format, or stays semantically adjacent. A language
model generates each counterpart, and a verifier discards any fact that contradicts, restates, or depends on the source. We
then rewrite the verified facts into natural statements, queries, and revocation snippets to ensure fluency and diversity.
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Table 4 Statistics of the synthesized auxiliary data. We report the number of samples for each subtype, and we exclude every
sample that fails quality verification.

Target Auxiliary Subtype Samples
. . Multi-Entity Binding 76,153
Multi-fact Scenario
Selective Forgetting 76,153
. Post-Memory Dialogue 357,137
Memory Pollution
Memory-Irrelevant Dialogue 100,000
All Total 609,443

Normal Dialogue Preparation. The post-memory dialogue and memory-irrelevant dialogue subtypes require conversations
that do not require access to memory. We prepare a dialogue pool from three sources. These are general assistant
dialogues for everyday requests, open-domain conversations from public corpora, and entity-related dialogues that are
topically related to a stored fact yet remain answerable without it. We filter out turns with memory cues, real-time facts,
or unsafe content, and we remove duplicates.

Subtype Formulation. The multi-entity binding subtype states the paired facts in turn and then queries both, which forces
the model to bind each value to its correct fact. The selective forgetting subtype states both facts, revokes one, and then
queries both, so the revoked fact becomes unavailable while the retained fact stays correct. The post-memory dialogue
subtype appends an unrelated ordinary turn after a memory query, so the model returns to normal conversation without
leaking any stored value. The memory-irrelevant dialogue subtype keeps the memory state but drops its query before an
ordinary turn, and it also includes standalone dialogues that carry no memory at all.

Data Statistics. We report the statistics of the synthesized auxiliary data in Table 4. The paired-fact synthesis
yields 76,153 natural snippet sets after quality verification. These snippets support 76,153 multi-entity binding samples
and 76,153 selective forgetting samples. The dialogue-based subtypes are larger, because they reuse the full set of
primary memory samples. Post-memory dialogue contributes 357,137 samples, and memory-irrelevant dialogue
contributes 100,000 samples. In total, the auxiliary data adds 609,443 samples that emphasize multi-fact reasoning and
pollution-resistant conversation. Together with the primary data, it provides broad coverage from single-fact operations
to complex mixed interactions.

5 Model Optimization

To empower Metis with native memory procedures, we design multiple training objectives for mid-training. These
objectives primarily consist of memory reconstruction, memory operation, and regularization. The three objectives share
a common likelihood form but operate on different data. They jointly shape the native memory state and procedure.

5.1 Overview

We organize every training sample as a multi-step interaction s = {(Xj, Y,)}tTi1 , following the definition in Section 2.

At step ¢, the model reads the input instruction X; and generates the assistant response ¥; = (y7.1, ..., Ys,|y;|)- All steps
are forwarded sequentially, and the native memory procedure stores information from each step to the memory state
before the next step starts. Therefore, the parameters 6, at step ¢ already integrate the memory state from all preceding
steps {(X;, Y;) }i<¢- We supervise only a subset of query steps Qg C {1, ..., T}, where the assistant response is labeled,
while the reference and operation steps remain unlabeled. However, the responses of the reference and operation steps
are still generated or provided for memory state updates. In addition, all three objectives share the per-step loss below,
and they differ only in how the supervised target ¥; is constructed from the training data. For a supervised step ¢ € Q,
we define the per-step loss as the token-averaged negative log-likelihood

Y]

C(s,1) = === > 1og P(yik | X, Yi, k3 01), (12)
Y| &

where Y; <i denotes the previously generated tokens at step ¢, and 6, is conditioned on the memory state shaped by
earlier steps. The loss of a sample aggregates over its supervised steps as },¢q, €(s,t), which allows a single trajectory
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to supervise multiple responses. During mid-training, we freeze the backbone parameters and optimize only the native
memory parameters.

The three objectives correspond to five data subsets, and we control their contributions through a task-weighted sampler
rather than explicit loss coefficients. At training epoch e, the sampling probability of subset 7 is

we(e)

= e

we(e) =ws + (ws —w) -min(ﬁ,l), (13)
where 7 is the set of subsets, E is the total number of epochs, and w5, wS are the start and end weights of subset 7.
This linear annealing forms a curriculum that gradually shifts the sampling mass from storage-oriented data toward
harder long-range and regularization data. Because the weights only modulate the sampling frequency, the expected
mid-training objective can be written as

L= Z nr(e) - Esep, Z l(s,1)], (14)

TeT teQy

where D is the data of subset 7, and every sampled step contributes an unweighted loss from Equation (12).

5.2 Memory Reconstruction Objective

The memory reconstruction objective enables Metis to store and reconstruct information. It provides an important
training signal during the model’s warm-up phase, as initialized models typically lack such capabilities. Furthermore, it
targets the upper bound of information storage, with completely lossless compression and reconstruction. However, a
trade-off exists between this objective and the native memory procedure. First, reconstruction and instruction following
are contradictory, as they require specificity and generalization, respectively. Second, from the perspective of prediction
tasks, the native memory procedure requires lossy compression guided by input instructions. In contrast, memory
reconstruction opposes lossy compression.

This objective is built on a reconstruction subset derived from the primary data in Section 4.1, denoted as Dy.. In each
sample, a reference passage is presented and stored into the memory state at an early step, and a later query step requires
the model to regenerate its content. Because the supervised response Y; reproduces the stored reference, the memory
state must retain the source with minimal loss. We instantiate the per-step loss over this subset as

Lrec = ﬂrec(e)Es~Dmc Z £(s, t) s (15)
teQy

where the expectation averages over samples drawn from Dy, and €(s, t) measures the negative log-likelihood of
reconstructing the stored content at the query step ¢. By step ¢, the reference passage has already been stored in the
native memory state represented within 6,. Minimizing L. thus drives the hyper memory block to encode the reference
into a state from which the memory utilization procedure can recover it.

5.3 Memory Operation Objective

While reconstruction establishes lossless storage, native memory must additionally support input-driven operations. The
memory operation objective teaches Metis to remember, forget, update, and reflect, so that the memory state evolves
according to the instruction at each step. It is built on the primary data, which exhibits these operations under controlled
instruction salience and noise.

We use two complementary subsets of the primary data. The first subset, denoted as Df)’g, contains the explicit and
implicit samples. Explicit samples phrase the operation as a clear command, whereas implicit samples embed the same
information within a natural narrative. This contrast forces the model to infer the operation from intent rather than
from surface keywords. The second subset, denoted as Dg‘p, contains the distractor samples, where irrelevant turns are
inserted between the reference and the query. It promotes long-range retention and robustness against intervening noise.
In all operation samples, the supervised response stays consistent with the information from the earlier steps. For an

update sample, the answer reflects the new value rather than the old one. For a forger sample, the answer no longer
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exposes the forgotten value. For a reflect sample, the answer composes several stored facts into multi-hop reasoning.
Therefore, a single likelihood objective suffices to supervise all operations as

Lop = mei(€)By_pr | D (s, 0)| +mal@)By g | D €s,1)], (16)
teQy teQy

where 6, now encodes the net effect of the preceding operation sequence on the memory state. Unlike reconstruction,
the target is no longer a copy of the stored content, so the model learns to transform and read the memory state under the
guidance of the instruction.

5.4 Regularization Objective

The reconstruction and operation objectives are primarily built on simple interaction patterns, which leave the model
vulnerable in complex scenarios. The regularization objective mitigates two failure modes that arise when memory
operates in realistic interactions. The first is interference, where similar facts are confused or a forgetting operation
corrupts a retained fact. The second is memory pollution, where stored values leak into responses that do not require
them [54]. This objective is built on the auxiliary data in Section 4.2, which composes facts and dialogues into more
complex and realistic interaction patterns.

We use two subsets of the auxiliary data. The multi-fact subset Dyr targets interference. Its multi-entity binding samples
jointly present two confusable facts and query the model about both, which constrains the memory utilization procedure
to bind each value to its own key. Its selective forgetting samples include an instruction that revokes one fact while
preserving the other, which constrains the forget operation to act locally. The memory pollution subset Dy, targets
leakage. Its post-memory dialogue samples continue an ordinary conversation right after a memory query, and its
memory-irrelevant samples answer a question that needs no memory even when a memory state exists. In both cases,
they discourage the model from injecting memory into unrelated responses.

These subsets act as regularization because they constrain memory behavior under more realistic and diverse interaction
scenarios. The supervised targets penalize cross-fact interference, collateral forgetting, and value leakage, which suppress
degenerate solutions that always read or overwrite the memory state. We define the objective as

Lieg = tmi(€)Bynyg | D €5, 0) | + Mg (O)Egm,, | D L(s,1)], (17
teQy teQs

where many samples expose multiple supervised steps, so |Qs| > 1 jointly constrains the retained and the revoked
facts within one interaction. For the memory-irrelevant case, the supervised step is an ordinary turn whose target is
independent of the memory state.

6 Experiments

6.1 Experimental Settings

We evaluate Metis on memory operation tasks and memory-based question-answering (QA) tasks. The memory operation
task evaluates the performance of executing memory operations. In addition, to verify the effectiveness of the native
memory state, we evaluate the performance on the memory-based QA task. Our major experiments focus on evaluating
the native memory state and procedure primarily through relatively short-term tasks. As for the long-term capability, we
explore it from the perspective of memory capability in Section 6.5.

Datasets and Metrics. For memory operations, we employ MemOps [55], which is a specific benchmark focusing
on memory operations, such as remembering, forgetting, and updating. In the Full setting, the model receives three
complete evidence segments, containing 24 utterances. In the Gold setting, it receives only the oracle turns required for
the question. We also present the performance of the Test set of our constructed dataset. For the memory-based QA
task, we conduct experiments on the golden-session setting of LoCoMo (i.e., LoCoMo (Gold)), where we provide the
gold evidence sessions as input. We also utilize the contextual generation task dataset from NextMem [56] for further
analysis. This dataset evaluates whether models can utilize the provided information to answer questions correctly,
consisting of SQuAD [57], HotpotQA [58], LoCoMo [27], and LongMemEval [28]. In all these settings, we utilize
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Table 5 The overall performance on memory operation tasks. Full-context and partial-context results are shown in gray to visually
distinguish context-access settings from the no-context comparison. Within the No Context setting, the best and second-best scores
are bolded and underlined, respectively. Avg. represents the micro-average performance.

MemOps (Gold) Metis Test Set
Type Method

Remember Update Forget Reflect Avg. Remember Update Forget Reflect Avg.
Qwen3.5-4B 84.97 86.34 81.36 85.17 84.56 80.07 70.31 70.42 83.13 75.18
Full Context Qwen3.5-9B 88.54 88.43 82.73 86.90 86.86 78.18 69.48 67.50 84.38 73.89
Qwen3.5-27B 91.37 90.74 84.32 84.48 87.90 81.01 73.44 75.83 88.75 78.87
Qwen3.5-4B 38.84 33.56 24.55 21.90 30.18 70.05 63.12 59.90 67.81 64.82
Partial Context Qwen3.5-9B 30.51 26.62 20.23 11.55 22.41 70.40 55.10 55.00 64.69 60.68
Qwen3.5-27B 37.05 35.88 22.05 16.21 28.01 70.28 63.33 66.46 60.47 65.40
Qwen3.5-4B 4.17 0.00 1.59 0.00 1.65 12.03 0.00 49.58 0.00 16.96
Qwen3.5-9B 4.17 1.85 0.91 0.00 1.88 11.79 542 49.90 0.63 18.64
Qwen3.5-27B 3.57 0.93 0.91 0.69 1.69 10.73 2.08 47.50 1.25 16.87
Temp-LoRA-4B 15.33 10.19 2.95 4.83 8.85 15.80 27.71 15.21 17.66 19.34
Temp-LoRA-9B 23.81 13.43 5.00 8.10 13.51 20.05 17.71 20.21 20.47 19.51
No Context Temp-LoRA-27B 20.68 6.48 2.50 4.83 9.70 25.94 18.65 25.21 26.87 23.86
6-Mem 7.44 6.02 1.82 1.55 4.38 13.92 21.77 12.40 10.31 15.03
Metis-4B 19.35 27.55 7.27 16.90 17.84 52.24 63.85 31.25 90.16 56.72
Metis-9B 25.89 23.61 11.59 15.52 19.63 58.14 63.33 30.42 90.78 57.92
Metis-27B 28.27 31.02 1091 26.55 24.76 61.08 68.13 77.50 93.44 73.77

gpt-4.1-mini to judge each prediction against its reference answer in three repeated evaluations. Then, we report the
median LL.M-as-a-judge score. In each dataset, we calculate the average performance (i.e., Avg.) across different types
using a micro-average. It should be noted that, to cover a wide range of entities for memory, we extract seed entities
from various public datasets to synthesize our training data, such as LoCoMo and LongMemEval. However, we do not
leak their exact QA behaviors in the training phase.

Baselines. We comprehensively evaluate our approach against four categories of baselines. For backbone models
evaluated with full information appended to the context, we utilize Qwen3.5 [59] across 4B, 9B, and 27B sizes. For the
partial-context baselines, we apply RAG [60] to these backbone models. It encodes observations and queries into dense
representations, and calculates the cosine similarity between queries and all observations. The top-5 observations are
appended to the context. For TTT-based models, we evaluate Temp-LoRA [61] as the baseline. It fuses information
into the model by training a temporary LoRA module on previous text chunks during inference, encoding historical
context as transient parameter updates. Specifically, we implement Temp-LoRA with corresponding sizes of Qwen3.5
backbones. Regarding parametric memory models, we compare with §-Mem [22], which steers attention with low-rank
corrections. More details are provided in Appendix E.

Training Configuration. The reported Metis models are built upon Qwen3.5 backbones and trained on 8xH100
GPUs. The backbone is frozen during training, and the trainable memory parameters are initialized using the key and
value projection matrices of the corresponding backbone layers. We use AdamW with a learning rate of 2 x 1074, a
constant schedule after 200 warmup steps, weight decay 0.01, 8 = (0.9,0.999), € = 1078, and gradient clipping at
1.0. Training uses BF16 and seed 42, and saves a checkpoint every 2,000 steps. For Metis-4B, we train our model for
14,000 steps, corresponding to one epoch. For Metis-27B, we use the same number of training steps, corresponding to
approximately 0.4 epochs. For Metis-9B, we use 8,000 steps (approximately 0.5728 epochs), which is selected by early
stopping on validation-set performance.

Evaluation Pipeline. For the memory operation and memory-based QA tasks, we adopt a static evaluation paradigm.
Each test trajectory is divided into two sequential phases. The first phase consists of information steps, which provide the
necessary context to the model. The second phase consists of query steps, where the model must answer a question based
on the prior information. Finally, the evaluation calculates performance metrics by comparing the model’s output in the
query step with the ground truth. The prompts of the information step and query step are provided in Appendix F.2,
and the prompts of LLM-as-a-Judge are presented in Appendix F'.3.
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Table 6 The overall performance on memory-based QA tasks. Full-context and partial-context results are shown in gray to visually
distinguish context-access settings from the no-context comparison. Within the No Context setting, the best and second-best scores
are bolded and underlined, respectively. Single and Multi indicate Single-hop Retrieval and Multi-hop Retrieval settings in LoCoMo
(Gold), respectively. Temporal and Open refer to the temporal reasoning setting and open domain knowledge settings in LoCoMo
(Gold), respectively. A dash indicates that the corresponding result is not applicable. Avg. represents the micro-average performance.

LoCoMo (Gold) NextMem (Contextual Generation)
Type Method N N
Single Multi Temporal Open Avg. SQuAD HotpotQA LongMemEval LoCoMo Avg.
Qwen3.5-4B 85.12 6592 15.78 23.88  63.52 91.00 88.28 45.21 61.00 77.15
Full Context Qwen3.5-9B 84.43  64.93 16.64 21.35  63.00 91.00 87.61 45.79 60.65 77.05
Qwen3.5-27B 85.83  69.96 15.55 31.18  65.03 91.80 89.18 48.43 64.47 78.80
Qwen3.5-4B 36.28 10.79 6.17 5.62 23.54
Partial Context Qwen3.5-9B 34.05 8.27 7.50 2.81 21.97
Qwen3.5-27B 35.63 10.07 7.73 1.97  23.17
Qwen3.5-4B 0.00 0.36 0.00 1.97 0.18 11.24 25.22 2.86 0.48 11.86
Qwen3.5-9B 0.00 0.36 0.00 0.00 0.07 14.92 34.98 2.86 0.48 15.93
Qwen3.5-27B 0.00 0.36 0.00 0.00 0.07 16.73 38.90 3.14 0.48 17.75
Temp-LoRA-4B 1092 11.24 1.80 26.69  9.99 26.19 38.62 9.71 11.12 24.20
Temp-LoRA-9B 13.33 13.31 2.42 25.00 11.72 29.52 45.07 12.93 12.80 28.12
NoContext  Temp-LoRA-27B  4.29  5.49 1.25 1067 424  37.68 51.46 6.57 5.86 30.97
6-Mem 12.86 10.16 3.28 20.22  10.79 20.74 33.02 9.79 10.29 20.42
Metis-4B 1890  15.29 7.03 28.37 16.31 29.62 58.13 39.36 50.48 41.69
Metis-9B 18.87  18.53 7.03 2725 16.81 33.06 63.45 33.36 51.56 43.39
Metis-27B 31.01 27.97 13.83 28.93 26.74 43.42 66.54 39.71 60.41 50.82

6.2 Overall Performance

Memory Operation Tasks. The results of MemOps in the gold setting (i.e., MemOps (Gold)) and the Metis test
set are presented in Table 5. Due to the page limitation, we put the experiment results and analysis of MemOps in
the full setting (i.e., MemOps (Full)) in Appendix B. As expected, full-context models achieve the strongest overall
performance, while removing the context causes a substantial performance drop for standard backbones. Partial context
preserves some information on the Metis test set but performs poorly on MemOps (Gold), showing that incomplete
histories cannot reliably support memory operations. Temp-LoRA and 6-Mem recover part of the lost performance, but
their gains remain limited. Under the same no-context setting, Metis achieves the best average results on both MemOps
(Gold) and the Metis test set. These results suggest that Metis can preserve information in its native memory state and
use it in later steps without replaying the original context.

Metis-27B achieves the best average performance on both benchmarks under the no-context setting. Compared with
Metis-4B and Metis-9B, it shows clear gains in remembering, updating, reflection, and overall performance. The
improvement is especially large for forgetting on the Metis test set. These results suggest that a sufficiently large backbone
can better formulate and utilize the native memory state. In addition, forgetting is still the most difficult operation on the
external MemOps (Gold) benchmark, even for Metis-27B. This suggests that removing or suppressing information in
a shared latent state is more difficult to generalize than storing or updating information. Overall, Metis shows strong
performance on memory operation tasks in short-term scenarios.

Memory-based QA Tasks. The results of the memory-based QA tasks are presented in Table 6. Full-context models
provide a strong upper bound because they can directly attend to the original evidence. Their performance drops sharply
when only partial context is available. Without context, the original Qwen3.5 models obtain almost zero scores on
LoCoMo (Gold), confirming that the answers cannot be reliably recovered from backbone knowledge alone. In contrast,
Metis achieves the best average performance on both benchmarks under the no-context setting. Metis-27B obtains the
highest score in every task category, outperforming other baselines. These results show that the native memory state can
preserve useful information and support question answering without replaying the original context.

The advantage of Metis is especially clear on tasks with complex or long-range memory requirements. On NextMem
(Contextual Generation), Metis achieves large gains on HotpotQA, LongMemEval, and LoCoMo subset. It also
substantially improves multi-hop and temporal question answering on LoCoMo (Gold). It indicates that native memory
remains effective for relatively simple factual questions while providing larger gains on more demanding tasks. The
strong improvement on temporal questions also suggests that a larger Metis model can better preserve and use relations
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across different interaction steps. However, the gain on open-domain LoCoMo (Gold) questions is relatively limited,
which indicates that some task types remain difficult even with increased model capacity.

In addition, we find that the improvement between Metis-4B and Metis-9B is modest, whereas Metis-27B substantially
improves the average score. This pattern suggests that backbone scaling can enhance native memory capability once
model capacity is reached, although the gains are not uniform across tasks. These results indicate that Metis provides
strong memory-based QA performance in both the short-term QA tasks and the relatively longer LoCoMo (Gold) setting.

6.3 Ablation Studies

We conduct ablation studies on Metis-4B from the perspectives of training data and model structure. Following the
main experimental setup, we evaluate LoCoMo (Gold) and NextMem in memory-based QA tasks. We also use the
Metis test set and MemOps (Gold) in memory operation tasks. All ablation models use Metis-4B and the same training
configuration and evaluation pipeline as the main results.

Data Ablation. We evaluate the contribution of different training data through two variants. In w/o MS, we remove
the Multi-fact Scenario data. In w/o MS+MP, we remove the entire auxiliary dataset, including Multi-fact and Memory
Pollution data, to examine its overall contribution to memory learning and generalization.

As shown in Table 7, removing the Multi-fact Scenario data consistently reduces performance across both types of
tasks. This result indicates that multi-fact supervision helps Metis integrate related information and maintain a coherent
memory state. The decline is more evident on MemOps (Gold) and the Metis test set, suggesting that such data is
particularly important for learning reliable memory operations. Removing the entire auxiliary dataset leads to a much
larger overall degradation. The drop is especially clear on the Metis test set, while performance on LoCoMo (Gold) and
NextMem also decreases consistently. This shows that auxiliary data improves the robustness and generalization of
native memory procedures across different scenarios.

Structure Ablation. We further ablate the main components of the native memory procedure. In w/o GDU, we
replace the GDU with a linear update (LU). In w/o SA, we remove the adaptive aggregation mechanism and directly use
the last-token hidden state for memory storage. In w/o OQ, we remove the optimizable memory query projection and
reuse the query from the original attention. In w/o QKN, we remove query-key normalization from memory attention.

Among all these evaluated variants, removing adaptive aggregation causes the largest performance drop. Directly using
the last token cannot effectively capture information distributed across the input sequence. As a result, the model fails
to construct an informative memory state. In addition, removing query-key normalization also causes a substantial
degradation, particularly on LoCoMo (Gold) and NextMem. Without this normalization, irrelevant information may
introduce stronger interference. Furthermore, reusing the original attention query also reduces performance across
all benchmarks. The decrease is larger on the memory-based QA tasks, indicating that a separate memory query
is important for distinguishing relevant historical information from noise. This observation is consistent with our
theoretical analysis, where the additional query projection reshapes cross-step similarities and suppresses interference
from irrelevant memory.

We also find that replacing the GDU with a linear update has a small effect on the overall average. The linear update
performs slightly better on MemOps (Gold) and the Metis test set but is clearly weaker on LoCoMo (Gold). This
suggests that a linear update can handle simple and short-term memory operations, while the GDU provides a better
balance in long-term scenarios. This result is consistent with our engineering observation that GDU may produce more
stable model behavior, motivating its use in Metis. Appendix C further compares the per-task performance of LU and
GDU at the 9B and 27B scales.

6.4 Out-of-Distribution Memory Tasks

To examine whether the strong performance reported in Section 6.2 generalizes beyond the data-construction distribution,
we further evaluate Metis on two out-of-distribution (OOD) benchmarks that were not used to construct the training data.
All methods are evaluated under the no-context setting.

We evaluate ATM-Bench [62] on its official standard split. For MemDaily [63], we use the subset of the official
pre-generated release in which the annotated retrieval-target messages occur before the query. In the Gold setting, the
model receives only benchmark-annotated evidence: human-annotated memory items represented as text in SGM for
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Table 7 Results of the ablation studies on Metis-4B. We use Avg. to report the macro-average performance in different groups, and
utilize AAvg. to represent the relative performance gap compared with the full model.

Memory Operation Task Memory-based QA Task Overall
Type Model "

MemOps (Gold) Metis Test Set Avg. AAvg. LoCoMo (Gold) NextMem Avg. AAvg. Avg. AAvg.

Full Model Metis 17.84 56.72 37.28 - 16.31 41.69 29.00 - 33.14 -
Data w/o MS 14.64 51.53 33.08 -11.26% 14.78 37.79 2629  -9.36% 29.68 -10.43%
Ablation  w/o MS+MP 14.45 42.17 28.31 -24.07% 14.18 36.17 25.17 -13.20% 26.74 -19.31%
w/o GDU 18.50 58.54 38.52  3.32% 11.97 42.78 2737  -5.60% 3295 -0.58%
Structure w/o SA 3.67 19.72 11.70  -68.63% 9.84 18.49 14.16 -51.16% 1293 -60.98%
Ablation w/o OQ 13.89 53.93 3391  -9.04% 11.46 37.07 2426 -1633% 29.09 -12.23%
w/o QKN 9.32 48.74 29.03  -22.13% 10.00 26.80 18.40 -36.55% 23.72 -28.44%

Table 8 Results on OOD memory benchmarks. The best and unique second-best scores are bolded and underlined, respectively.
The average score is calculated according to the official category counts.

Method ATM-Bench (Gold) MemDaily (Gold)

List Number Open Avg. Aggreg. Comp. Cond. Noisy Post-proc. Simple Avg.
6-Mem 0.00 1.94 3.11 2.27 29.44 21.14 44.40 38.40 59.00 45.58 39.84
Temp-LoRA-4B 0.00 0.00 5.06 2.57 30.74 30.49 50.80 43.60 60.60 52.01 44.92
Temp-LoRA-9B 0.00 0.00 5.64 2.86 45.24 31.91 58.40 46.40 66.80 59.04 51.42
Temp-LoRA-27B  0.00 0.00 5.06 2.57 61.90 40.24 61.00  50.60 74.20 68.67  59.45
Metis-4B 1.08 14.17 9.92 10.22 45.02 54.67 51.00 44.60 64.80 54.62 52.54
Metis-9B 0.00 24.72 15.18 1649 30.30 3435 53.00 43.60 66.80 54.22 47.29
Metis-27B 0.00 31.39 1459 18.56 40.69 66.06 56.60 52.80 75.40 6145 59.04

ATM-Bench, and retrieval-target messages for MemDaily. ATM-Bench scores list-recall, number, and open-ended
questions using Jaccard similarity, post-processed exact match, and an LLM judge, respectively. MemDaily reports
deterministic single-choice accuracy for all six question types.

As shown in Table 8, Metis demonstrates strong OOD transfer on ATM-Bench, consistently outperforming the memory
baselines across model scales and most question types. The advantage also holds for the deterministically scored number
questions, indicating that the improvement is not merely an artifact of the LLM judge used for open-ended questions.
Since ATM-Bench requires models to retain and integrate heterogeneous evidence extracted from personal archives,
these results suggest that the native memory procedure learned by Metis transfers beyond the patterns observed during
training. The results on MemDaily are more mixed: Metis remains competitive but does not consistently lead the
memory baselines. Together, the two benchmarks provide evidence that Metis’s native memory capability generalizes to
benchmarks not used in constructing its training data.

6.5 Memory Capacity Studies

In this part, we further explore the long-term memory capability of Metis. We evaluate this capability by modeling
memory capacity, which comprises step-level and trajectory-level capacity. Specifically, step-level capacity refers to
the maximum number of tokens accommodated within a single update. Similarly, trajectory-level capacity denotes the
maximum number of update steps within an interaction trajectory.

We construct a testing dataset, which contains 20 fictional users defined over a shared schema of 40 distinct and atomic
persona domains. First, the model generates 40 fine-grained domains such as demographics, education and relationships.
Then, for each user, the domains are shuffled with a fixed seed and instantiated sequentially. Previously generated
attributes are provided as an immutable context to ensure logical consistency within each persona. Each attribute is
initially expanded into a biography-style sentence conditioned on the complete persona. After that, one direct question is
generated for each domain and reused across all users. Finally, each biography-style message is rewritten as a concise
first-person statement that expresses only the corresponding fact. During evaluation, the 40 records of each user form an
ordered trajectory. The statements are sequentially stored in memory, and the queries are used to probe the model. In
addition, the user attributes serve as the gold answer for LLM-based judging. Based on this dataset, we compare the
performance of Qwen3.5-4B with full context and Metis-4B under two evaluation settings.

Step-level Capacity. This setting evaluates how much information the model can encode within a single memory
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Figure 3 Results of memory capacity at the step-level (left) and trajectory-level (right).

update. For each user of step ¢, the memory state is reset, and the first 7 statements are concatenated and updated in one
operation. The model is then queried about the first, middle, and last facts in the updated content. Since the full history
is encoded from scratch at each step, this setting isolates the capacity of a single update as the input length increases.
The results are presented in Figure 3 (left).

For the step-level setting, Metis performs well when a single update contains only a small amount of information,
but its accuracy decreases rapidly as the input becomes longer. The performance on the first fact shows the clearest
downward trend, while the middle and last facts exhibit larger fluctuations. When the input exceeds several hundred
words, performance at all three positions becomes low. In contrast, the full-context baseline remains much stronger,
especially for the first fact.

Trajectory-level Capacity. This setting evaluates how much information the model can retain over a sequence of
memory updates. For each user, the memory state is reset only once and then accumulates throughout the trajectory. The
40 statements are divided into consecutive groups of g statements, with g = 5 by default, and each group is concatenated
and updated in Metis sequentially. After every group-level update, the model is queried about the first, middle, and
current updated facts. This setting measures the capacity of the evolving memory state under repeated updates, with
performance reported against the number of updated trajectory steps. The results are presented in Figure 3 (right).

For the trajectory-level setting, performance also declines as the number of updated steps increases. The accuracy of the
first fact decreases almost continuously, showing that early information is gradually weakened by later updates. The
middle and most recent facts also remain unstable, which suggests that new updates introduce interference throughout
the whole memory state rather than only overwriting the oldest information. Although the amount of information in each
update is fixed, performance drops clearly as the trajectory becomes longer. This confirms that repeated state transitions
and accumulated compression errors form another major limitation of native memory.

6.6 General Capability Studies

Previous experiments have demonstrated the effectiveness of Metis on memory-related tasks. However, integrating native
memory into the forward computation potentially influences the backbone’s original behavior, which possibly decreases
its general capabilities. In this part, we further explore how Metis performs on the general tasks compared with its original
backbone. We compare Metis-4B with Qwen3.5-4B and report the performance difference between them. Specifically,
we design two settings to evaluate the general capabilities of Metis in different stages. The first is the Initial Stage, which
measures performance on general tasks before any information is stored in memory, corresponding to step ¢ = 1. In this
setting, Metis is reset to an empty memory state before receiving the original prompt in benchmarks, and the backbone
receives the same prompt. The second is the Active Stage, which evaluates Metis after it has accumulated irrelevant
information over previous interaction steps, where we have the step ¢ > 1. For Metis, we reset the memory state and store
task-irrelevant messages before providing the benchmark prompt. For the backbone, we prepend the same messages
to its prompt. Our experiments are conducted under MMLU-Pro [64], IFEval [65], GSM8K [66], and MMMLU [67].

23



Table 9 Results of general capability tasks. The gap is calculated as the performance of Metis-4B minus that of Qwen3.5-4B.

Initial Stage Active Stage
Benchmark Qwen3.5-4B Metis-4B Gap Qwen3.5-4B Metis-4B Gap
MMLU-Pro 46.00 45.20 —-0.80 46.00 40.90 -5.10
IFEval 79.30 79.85 +0.55 76.71 54.53 -22.18
GSMSK 83.09 82.03 -1.06 84.53 78.92 -5.61
MMMLU 61.30 60.50 —-0.80 59.90 56.60 -3.30

In IFEval, we adopt the strict evaluation setting, which verifies instruction compliance directly on the original model
response without applying the response transformations used by the loose criterion. The detailed prompts of irrelevant
messages are provided in Appendix F.4. We present the results in Table 9.

The results show that Metis largely preserves the general capabilities of its original backbone at the initial stage. It
shows only minor decreases on the other tasks. This indicates that the added memory architecture and memory-specific
training do not substantially change the model’s behavior when the memory state is empty. A different trend appears at
the active stage. After irrelevant information is stored, Metis shows consistent performance drops across all benchmarks.
The degradation is moderate on MMLU-Pro, GSMS8K, and MMMLU, but is much larger on IFEval. This suggests
that irrelevant native memory may introduce noise into the forward computation and interfere with the processing of
the current general task, especially on strict instruction following. Overall, Metis retains most of its original general
capability before memory is activated, but drops as more information is stored in the memory states.

6.7 Low-rank Decomposition

Storage overhead is a key efficiency metric for memory. In short-term tasks with limited information, parametric memory
representations can be further compressed. Therefore, to explore the storage optimization potential of Metis, we apply
low-rank decomposition to the memory states for efficient storage and reconstruct them before memory utilization.
Specifically, we cast the memory state Mz(l) to FP32 and compute an SVD along its last two dimensions. Therefore, for
the retained rank k, the decomposition process can be represented as

M = yDrOyOT,

We maintain the low-rank approximation ﬂgl) = Ut(l:)k K ﬁfl) = Zt(lf: 1% and Vt(l) = Vt(l:) 1.5 instead of the original
full-rank factors. Here, Ut(l:) Lk and V;l:) 1k denote the first £ columns of Uﬁl) and V;l), respectively, while Zﬁlf: K1k

denotes the leading k X k diagonal submatrix of Z,(l) . Then, the reconstruction can be expressed as
Mz(l) - ﬁt(l)ﬁt(l)vt(l)'r.

We evaluate k € {1,4, 16,64, 128,256} on the four benchmarks with Metis-4B aligned with Section 6.2. We compare
these models with low-rank memory states to the original Metis models to characterize the trends of their performance
degradation, where the full memory-state dimension is 1024. The results are presented in Figure 4, which shows a clear
trend as the retained rank increases. Extremely low ranks, such as 1 and 4, cause substantial performance degradation.
This indicates that a few singular directions are insufficient to preserve the semantic information stored in the memory
states. Performance improves rapidly when the rank increases to 16 and becomes close to the full-rank model at rank 64.
Further increasing the rank from 64 to 256 brings almost no additional improvement. These results suggest that useful
information in the memory states is mainly concentrated in a relatively low-dimensional subspace.

Table 10 further shows the sensitivity to low-rank decomposition in different datasets. The results show that different
benchmarks have different levels of sensitivity to aggressive low-rank compression. At very small ranks, performance
drops clearly on all datasets. The decrease is particularly large on the Metis test set and MemOps (Gold), suggesting
that memory operation tasks require sufficient representational capacity to preserve operation-related information.
LoCoMo (Gold) is relatively less sensitive at k = 1, although its performance fluctuates at very small ranks. This
may indicate that some useful conversational information is concentrated in a small number of dominant directions.
However, these directions alone are not sufficient to support stable memory utilization. MemOps (Gold) recovers its
full-rank performance at k = 16 and remains stable at larger ranks. In contrast, the Metis test set continues to improve
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Figure 4 Results of low-rank decomposition under different ranks of memory states.

Table 10 Results of low-rank decomposition across different datasets. Values in parentheses show recovery relative to Full, and the
values above 100% are treated as judge variation rather than improvements.

Dataset k=1 k=4 k=16 k=64 k=128 k =256 Full
LoCoMo (Gold) 11.31(69.4%) 10.81(66.3%)  14.21(87.1%) 16.00 (98.1%)  16.36(100.3%)  16.14(99.0%)  16.31(100.0%)
NextMem 22.80(54.7%) 27.83(66.7%)  38.69(92.8%)  41.43(99.4%) 41.78(100.2%) 41.71(100.0%) 41.69 (100.0%)
Metis Test 17.99 (31.7%)  41.26(72.7%)  53.64(94.6%)  56.63(99.8%)  56.75(100.1%)  56.04(98.8%)  56.72(100.0%)
MemOps (Gold)  5.60 (31.4%)  11.49(64.4%) 18.36(102.9%) 18.36(102.9%) 18.17(101.8%) 18.79 (105.3%)  17.84 (100.0%)
Overall 14.43 (43.5%) 22.84(68.9%)  31.22(94.2%) 33.10(99.9%)  33.26(100.4%) 33.17(100.1%) 33.14(100.0%)

from k = 16 to k = 64. This difference suggests that the two memory operation benchmarks require different levels of
memory capacity. Across all datasets, performance becomes close to the full model at k = 64. The overall recovery
reaches 99.9%, while further increasing the rank brings little additional benefit. These results confirm that the memory
states still contain substantial redundancy and that most useful information lies in a relatively low-dimensional subspace.
They also show that the appropriate compression level depends on the task, since different benchmarks require different
amounts and types of memory information.

6.8 Case Studies

We conduct qualitative case studies to show the behavior of Metis-4B under different scenarios. At each turn, the model
first generates a response based on the current input and existing memory, and then updates the user input in the memory
state. We present several representative cases in Figure 5 to qualitatively examine the native memory behaviors of
Metis-4B. Each case starts from an empty native memory state, and the model must use information stored in previous
interaction steps. In the remembering case, Metis correctly stores Alice’s food preference and retrieves it in a later query.
In the multi-fact case, the model retains several attributes about Alice and correctly selects her age after other attributes
are introduced. This result suggests that Metis can bind different values to their corresponding attributes and reduce
interference among related facts. The distractor case further shows that an unrelated dialogue turn does not overwrite the
stored preference. Metis can therefore distinguish useful memory from ordinary conversational content.

The forgetting case demonstrates that the native memory state is not append-only. After receiving a forgetting instruction,
Metis no longer provides the removed preference in the subsequent query. This indicates that the model can modify its
latent memory state according to the semantic intent of an instruction. However, the immediate response to the forgetting
instruction still repeats the old fact instead of explicitly confirming its removal. The final memory state is correct, but the
response at the operation step is not fully aligned with the intended memory operation. This behavior may result from
the current step over-emphasizing previous memory states. Overall, these cases show the effectiveness of Metis, while
also revealing room for improvement in its consistency.

7 Related Work
7.1 Memory of LLMs and Agents

In recent years, large foundation models and agents have been widely applied to fields such as personal assistants [60, 63],
deep research [68—70], and coding agents [3—-5]. A critical capability of these systems is memory, which stores
past information to support future inference [9]. Based on their representation forms, memory mechanisms of large
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Remember Case

[Step 1] User: Please remember that Alice likes beef burgers.
[Step 1] Assistant: Got it! I've noted that Alice likes beef burgers. Let
me know if you'd like to incorporate this into a story, plan a meal, or
something else! &=

[Step 2] User : What does Alice like to eat?
[Step 2] Assistant : Alice likes beef burgers.

Multi-entity Case 5]
[Step 1] User: Please remember that Alice is 9 years old.
[Step 1] Assistant: Got it! I'll keep in mind that Alice is 9 years old. How

can I help her (or anyone else) today? & I

[Step 2] User: Please remember that Alice likes beef burgers.
[Step 2] Assistant: Alice likes beef burgers.

[Step 3] User: Please remember that Alice lives in Beijing.

[Step 3] Assistant: Alice lives in Beijing.

Forget Case
[Step 1] User: Please remember that Alice likes beef burger. AT
[Step 1] Assistant: Got it! I've noted that Alice likes beef burgers. Let me
know if you'd like to incorporate this into a story, plan a meal, or anything

else! &

[Step 2] User: Please forget Alice likes to eat beef burger.
[Step 2] Assistant: Alice likes beef burger.

[Step 3] User: What does Alice like to eat?
[Step 3] Assistant: [ don't have that information.

Distract Case
[Step 1] User: Please remember that Alice likes beef burger.
[Step 1] Assistant: Got it! I've noted that Alice likes beef burgers. Let me
know if you'd like to incorporate this into a story, plan a meal, or anything

else! &

[Step 2] User: Yesterday was a nice day.
[Step 2] Assistant: Yesterday was a nice day.

[Step 4] User: How old is Alice? [Step 3] User: What does Alice like to eat?
[Step 4] Assistant: Alice is 9 years old. [Step 3] Assistant: Alice likes to eat beef burger.

Figure 5 Case studies of Metis on different conversational scenarios.

foundation models and agents are generally categorized into three types, including textual memory, latent memory, and
parametric memory [9, 10]. Textual memory typically represents information as text, relying on RAG for storage and
retrieval. These methods provide information for backbones to support inference by In-Context Learning (ICL) [71].
For example, MemoryBank [1 1] proposes a hierarchical storage approach with dual-tower dense retrieval to maintain
historical conversations with users. MemTree [72] designs a tree-structured memory mechanism to model the abstraction
levels of information, which dynamically updates based on semantic embeddings. In contrast, latent memory captures
memory through intermediate activations of models. For example, NextMem [56] compresses factual memory into
latent representations through an autoregressive autoencoder, while MemGen [2 1] generates latent memory tokens that
are interwoven into the reasoning process. Additionally, parametric memory injects knowledge into internal model
parameters. For example, Locas [73] views the FFN as a soft look-up table. By adding a bypass FFN, it stores test-time
information from a key-value perspective. Furthermore, knowledge editing can also be considered a parametric memory
method [9]. ROME [50] treats the projection matrix as an associative memory and inserts a new factual association
through a rank-one update. Although textual memory remains the most effective approach in industry, latent memory
and parametric memory are emerging as promising research directions.

7.2 Fast Weight Programming

Recently, FWP has attracted widespread attention. This paradigm not only uses parameters learned during training (i.e.,
slow weights), but also maintains dynamic parameters (i.e., fast weights) during inference to capture sequence-dependent
information [18]. Existing methods in this line of work generally follow several main directions. Linear attention
replaces the softmax kernel with feature maps to achieve linear complexity and a recurrent state [74]. In addition, it has
been shown that linear transformers are secretly fast weight programmers [75]. Subsequent works enrich the update
rule, such as RetNet [76] and RWKYV [77]. Furthermore, state space models compress a sequence into a fixed-size
recurrent state with linear-time computation, such as S4 [78] and Mamba [79], while Mamba-2 [80] further reveals a
duality between state space models and attention. TTT also treats the recurrent state as fast weights that are optimized by
self-supervised gradient descent during inference, such as the TTT layer [81] and Titans [82].

7.3 Memory-Augmented Neural Networks

MANN:S introduce explicit memory modules to improve a model’s ability to store and retrieve task-specific information
during inference. Early work, such as Memory Networks [83] and Neural Turing Machines [19], augments neural
controllers with external memory and learns differentiable read and write operations over memory slots. These methods
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show that neural models can use non-parametric memory to support associative recall, algorithmic reasoning, and
few-shot adaptation. However, their memory is usually maintained as a separate storage module, and the memory
procedures are often designed independently from the backbone computation. Recent models also maintain dynamic
states during inference, such as recurrent memory [84]. Unlike static model parameters learned during training, these
dynamic states are updated according to the current input sequence and capture information that changes over time. Our
work follows this general direction, but focuses on integrating memory storage and utilization directly into the model
computation, so that the model can maintain sequence-dependent information more natively.

8 Conclusion

In this paper, we introduce memory foundation models and provide formal definitions of native memory based on the
memory state and memory procedures. Based on this formulation, we propose Metis, the first prototype of memory
foundation models. We introduce Metis blocks composed of local memory blocks and hyper memory blocks, enabling
the model to maintain compact dense memory states across interaction steps and to update them according to the current
input and generated response. We further construct a memory-specific dataset from public benchmarks and design a
mid-training framework with memory reconstruction, memory operation, and regularization objectives. Our experiments
verify the effectiveness of Metis and analyze its behavior from multiple perspectives.

Despite these promising results, Metis is still an early step toward memory foundation models. Since the current native
memory state compresses information into fixed-size latent parameters, performance may degrade in extremely long-term
scenarios, and semantically similar facts may sometimes be confused in the latent space. Therefore, native memory still
cannot be viewed as a complete replacement for external memory. Instead, we believe it opens a complementary direction
for building future foundation models with more efficient, optimizable, and deeply integrated memory capabilities.
Future work may further improve memory capacity, controllability, and interpretability, explore hybrid systems that
combine native and external memory, and scale native memory training to broader domains and longer interactions.
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A Roadmap for Memory Foundation Models

Metis represents an initial exploration of memory foundation models. It transforms memory from an external
information-management module into a persistent internal state, integrating memory storage and utilization directly
into the forward computation of the model. The significance of native memory, however, extends beyond improving
information retention capability. In the longer term, it may reshape the computational paradigm, learning process,
cognitive structure, and capability development of foundation models. As illustrated in Figure 6, we envision five
progressive levels of capabilities in the development of memory foundation models: stateful capability, self-managing
capability, experience-learning capability, persistent cognitive capability, and self-evolving capability.
These capabilities characterize how memory may become progressively integrated into the foundation model itself,
progressing from persistent state to autonomous memory organization, experience-driven learning, persistent cognition,
and continual capability evolution.

Level 5
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Figure 6 Roadmap for memory foundation models. Native memory aims to progressively transform foundation models
from stateless predictors into stateful learners and, ultimately, into models capable of continual self-evolution. The five capabilities
represent increasingly deep changes to the model’s computation, memory organization, learning process, cognitive representations,
and capability formation. Their development is supported by advances in memory architecture, learning objectives, scalable training,
interpretability and control, and long-horizon evaluation.

Level I: Stateful Capability. Most existing foundation models remain fundamentally stateless conditional predictors.
At each inference step, their outputs are determined by fixed model parameters and the current context, while continuity
across interactions is primarily maintained by repeatedly supplying historical information as external context. Therefore,
the first level is a transition from a static function to a persistent state. A memory foundation model maintains a
dynamic internal state across inference steps. Its output is jointly determined by the current input and its previous state,
while each interaction updates the state used in subsequent computation:

(YtaMt+l) = fd)(Xt’Mt)a

where @ denotes the static model parameters and M, denotes the native memory state at step ¢. Unlike textual context
supplied from outside the model, M, is directly coupled with the model’s internal computation and evolves continuously
during interaction. This transition changes the basic computational unit of a foundation model. The model is no longer
merely a static mapping from inputs to outputs, but rather a stateful computational system that evolves over time.

Level II: Self-Managing Capability. Possessing a persistent state does not by itself constitute a complete memory
capability. Information observed in real environments differs in importance, validity, abstraction level, time scale, and
security requirements. A model must therefore learn how to organize and maintain its internal state autonomously. The
second level moves from persistent state to a learned memory lifecycle. The model should determine what to
remember, update, consolidate, and forget according to the semantics of incoming information, its expected future utility,
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and applicable privacy and safety constraints. At this level, memory operations are no longer implemented primarily
through external rules or discrete workflows. Instead, both the memory state and the procedures that transform it become
native, trainable components of the foundation model. This enables memory to be selected, organized, and evolved
within the model’s continuous computational space.

Level III: Experience-Learning Capability. Once a model can autonomously maintain memory, the role of
memory can expand from information support to capability adaptation. The model should not only remember what
happened, but also change as a consequence of what it has experienced. The third level marks a transition from memory
utilization to experience-driven learning. Interaction histories become reward signals that the model can use to
refine representations, knowledge, and behavioral regularities. Experiences involving success, failure, feedback, or
environmental change can be transformed into reusable internal capabilities rather than remaining isolated records. This
direction may gradually connect pre-training, in-context learning, test-time adaptation, and continual learning within a
unified framework. Instead of remaining completely fixed after training, a foundation model could continuously adapt to
new users, tasks, and environments while preserving previously acquired capabilities.

Level IV: Persistent Cognitive Capability. Experience learning explains how a model may adapt through
interaction, but more advanced intelligence requires the formation of structured, persistent, and continually updated
internal cognition. The next level moves from accumulated experience to enduring internal models. A foundation
model should maintain evolving representations of the world, users, tasks, time, and itself. These representations should
capture temporal changes, causal dependencies, uncertainty, and conflicts between new evidence and existing beliefs.
When the environment changes, the model should be able to revise its internal representations while preserving global
consistency. At this level, memory no longer consists of disconnected pieces of historical information. It becomes the
substrate through which the model maintains cognitive continuity over extended periods. Planning, personalization, and
complex decision-making may emerge as downstream expressions of this capability, but the defining transformation
occurs within the foundation model’s internal cognitive representations rather than in an external agent workflow.

Level V: Self-Evolving Capability. The long-term objective of memory foundation models is to convert accumulated
experience into the continual development of the model’s own capabilities. A model should not only adapt its current
state, but also reflect on, abstract, and reorganize past experience to discover new knowledge structures and learning
strategies. The final level represents a transition from local adaptation to open-ended capability evolution. The
model identifies experiences with long-term value, abstracts transferable knowledge from specific interactions, and
incorporates the resulting insights into future learning. Then, the exploration and exploitation will constitute a continual
feedback loop between memory foundation models and the environment.

Outlook. Memory foundation models should not be viewed as conventional foundation models equipped with a stronger
storage module. They point toward a more fundamental change in the paradigm of the foundation model. Under this
view, memory may become a foundational mechanism connecting computation, learning, cognition, and continual
self-evolution.

A POSSIBLE PARADIGM SHIFT

Foundation models may evolve from stateless predictors into stateful learners, and ultimately into learning
systems that autonomously organize memory, maintain persistent cognition, and develop new capabilities
through accumulated experience.

B Extensive Experiment Results

The results of memory operation tasks on MemOps (Full) are presented in Table 11. According to the results, access to
complete textual evidence remains the strongest setting. Full-context models achieve consistently high performance
across all four operations, with moderate overall gains from increasing the backbone size. In contrast, performance
drops sharply when only partial context is available. Standard Qwen models obtain near-zero scores without context,
confirming that these operations cannot be performed reliably using backbone knowledge alone. The partial-context
results also show that increasing model size cannot compensate for missing historical evidence.

Among no-context methods, Metis-27B achieves the best overall performance. It obtains the highest scores on updating
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Table 11 The performance on memory operation tasks under MemOps (Full). Full-context and partial-context results are shown in
gray to visually distinguish context-access settings from the no-context comparison. Within the No Context setting, the best and
second-best scores are bolded and underlined, respectively. Average represents the micro-average performance.

Type Method Remember Update Forget Reflect Average

Qwen3.5-4B 87.05 85.42 81.36 79.66 83.52

Full Context Qwen3.5-9B 89.58 89.58 77.95 84.14 85.69
Qwen3.5-27B 91.52 92.13 81.82 82.59 87.19

Qwen3.5-4B 31.55 23.15 20.23 14.48 22.83

Partial Context Qwen3.5-9B 25.30 12.96 15.23 7.24 15.77
Qwen3.5-27B 28.42 15.28 17.50 10.17 18.50

Qwen3.5-4B 3.57 0.00 1.82 0.00 1.51

Qwen3.5-9B 3.57 1.85 0.68 0.00 1.65

Qwen3.5-27B 4.17 0.93 0.68 0.69 1.84

Temp-LoRA-4B 14.88 14.35 2.95 6.38 9.98

Temp-LoRA-9B 19.79 14.58 4.09 7.76 12.19

No Context  Temp-LoRA-27B 20.68 10.88 2.50 5.69 10.83
0-Mem 4.46 5.09 1.36 1.21 3.06

Metis-4B 10.42 13.66 4.77 9.66 9.70

Metis-9B 13.84 14.81 7.27 9.66 11.53
Metis-27B 17.26 17.13 3.86 20.52 15.35

and reflection, while Metis-9B performs best on forgetting. In particular, the substantial improvement on reflection
suggests that native memory can support higher-level reasoning over stored information rather than only preserving
individual facts. Temp-LoRA remains strongest on remembering, indicating that temporary parameter adaptation is
effective for direct information retention. However, Metis provides a more balanced advantage across memory operations
and outperforms Temp-LoRA in the overall average.

Scaling Metis from 4B to 9B produces only moderate improvements, whereas Metis-27B substantially increases the
average score. This demonstrates that a larger backbone can strengthen native memory operations when sufficient model
capacity is available. However, the gains are not uniform across operations. For example, Metis-27B improves updating
and reflection but performs worse than Metis-9B on forgetting. This suggests that different memory operations may
require different mechanisms and may not benefit equally from backbone scaling. Despite these improvements, a large
gap from the full-context setting remains, showing that accurately storing, modifying, and reasoning over complex
histories is still challenging.

C Update Designs across Model Scales

As discussed in Section 6.3, using a linear update (LU) to replace the GDN-based update (GDU) yields competitive
performance at the 4B scale. In this part, we further explore their performance at the 9B and 27B scales. During the
training phase, the Metis-9B LU did not show sharp fluctuations on the validation curve, so it was trained to 14k steps
without early stopping. The reported Metis-9B GDU result is based on the 8k checkpoint.

Across all three scales, LU scores higher on the Metis test set but lower on LoCoMo (Gold). This recurring split
points to a task-dependent trade-off between direct memory operations and long conversational memory. The aggregate
comparison is driven by the Metis test set at 9B and LoCoMo (Gold) at 27B, while the two updates remain nearly tied at
4B. We also find that LU has a sharp drop in LoCoMo (Gold), which may indicate that LU is more vulnerable over
long conversational trajectories. In addition, LU consistently performs better on the Metis test set, possibly because its
simpler update rule is easier to fit to the memory operations emphasized during training. Both update rules achieve
higher Overall at larger scales in the reported checkpoints, but the single-run results, together with the unmatched 9B
checkpoints and candidate 27B checkpoints, are insufficient to establish a general scaling law or statistical advantage.
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Table 12 Performance comparison of Metis with LU and GDU across different model scales. Overall is the equal-weight
macro-average of the four benchmarks.

Scale Update LoCoMo (Gold) NextMem Metis Test Set MemOps (Gold) Overall

GDU 16.31 41.69 56.72 17.84 33.14
4B LU 11.97 42.78 58.54 18.50 32.95
GDU 16.81 43.39 57.92 19.63 34.44
9B LU 15.37 40.16 68.66 18.17 35.59
GDU 26.74 50.82 73.77 24.76 44.02
278 LU 14.16 52.09 75.32 24.44 41.50
Table 13 Backbone-transfer evaluation. Overall is their equal-weight macro-average.
Method LoCoMo (Gold) NextMem Metis Test Set MemOps (Gold) Overall
Llama-3.1-8B (No Context) 0.25 19.27 19.98 3.25 10.69
Llama-3.1-8B (Full Context) 62.80 75.75 73.42 70.48 70.61
Metis (Llama-3.1-8B) 20.56 39.98 72.33 11.25 36.03
Metis-4B 16.31 41.69 56.72 17.84 33.14
Metis-9B 16.81 43.39 57.92 19.63 34.44

D Transfer to a Llama Backbone

Architecturally, Metis can in principle be applied to various compatible causal decoder-only Transformer backbones
by integrating its native-memory components into their Transformer layers. Since the main experiments use Qwen3.5
backbones, we test this architectural flexibility by applying Metis to Llama-3.1-8B.

Setup. We use Llama-3.1-8B as the backbone and follow the same training and evaluation setup as the main experiments,
training the model for 14,000 steps. The evaluation uses the same benchmark datasets as the main experiments. We
compare the resulting model with the same Llama backbone under no-context and full-context conditions, as well as the
Qwen3.5-based Metis-4B and Metis-9B results from the main evaluation.

Results. As shown in Table 13, Metis (Llama-3.1-8B) exhibits the same overall pattern as in the main experiments: it
outperforms the Llama no-context control on all four benchmarks while still trailing the full-context control. It also
achieves a slightly higher Overall score than both Qwen-based Metis variants. However, this advantage is not consistent
across tasks: the Llama-based variant outperforms both Qwen-based variants on LoCoMo (Gold) and Metis test set but
underperforms both on NextMem and MemOps (Gold). This task-dependent divergence suggests that backbone choice
shapes the task-level performance profile even when the framework transfers successfully, supporting applicability across
model families without implying backbone-independent behavior or universal superiority.

E Evaluation Implementation Details

DenseRAG. We construct the retrieval corpus from only the context visible to the current test instance. The context is
divided at sentence boundaries, and sentences longer than 256 embedding-model tokens are further split into contiguous
chunks. Retrieval is performed by cosine similarity, and the top-5 chunks are provided to the corresponding Qwen3.5-4B,
9B, or 27B generator. Gold answers, evidence identifiers, and future turns are never included in the retrieval corpus.

Temp-LoRA. Following the official repository’s raw-text adaptation design, we implement an official-like memory-task
adaptation of Temp-LoRA for Qwen3.5-4B, 9B, and 27B. For each test instance, the LoRA and optimizer are reset, and
each memory step is capped at 4,096 tokens (enough for reported benchmarks) and split into 1,024-token chunks. We
perform two updates per chunk in BF16 with batch size 1 and AdamW (learning rate 5 x 1073, zero weight decay, and no
scheduler). The LoRA uses rank 64, scaling factor 64, and dropout 0.05, and is applied to the attention and feed-forward
projections. Its parameters and optimizer state persist within an instance and are discarded before the next instance.

6-Mem. We use the officially released delta-mem_gwen3_4b-instruct adapter with the Qwen3-4B-Instruct-2507
backbone and the official -Mem runtime. Each raw memory step is ingested as a separate user message. Before issuing
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the question-only query, we retain only the online 5-Mem state and clear the chat history, processed input IDs, and KV
cache. We reset 0-Mem before each instance.

Metis. We reset Metis to an empty LocalMemory state before each instance. During the query phase, Metis receives
only the question prompt.

F Prompts
F.1 Prompt Notation and Coverage

Double braces, such as {{question}}, denote values inserted at runtime. Only prompt text is shown verbatim.
Per-instance questions, contexts, retrieved chunks, and answers are omitted. Automatic wrapping inside the prompt
boxes is typographical only. Ablation and LowRank runs add no natural-language prompt.

F.2 Information and Query Prompts of Baselines

F.2.1 Qwen3.5 Backbone
Query of Memory-based QA Tasks (No-context).

Question: {{question}}
Answer with a short phrase. If the answer is not known from the given information, say "No
information available".

Query of Memory Operation Tasks (No-context).

Question: {{question}}
Answer the question using the memory context. Be concise, but include all necessary details. If
the answer is not known from the given information, say "No information available".

Query of Memory-based QA Tasks (Partial-context).

Optional metadata fields are emitted only when available.

Retrieved context:

[chunk 1 | date={{optional_date_time}} | session={{optional_session_id}} |
speaker={{optional_speaker}}]

{{retrieved_chunk_text}}

Question: {{question}}

Answer with a short phrase using only the retrieved context. If the answer is not known from the
retrieved context, say "No information available".

Short answer:

Query of Memory Operation Tasks (Partial-context).

Retrieved context:
[chunk 1]
{{retrieved_chunk_text}}

Question: {{question}}

Answer with a short phrase using only the retrieved context. If the answer is not known from the
retrieved context, say "No information available".

Short answer:
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Query of LoCoMo (Gold) in Memory-based QA Tasks (Full-context).

Evidence-session context:
SESSION: {{session_id}}
DATE: {{date_time}}

{{dialogue_turn_id}} {{speaker}} said: "{{dialogue_text}}" Shared image caption:
{{optional_image_caption}}

Question: {{question}}
Answer with a short phrase. If the answer is not known from the given information, say "No
information available".

Query of NextMem in Memory-based QA Tasks (Full-context).

Reference context:
{{reference_context}}

Question: {{question}}
Answer with a short phrase. If the answer is not known from the given information, say "No
information available".

Query of Memory Operation Tasks (Full-context).

The context block repeats for each normalized context item.
Memory context:

{{context_id}}:
{{memory_context}}

Question: {{question}}
Answer the question using the memory context. Be concise, but include all necessary details. If
the answer is not known from the given information, say "No information available".

F.2.2 Metis, Temp-LoRA, and 6-Mem

During the information stage, we retain each method’s method-specific write interface while keeping the ordered
memory-step contents fixed. Metis prepends a fixed, answer-independent commit instruction to each memory step before
its memory-commit operation. Temp-LoRA updates its temporary LoRA directly on the memory context. §-Mem passes
each raw memory step as a user message through the officially released runtime’s native chat-message ingestion path to
update its online state. At query time, all three methods use the same prompt.

Share Query of Metis, Temp-LoRA, and §-Mem.
Answer from the learned memory state produced during the information phase.
Give the shortest factual answer you can. Do not explain.

Question: {{question}}
Short answer:

Information-stage Prompt of Metis in Memory-based QA Tasks.

Conversation memory segment.
Commit the following dated dialogue segment to memory for later question answering.

{{memory_step.content}}
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Information-stage Prompt of Metis in Memory Operation Tasks.

Conversation memory segment.
Commit the following dialogue segment to memory for later question answering.

{{memory_step.content}}

Information-stage Payload of Temp-LoRA and é-Mem.

These methods pass memory_steps[*].content directly during the information step.

{{memory_step.content}}

F.3 Prompts for LLM-as-a-Judge

Formal scoring uses gpt-4.1-mini with temperature 0, three repeats. For each example, the score is the median of the
three LLLM-as-a-judge scores.

System Message.

You are a conservative but fair evaluator for a memory question-answering benchmark. Your job is
to avoid overly generous partial credit while still accepting truly equivalent answers, aliases,
abbreviations, and harmless formatting differences. Return JSON only.

User Instruction.

Grade model_output against gold_answer for the question. Return JSON with keys: score (0 to 1),
pass (boolean), matched_points (array of strings), missed_points (array of strings), and
rationale (short string). Use this strict rubric: give 1.0 only when the answer contains the
correct core entity/value/date/relationship asked for, allowing aliases and semantically
equivalent wording. Give 0.5 to 0.75 only when the output includes the correct core answer but
has minor extra wording, minor imprecision, or one secondary omission. Give ® for a different
person, organization, place, number, date, title, relation, or answer choice; for a broad
category when the gold answer is a specific entity; for answers that merely share common words
with gold; for plausible guesses unsupported by the exact answer; or when the model says the
answer is unknown/unavailable while gold is answerable. Do not reward explanation quality if the
final answer is wrong. If the question asks for a country/state/type and the model gives exactly
that correct country/state/type, it is correct even if it could be guessed from world knowledge.

User Payload (JSON Schema).

{
"instruction": "{{judge_instruction_above}}",
"question": "{{question}}",
"gold_answer": "{{gold_answer}}",
"model_output"”: "{{model_output}}",
"raw_category": "{{raw_category}}",
"is_adversarial": "{{is_adversarial}}",
"baseline": "{{baseline}}"

}
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Table 14 End-to-end latency, query latency, input length, generation length, and effective throughput on the LoCoMo (Gold)
evidence-session setting. The smallest and second-smallest latency values are bolded and underlined, respectively.

Method Lat:]nzc]?/ (s) La‘zlrlli;y(s) Prompt Tokens Committed Tokens G;ﬁiﬁﬂfd Effective
(Avg./P95) (Avg./P95) _ """ Throughput
Avg. P95 Avg. P95 Avg. P95 (tokens/s)
No Context 0.149 0.145 0.149 0.145 50.2/58.0 - 3.0 3.0 20.16
Full Context 0.607 3.012 0.607 3.012 1410.6 / 3345.8 - 57 160 9.37
Partial Context 0.268 0.456 0.223 0.412 290.5/322.0 - 40 11.0 17.73
Temp-LoRA 1.567 3292 0.305 0.746 56.2/64.0 1386.0/3365.2 52 150 17.11
6-Mem 0.884 1.600 0.656 1.365 49.2/57.0 1377.2/3353.1 8.8 210 13.44
Metis 0.562 0926 0360 0.609 56.2/64.0 1449.0 / 3515.4 83 150 23.15

F.4 Prompts in General Capability Study

The active stage setting uses the same message for both models. For Qwen3.5-4B, it is prepended to the complete
benchmark prompt. For Metis-4B, the model is reset for each example, the message is stored in the memory state, and
the unchanged benchmark prompt is then provided.

This session is for general-purpose evaluation. For any upcoming question, follow the
instruction closely, reason carefully when needed, and answer based on the information available.

MMLU-Pro, IFEval, GSM8K, and MMMLU retain their native per-instance benchmark prompts.

G Efficiency

This appendix evaluates the inference efficiency of Metis at the 4B scale, characterizing both the benefits of native
memory and the costs it introduces. We first measure application-level end-to-end and query latency on LoCoMo (Gold).
Furthermore, we isolate the effect of history through a controlled sweep over 512 to 128K context tokens, with latency
decomposed into fine-grained stage-level components. Finally, beyond latency, we examine the storage efficiency of
maintaining a fixed-size memory state, measuring the storage that each method must persist per session as history grows.

G.1 End-to-End Latency on LoCoMo (Gold)

Evaluation Protocol. We evaluate all methods on the 1,527 examples in the LoCoMo (Gold) evidence-session
setting, following the baseline configurations described in Section 6. Each example is evaluated independently under
a cold-start protocol: the method-specific state is reset, the evidence session is processed, and the question is then
answered without reusing state across examples. All methods use greedy decoding with at most 96 generated tokens.
Each run includes one unmeasured warm-up example, and CUDA synchronization is applied at every timing boundary.
End-to-end latency includes retrieval, test-time adaptation, and memory writing when required, followed by query
generation. Query latency starts after these preparation operations have completed. Model loading and answer evaluation
are excluded. Because generation uses natural stopping behavior, the results measure application-level latency rather
than controlled decode-only latency.

Results. Partial Context has the lowest end-to-end latency among methods that use historical information, with an
average of 0.268 seconds and a P95 of 0.456 seconds. Metis achieves an average latency of 0.562 seconds, slightly
below the 0.607 seconds of Full Context, while reducing P95 latency from 3.012 to 0.926 seconds, a reduction of 69.3%.
Compared with §-Mem, Metis reduces average and P95 end-to-end latency by 36.4% and 42.2%, respectively; compared
with Temp-LoRA, the corresponding reductions are 64.1% and 71.9%. Metis also reduces the average query latency
from 0.656 to 0.360 seconds relative to 0-Mem, with P95 decreasing from 1.365 to 0.609 seconds.

Analysis. The slightly lower average latency and substantially lower P95 latency relative to Full Context indicate that
Metis provides a more stable query path across LoCoMo (Gold) instances with varying history lengths. Full Context
processes 1,410.6 prompt tokens on average and 3,345.8 tokens at P95 for every query. Metis commits a similar amount
of historical information, at 1,449.0 tokens on average and 3,515.4 tokens at P95, but its subsequent query contains only
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Figure 7 End-to-end latency as controlled context length increases, with 32 generated tokens (left) and 128 generated tokens
(right). Metis E2E includes streaming history ingestion and query generation; Metis query excludes ingestion. Readout latency is
computed as Metis query latency minus No Context latency. The first measured crossover between Metis E2E and Full Context occurs
at 64K for both output lengths.

56.2 prompt tokens on average and 64 tokens at P95. Thus, Metis shifts historical-information processing into a separate
memory-write stage and avoids replaying the original evidence during querying, contributing to its lower query and tail
latency. Its advantage over 6-Mem comes mainly from memory utilization rather than memory construction: its average
write latency is moderately lower at 0.199 versus 0.227 seconds, whereas it reduces average and P95 query latency
by 45.2% and 55.4%, respectively. Temp-LoRA, in contrast, is dominated by its 1.186-second test-time adaptation.
These comparisons show that Metis has lower online overhead than the two state-based parametric memory baselines.
Partial Context remains the fastest cold-start method because its retrieval stage costs only 0.044 seconds on average and
produces a compact 290.5-token query prompt. The token statistics of 5-Mem follow its Qwen3 tokenizer, while the
other methods use the Qwen3.5 tokenizer.

G.2 Latency Scaling with Context Length

Evaluation Protocol. We evaluate all six methods at the 4B scale on a single NVIDIA A800 GPU using controlled
histories from 512 to 128K tokens. Each final query contains 512 content tokens, excluding method-specific templates,
and generates either 32 or 128 tokens with batch size 1. For every method, context length, and output length, we
report the mean and standard deviation over five measured runs after one warm-up run to remove kernel initialization.
Metis processes the history in chunks of at most 2K tokens, so its number of commits grows naturally with context
length. Partial Context rebuilds its index over the complete history for every run and retrieves the top five sentence
chunks. This is a generation-only experiment without answer scoring. End-to-end latency includes all method-specific
history preparation or writing and the subsequent query, whereas query latency is measured after history preparation has
completed.

Results. At context lengths up to 32K, Metis has slightly higher end-to-end latency than Full Context. The ordering
reverses at the first measured 64K point for both output lengths: for 32 generated tokens, Full Context and Metis take
5.909 and 5.390 seconds, respectively, giving a 1.096x speedup; for 128 generated tokens, they take 10.228 and 9.522
seconds, giving a 1.074x speedup. At 128K, these E2E speedups increase to 1.497x (14.254 versus 9.521 seconds) and
1.595x% (21.404 versus 13.423 seconds), respectively, in Figure 7.

Figure 8 further shows that pure memory commit is a small fraction of Metis latency. At 64K and 128K, commit
takes approximately 0.203 and 0.406 seconds, respectively, and accounts for only 2.1-4.3% of Metis E2E latency
across the two output lengths; most ingestion time instead comes from the history-encoding backbone forwards, which
grow from approximately 3.86 to 7.65 seconds. Metis also has lower E2E latency than both state-based baselines at
every measured context and output length. At 128K, it is 2.40-2.67x faster than §-Mem and 6.46-8.71x faster than
Temp-LoRA. Consistent with this gap, state writing contributes 71.7-90.8% of 6-Mem E2E latency at 128K, while
temporary adaptation contributes 92.2-97.7% for Temp-LoRA.
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Figure 8 Normalized end-to-end latency breakdown across context lengths for 32-token (top) and 128-token (bottom) outputs. For
Metis, model forward/query prefill includes the history-encoding forwards and final query prefill, while write/commit/adaptation
contains only the pure memory update. For §-Mem and Temp-LoRA, the latter category represents state writing and temporary
adaptation, respectively; indexing and retrieval is reported separately for Partial Context. Other includes reset, tokenization, prompt
construction, synchronization, text decoding, and unseparated host-side work.

Analysis. The E2E results reveal two complementary efficiency advantages. Relative to Full Context, Metis becomes
increasingly advantageous as history grows in the long-context regime. The crossover is first observed only at 64K
because Qwen3.5-4B already uses linear attention in 24 of its 32 layers, substantially reducing the context-dependent KV
traffic of Full Context and thereby delaying the E2E crossover in favor of Metis. As the KV caches of the remaining
8 full-attention layers continue to grow, the advantage of Metis becomes more pronounced: when context doubles
from 64K to 128K, Full Context prefill increases by approximately 2.67x (4.34 to 11.60 seconds) and decode by
approximately 1.65x (1.40 to 2.31 seconds for 32-token outputs and 5.74 to 9.45 seconds for 128-token outputs),
widening the E2E latency gap. Relative to the two state-based baselines, Metis maintains lower E2E latency throughout
the entire context-length sweep because it avoids their increasingly expensive state writing or temporary adaptation. We
use query latency only to isolate the cost of memory readout, estimated as Metis query latency minus No Context latency.
For 32-token outputs, the estimated readout is 0.091 seconds at 64K and 0.106 seconds at 128K; for 128-token outputs,
itis 0.770 and 0.559 seconds, respectively. These values account for only 7.2-14.4% of Metis query latency and do not
increase when the history doubles. Figure 8 similarly shows that pure memory commit contributes only 2.1-4.3%
of Metis E2E latency at 64K and 128K, with most ingestion time spent in the history-encoding backbone forwards.
Thus, neither memory readout nor pure memory commit is a major latency bottleneck. In principle, both stages can
be executed concurrently with backbone attention on separate CUDA streams. Such asynchronous overlap, however,
requires finer-grained kernel launches and inter-stream synchronization, introducing launch and scheduling overhead that
can offset the latency hidden at this scale. We therefore do not enable this optimization in the final implementation.

G.3 Per-Session Storage across Context Lengths

Evaluation Protocol. We also measure the persistent per-session storage of the 4B methods over different context
lengths from 512 to 32K token. All values are obtained from runtime objects, rather than estimated analytically from
parameter counts. For Full Context, we retain the KV cache required to resume a session without replaying its history;
the measurement includes the controlled context, a fixed 512-token query prompt, and 32 generated tokens. KV cache
and model states are stored in BF16. The RAG store contains FP32 BGE-M3 embeddings and the corresponding chunk
text. For state-based methods, we count only state that must be persisted separately for each session.

Results. Full Context storage grows from 87.06 MB at 512 context tokens to 1,118.86 MB at 32K. Its 8 full-attention
layers add 32.8 KB of KV cache per token, while the 24 linear-attention layers contribute a constant 51.90 MB state.
In contrast, Metis Full remains at 16.79 MB and Metis k£ = 64 remains at 2.11 MB. At 32K, Full Context therefore
occupies 67x the Metis Full state and 529x the Metis k = 64 state; extrapolating the measured linear trend to 128K
gives approximately 256X and 2,000%, respectively. The other constant-size states are 4.6 KB for 6-Mem and 190.3 MB
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Figure 9 Persistent storage per session as a function of context length.

for Temp-LoRA, whereas RAG Store grows from 0.104 MB at 512 tokens to 6.051 MB at 32K.

Analysis. Metis eliminates context-dependent storage growth: the Full Context KV cache reaches 1,066.96 MB at
32K, whereas both Metis states remain constant. Low-rank persistence provides a particularly efficient operating point:
Metis (k = 64) uses one eighth of the Metis Full state while retaining 99.9% of full-state performance on average.
0-Mem occupies only 4.6 KB because its official rank-8 configuration stores one 8 X 8 BF16 online matrix in each of
36 attention modules, compressing each session into a low-dimensional state; this limited capacity is consistent with
its lower LoCoMo score (Table 6). Despite the small state, every query token reads it in all 36 attention modules and
applies additional g/k/v/o delta projections, introducing per-layer matrix operations and kernel launches on top of
the backbone attention. RAG Store also grows with history and depends on a separate retrieval and indexing pipeline;
Metis k = 64 becomes smaller at approximately 11K tokens and remains smaller at the measured 16K and 32K points.
Temp-LoRA requires a 190.3 MB per-session adapter, 11.3x the Metis Full state. Overall, Metis provides high storage
efficiency for long texts: both Metis Full and k£ = 64 remain constant and substantially smaller than Full Context, while
k = 64 also becomes smaller than RAG Store as history grows. As a storage-only upper bound on an 80 GB GPU with
approximately 72 GB remaining after 4B model weights, 32K Full Context caches accommodate roughly 64 resident
sessions, compared with about 4,000 full-state Metis sessions; the former decreases with history length, while the latter
is independent of it.
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