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Abstract001

Large Language Models (LLMs) excel at gen-002
eral language tasks but struggle in special-003
ized domains. Specialized Generalist Mod-004
els (SGMs) address this by preserving broad005
capabilities while adapting to target domains.006
However, existing architectures provide lim-007
ited support for task-guided specialized mem-008
ory mechanisms. In this work, we introduce009
Nirvana, an SGM featuring specialized mem-010
ory, linear-time complexity, and test-time task011
information extraction. Central to Nirvana012
are: (1) Task-Aware Memory Trigger (Trigger),013
which treats each input as a self-supervised014
fine-tuning task and adjusts task-related param-015
eters on the fly; and (2) Specialized Memory016
Updater (Updater), which dynamically consol-017
idates task-relevant context. Nirvana matches018
or surpasses LLM baselines on general bench-019
marks and achieves the lowest perplexity across020
specialized domains including biomedicine, fi-021
nance, and law. On the challenging task of022
Magnetic Resonance Imaging (MRI), we at-023
tach lightweight codecs to the frozen Nirvana024
backbone and fine-tune them on paired k-space025
signals and images. Nirvana achieves higher-026
fidelity reconstructions than conventional LLM-027
based models, with Trigger providing effective028
domain-specific adaptation. Ablation studies029
confirm that removing Trigger leads to substan-030
tial degradation across all tasks, underscoring031
its essential role in task-aware specialization.032

1 Introduction033

Large Language Models (LLMs) have significantly034

advanced general language processing, but still035

have limitations in specialized tasks (Jimenez and036

Yang, 2023; Guha et al., 2023; Srivastava, 2022;037

Liang and Bommasani, 2022). For instance, while038

an LLM can describe the rules of the game of Go, it039

struggles to match the deep, domain-specific strate-040

gic reasoning of expert Go programs like AlphaGo.041

To solve this problem, Specialized Generalist Mod-042

els (SGMs) (Zhang et al., 2024) are proposed to043

retain broad, generalist capabilities while achiev- 044

ing expert-level performance in at least one (and 045

ideally multiple) specialized domains. SGMs play 046

a pivotal role in real deployments, e.g., medicine 047

and other safety-critical workflows, which demand 048

both general reasoning ability and domain-expert 049

inference accuracy, together with verifiable use of 050

external knowledge and tools (Wang and Sun, 2025; 051

Lewis et al., 2020; Schick et al., 2023; Yao et al., 052

2023). 053

Specifically, the specialized memory mechanism 054

of SGMs requires that models can identify the task 055

information on the fly and then adapt their internal 056

pathways and memory use, explicit retrieval and 057

non-parametric memory (Fedus et al., 2021; Lep- 058

ikhin et al., 2020; Jiang et al., 2024; Lewis et al., 059

2020; Borgeaud et al., 2022; Khandelwal et al., 060

2019; Wu et al., 2022), as well as the ability to 061

dynamically choose the methodology to memorize. 062

Diverse memory mechanisms have been explored 063

to capture, store, and adapt contextual information, 064

which is summarized in Table 1. However, exist- 065

ing LLM architectures still exhibit limitations in 066

supporting flexible and specialized memory mech- 067

anisms, and it remains an open question how mem- 068

ory mechanism can be adaptively adjusted in a 069

task-specific manner during test time. 070

To answer this question, we propose a novel 071

SGM called Nirvana, which realizes specialized 072

and non-linear memory mechanism with dynamic 073

decay and second-order information. We propose a 074

Task-Aware Memory Trigger (Trigger), which en- 075

ables dynamic self-supervised fine-tuning to adapt 076

to domain shifts. By turning each incoming sample 077

into a learning task, Trigger continuously refines 078

the model’s fast parameters on the fly, boosting ro- 079

bustness under varying data conditions. We also de- 080

sign a Specialized Memory Updater (Updater) that 081

dynamically memorizes the context under the guid- 082

ance of Trigger. In experiments, Nirvana matches 083

or surpasses strong LLM baselines on standard 084
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Model
Dynamic
Decay

Non-
Linearity

Local
Optimum

Specialized
Memory

Memory Update
Operation

Attention ✓ ✓ M t = M t−1 ∪ {(kt,vt)}
SWA ✓ ✓ M t = (M t−1\ {(kc,vc)}) ∪ {(kt,vt)}
Naive Linear Attention M t = M t−1 + vtk

⊤
t

DeltaNet M t =
(
I − βtktk

⊤
t

)
M t−1 + βtvtk

⊤
t

Longhorn M t =
(
I − δtktk

⊤
t

)
M t−1 + δtvtk

⊤
t

RetNet/Lightning M t = αM t−1 + vtk
⊤
t

GLA ✓ M t = Diag (αt)M t−1 + vtk
⊤
t

HGRN2 ✓ M t = Diag (at)M t−1 + vt(1− at)
⊤

Mamba2 ✓ M t = αtM t−1 + βtvtk
⊤
t

PolySketchFormer ✓ M t = M t−1 + vt

(
k⊤
t

)p
TTT ✓ M t = M t−1 − ηt∇ℓ (M t−1(kt),vt)

RWKV-7 ✓ M t =
(
Diag (αt)− βtktk

⊤
t

)
M t−1 + βtvtk

⊤
t

Gated DeltaNet ✓ M t = αt

(
I − βtktk

⊤
t

)
M t−1 + βtvtk

⊤
t

Titans/Miras ✓ ✓
M t = αtM t−1 + St

St = ηtSt−1 − ηt∇ℓ (M t−1(kt),vt)

Nirvana ✓ ✓ ✓ ✓
M t = γt{αt(I − βtktk

⊤
t )M

LA
t−1 + βtvtk

⊤
t }

∪ ηt{
(
MSWA

t−1 \ {(kc,vc)}
)
∪ (kt,vt)}

Table 1: A summary of some modern LLM architectures. We compare them based on 4 characteristics: Dynamic
Decay: adaptively forget memory about the past; Non-Linearity: beyond linear algebra operations such as matrix
multiplications; Local Optimum: extract the second-order information about tokens; Specialized Memory: adaptively
memorize the context according to the task information.

general-language benchmarks, while achieving the085

lowest perplexity across specialized domains in-086

cluding biomedicine, finance, and law. On the087

challenging task of Magnetic Resonance Imaging088

(MRI), we attach lightweight codecs to the frozen089

Nirvana backbone and fine-tune them on paired k-090

space signals and images, achieving higher-fidelity091

reconstructions than conventional LLM-based mod-092

els. In this setting, Trigger enables Nirvana to cal-093

ibrate itself to the distribution of k-space signals094

and MRI images, yielding diagnostic-quality re-095

constructions and accurate clinical reports. This096

unified approach of Trigger and Updater obviates097

the need for extensive domain-specific model back-098

bone retraining, saving valuable time and data re-099

sources. By seamlessly fusing broad linguistic100

intelligence with rapid, on-the-fly specialization,101

Nirvana ushers in a new class of general-to-special102

SGMs.103

2 Related Work104

Hybrid Attention–Recurrent Architectures105

Recent work explores hybrid designs combining106

attention with recurrent architectures for long-107

context modeling. Samba (Ren et al., 2024)108

alternates Mamba with sliding-window attention109

to enable efficient sequence processing, though110

its fixed structure may limit adaptability. Jamba111

(Lieber et al., 2024; Team et al., 2024) introduces112

a Transformer–Mamba hybrid with MoE-style113

routing to achieve high throughput on long 114

contexts, but relies on static gating and layer 115

placement. Gated DeltaNet (Yang et al., 2025) 116

integrates gated recurrent updates into hybrid 117

architectures (H1/H2), improving extrapolation 118

and reasoning, but introduces additional inference 119

overhead. 120

TTT and Meta-Learning Test-time training 121

(TTT) (Sun et al., 2024) enables instance-wise 122

adaptation via self-supervised updates during infer- 123

ence, improving robustness to distribution shift but 124

incurring additional computation. Meta-learning 125

methods (Vanschoren, 2019; Vettoruzzo et al., 126

2024) aim to acquire fast adaptation mechanisms 127

but often struggle to generalize to streaming or 128

per-sample settings. Online meta-learning (Finn 129

et al., 2019) extends to continual learning scenar- 130

ios, though it is not designed for efficient test-time 131

self-supervision. Building on these directions, Nir- 132

vana introduces a Trigger module that frames each 133

test instance as an implicit self-supervised task, 134

enabling lightweight adaptation under distribution 135

shift with reduced overhead. 136

3 Method 137

To support specialized memory, we introduce a 138

two-branch architecture operating at complemen- 139

tary levels. The Trigger branch captures abstract 140

task signals, while the Updater branch adaptively 141

encodes task-specific context. The two interact 142
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Figure 1: Visualization of Nirvana’s architecture. Updater employs conditional interpolation between SWA and
linear attention, which can use any architecture from the 3-rd to the last but not least line in Table 1. Trigger extracts
fast parameters pl

i to update f(·;W l
i) and generates task-related information cli as the condition of Updater.

across layers, with Trigger conditioning Updater to143

interpolate between SWA and linear attention. Fig-144

ure 1 presents the overall architecture of Nirvana.145

3.1 Specialized Memory Updater146

SWA excels at modeling fine-grained information147

and local dependencies within a bounded context148

(Vaswani et al., 2017), while linear attention en-149

ables accurate global information modeling of long150

sequences (Yang et al., 2025). Therefore, Updater151

is proposed to combine the advantages of both mod-152

ules. We employ SWA instead of the full atten-153

tion, such that the computational complexity of154

the model only grows linearly with the length of155

the input sequence. With the aim of sharing the156

majority of parameters across the network, we use157

shared QKV projection matrices for SWA and lin-158

ear attention. In order to learn the discrepancy159

of query, key, and value between the two modules160

with small computation overhead and few learnable161

parameters, we use a dimension reduction repre-162

sentation with low rank linear projection indepen-163

dently added before SWA. Denote q′li, k
′l
i, and v′l

i164

as the outputs of low rank linear projection, where165

the superscript l and the subscript i denote the l-th 166

layer and the i-th token throughout this paper. We 167

add q′li, k
′l
i, and v′l

i to the original counterparts to 168

yield the query, key, and value of SWA. 169

3.2 Task-Aware Memory Trigger 170

The process of memory-related parametric learn- 171

ing can be viewed as compressing a massive train- 172

ing set into the weights of a model. This process 173

of compression into the weights involves captur- 174

ing the essence of the data that the model has 175

been trained on. In conventional frameworks, the 176

model’s weights are shared across different tokens. 177

However, Nirvana introduces a novel methodology 178

that tailors the fast weights specifically for different 179

layers and different tokens through Trigger. 180

In order to facilitate the continuous flow of task- 181

related information across various layers, we pro- 182

pose Trigger, which updates the fast weights by 183

extracting the task in the context. Besides, we de- 184

sign a novel mechanism that allows the tokens not 185

to share the same fast weights, such that the model 186

can avoid information leakage during the training 187

process. Specifically, the tokens have individual 188
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fast hyper-parameters pl
i that are implicitly deter-189

mined by the task information. In order to map190

pl
i to the fast weights of a neural network, we ex-191

tract the tokens’ individual fast weights from a fast192

weight bank W bank, which is shared across differ-193

ent layers and different tokens. Generally, the fast194

weights are denoted by W l
i, which are generated195

from pl
i and W bank via a predefined function as:196

W l
i = g(pl

i;W
bank). (1)197

Note that the generation of fast weights is condi-198

tional on both the layer and the token, allowing199

for a more granular control of the learning process200

across the network. Besides, the dimension of pl
i201

should be much lower than W l
i, which ensures202

efficient parameter transfer across layers.203

To extract the abstract task-related information,204

we employ linear layers to compute the query, key,205

and value of Trigger, denoted by q̃li, k̃
l
i, and ṽl

i,206

respectively. For computational efficiency, q̃li, k̃
l
i,207

and ṽl
i have a relatively low dimension compared to208

the dimension of hidden states. The task extraction209

process can be formulated as:210

cli = f(q̃li;W
l
i), (2)211

where f(q̃li;W
l
i) is a meta function modeled by212

a neural network that takes q̃li as input and uses213

W l
i as the network’s test-time-changeable parame-214

ters. In order to update the fast parameters pl
i, we215

propose the Cross-Layer Online Gradient Descent216

(CL-OGD) algorithm. CL-OGD guides Nirvana to217

update f(·;W l
i) at the test time by minimizing the218

following loss function:219

Ll
i = ∥f(k̃l

i;W
l
i)− ṽl

i∥22. (3)220

Since the parameters of f(·;W l
i) are decided by221

pl
i according to Equation 1, updating f(·;W l

i) in222

CL-OGD is equivalent to updating the fast param-223

eters pl
i at the test time, which can be formulated224

as:225

∆pl
i =

∂Ll
i

∂W l
i

∂W l
i

∂pl
i

=
∂Ll

i

∂W l
i

∂g(pl
i;W

bank)

∂pl
i

,

(4)

226

pl
i = pl−1

i − ηli∆pl
i, (5)227

where ηli is the adaptive online learning rate, de-228

fined as ηli = ηref σ(θ
⊤
l h

l
i) with θl denoting a229

learnable projection vector and hl
i denoting the230

hidden state before QKV projection. The function231

σ(·) denotes the Sigmoid function, and ηref is a 232

reference learning rate. In Nirvana, task-relevant 233

information in the hidden states is extracted only 234

after several prelude layers. Accordingly, in the 235

first post-prelude layer, p0
i is initialized as an all-1 236

vector for each token. 237

Since the hidden states vary in magnitude 238

in different layers, we use Layer Normaliza- 239

tion (LN) in f(x;W ) for better stability. To 240

realize the relatively low computational com- 241

plexity, f(x;W ) contains a linear layer, an 242

LN operation, and a residual connection, i.e., 243

f(x;W ) = x + LN(flinear (x;W )) = x + 244

LN (W linearx+ blinear ). For the simplicity of cal- 245

culation and for the ease of back propagation, we 246

design a weight sharing mechanism that allows for 247

the reuse of the same weight across different lay- 248

ers and tokens. The weight sharing mechanism 249

is implemented through a learnable weight bank 250

W bank that stores the shared weight parameters 251

across different layers and tokens. The function 252

g(pl
i;W

bank) is formulated as: 253

g(pl
i;W

bank) =

K∑
k=1

pl
i(k)W

bank(k), (6) 254

where pl
i(k) denotes the k-th element of pl

i and 255

W bank(k) denotes the k-th block of W bank, respec- 256

tively. Compared to the hidden states hl
i, p

l
i has a 257

much smaller dimension (e.g., K = 64), enabling 258

efficient parameter transfer across layers. Besides, 259

pl
i is updated according to Equation 4 with the gra- 260

dient computed as: 261

∂g(pl
i;W

bank)

∂pl
i

= [vec{W bank(1)}, 262

. . . , vec{W bank(K)}]. (7) 263

Since task information is inherently high-level 264

and difficult to extract within the early layers of Nir- 265

vana, we designate the first Npre layers as prelude 266

layers, which operate without the Trigger and are 267

not involved in task-information extraction. These 268

prelude layers use only linear attention, while SWA 269

is introduced in the subsequent post-prelude lay- 270

ers. Because standard linear attention architectures 271

(e.g., Gated DeltaNet, Mamba2) are already capa- 272

ble of capturing position-dependent structure in the 273

input sequence (Yang et al., 2025), there is no need 274

to apply Rotary Positional Embedding (RoPE) (Su 275

et al., 2024) before SWA. Incorporating RoPE at 276
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Model
Wiki. LMB. LMB. PIQA Hella. Wino. ARC-e ARC-c SIQA BoolQ Avg.
ppl ↓ ppl ↓ acc ↑ acc ↑ acc_n ↑ acc ↑ acc ↑ acc_n ↑ acc ↑ acc ↑ ↑

Transformer++ 18.53 18.32 42.60 70.02 50.23 53.51 68.83 35.10 40.66 57.09 52.25
RetNet 19.08 17.27 40.52 70.07 49.16 54.14 67.34 33.78 40.78 60.39 52.02
HGRN2 19.10 17.69 39.54 70.45 49.53 52.80 69.40 35.32 40.63 56.66 51.79
Mamba 17.92 15.06 43.98 71.32 52.91 52.95 69.52 35.40 37.76 61.13 53.12
Mamba2 16.56 12.56 45.66 71.87 55.67 55.24 72.47 37.88 40.20 60.13 54.89
DeltaNet 17.71 16.88 42.46 70.72 50.93 53.35 68.47 35.66 40.22 55.29 52.14
Gated DeltaNet 16.42 12.17 46.65 72.25 55.76 57.45 71.21 38.39 40.63 60.24 55.32
Samba 16.13 13.29 44.94 70.94 53.42 55.56 68.81 36.17 39.96 62.11 54.00
Gated DeltaNet-H1 16.07 12.12 47.73 72.57 56.53 58.40 71.75 40.10 41.40 63.21 56.40
Gated DeltaNet-H2 15.91 12.55 48.76 72.19 56.88 57.77 71.33 39.07 41.91 61.55 56.18

Nirvana-noTrigger 16.60 12.25 49.40 73.12 57.43 59.27 68.80 37.84 41.50 54.68 55.26
Nirvana (Ours) 16.05 11.56 50.37 73.67 58.25 59.48 69.92 39.51 41.62 59.27 56.51

Table 2: Language modeling and zero-shot common sense reasoning performance of 1.3B models.

this stage would introduce unnecessary computa-277

tion and could weaken the model’s ability to extrap-278

olate to context lengths beyond those seen during279

training. Additional experiments and comparisons280

regarding RoPE are provided in Appendix C.281

The outputs of the SWA and the linear attention282

module are integrated by a conditional interpola-283

tion mechanism. Let the output of the SWA module284

be denoted by al
i and the output of the linear at-285

tention module be denoted by bli. The conditional286

interpolation mechanism is defined as287

vli = tlia
l
i + (1− tli)b

l
i + ζ(al

i, b
l
i, c

l
i), (8)288

where tli ∈ (0, 1) is a task-dependent scalar that289

controls the interpolation between the outputs of290

the two modules. Specifically, tli is computed as291

tli = σ(u⊤
l c

l
i), where ul is a learnable projection292

column vector. Besides, ζ(al
i, b

l
i, c

l
i) adds a non-293

linear supplement to the conditional interpolation.294

Specifically, ζ(al
i, b

l
i, c

l
i) is a two-layer MLP with295

Swish activation function, and maps the concatena-296

tion of al
i, b

l
i, c

l
i to a vector at the same length of al

i.297

In order to make the number of the parameters in298

ζ(al
i, b

l
i, c

l
i) relatively small, the length of the hid-299

den layer in ζ(al
i, b

l
i, c

l
i) is 1/8 of the length of al

i.300

The output of the conditional interpolation module,301

vli, is then passed into the subsequent RMSNorm302

and Feed-Forward Network (FFN).303

4 Experiments304

In experiments, we employ Gated DeltaNet (Yang305

et al., 2025) in the linear attention part of Nir-306

vana, due to the outstanding performance of Gated307

DeltaNet in language modeling tasks. We train Nir-308

vana from scratch with a training context window309

of length 4096 and a global batch size of 0.5M310

tokens. We use a model size of 1.3B parameters 311

and train the model on 100B tokens sampled from 312

the FineWeb dataset (Penedo et al., 2024). The 313

window length of SWA in Updater is set as 2048. 314

We employ the AdamW optimizer (Loshchilov and 315

Hutter, 2017) and a hybrid learning rate schedule 316

of linear warm-up (the first 1B tokens) followed 317

by the cosine decay, reaching a peak learning rate 318

of 4 × 10−4. We utilize the LLaMA-2 tokenizer 319

with a vocabulary size of 32,000. Training is con- 320

ducted on 64 NVIDIA A800 GPUs. In evaluation, 321

perplexity (ppl), accuracy (acc), and normalized 322

accuracy (acc_n) are measured with held-out test 323

data on 8 NVIDIA A800 GPUs. We also conduct 324

the ablation study, where Nirvana-noTrigger refers 325

to the Nirvana model without Trigger extracting 326

the task-related information. 327

4.1 General Language Modeling 328

4.1.1 Performance Comparison 329

In Table 2, we report the models’ language model- 330

ing performance using ppl on 2 datasets: Wikitext 331

(Wiki.) and LAMBADA (LMB.), and we also eval- 332

uate the models’ zero-shot common sense reason- 333

ing performance using acc and acc_n on 8 datasets: 334

LAMBADA (LMB.), PIQA, HellaSwag (Hella.), 335

WinoGrande (Wino.), ARC-easy (ARC-e), ARC- 336

challenge (ARC-c), SIQA, and BoolQ. On Wiki. 337

dataset, Nirvana achieves a ppl of 16.05, which is 338

slightly higher than the SOTA model (15.91, Gated 339

DeltaNet-H2). Notably, on LMB. dataset, Nirvana 340

achieves a ppl of 11.56, which is better than the 341

SOTA model (12.12, Gated DeltaNet-H1). On com- 342

mon sense reasoning tasks, Nirvana outperforms all 343

the other models and achieves the highest accuracy 344

on LMB., PIQA, Hella., and Wino. datasets. The 345
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Model
S-NIAH-PK S-NIAH-N S-NIAH-W

Avg.
2K 4K 8K 2K 4K 8K 1K 2K 4K

Transformer++ 100.0 100.0 62.6 100.0 100.0 59.4 100.0 100.0 98.6 91.2
Mamba2 98.6 61.4 31.0 98.4 55.8 14.2 62.2 42.2 4.2 52.0
DeltaNet 96.8 98.8 98.6 47.2 15.4 12.8 85.2 46.2 20.0 57.9
Gated DeltaNet 89.8 91.4 90.0 99.2 91.8 26.4 86.4 82.6 24.4 75.8
TTT 98.4 98.8 98.0 60.2 36.6 10.2 85.8 78.8 28.0 66.1
Samba 98.8 98.0 97.4 98.8 98.6 96.2 97.4 96.8 90.0 96.9
Gated DeltaNet-H2 99.2 97.8 97.4 98.0 97.8 96.2 98.0 97.4 96.8 97.6

Nirvana-noTrigger 99.6 99.6 99.0 99.8 99.8 98.8 99.0 97.4 94.8 98.6
Nirvana (Ours) 100.0 100.0 100.0 100.0 100.0 99.6 98.8 97.8 95.4 99.1

Table 3: S-NIAH performance of 1.3B models. S-NIAH-PK, S-NIAH-N, and S-NIAH-W are 3 tasks for single
pass-key retrieval in a haystack, single number in a haystack, and single word in a haystack, respectively. All models
are trained with 4K context length.

performances of Nirvana on ARC-e, ARC-c, SIQA,346

and BoolQ are slightly worse than the SOTA mod-347

els, but are still comparable. Moreover, Nirvana348

achieves the highest average accuracy on common349

sense reasoning tasks. In ablation study, the perfor-350

mance of Nirvana is better than Nirvana-noTrigger351

in terms of the average accuracy.352

We evaluate Nirvana on Single Needle-In-A-353

Haystack (S-NIAH) benchmark with different con-354

text lengths according to RULER (Hsieh et al.,355

2024). In Table 3, Nirvana outperforms all the356

other models in S-NIAH-PK and S-NIAH-N, and357

achieves the highest average accuracy. Particularly,358

in S-NIAH-PK (2K, 4K, and 8K context length)359

and in S-NIAH-N (2K and 4K context length), Nir-360

vana achieves 100% accuracy, remarkably higher361

than most of the existing models. When trained362

with 4K context length and tested with 8K context363

length, Transformer++ does not perform well due364

to its relatively poor extrapolation ability. However,365

Nirvana maintains its superior performance with366

8K context length, which illustrates its solid ex-367

trapolation capability. Notably, Nirvana-noTrigger368

performs worse than Nirvana, but is still better than369

other models on the average accuracy.370

4.1.2 Inference Efficiency371

To quantify the computational complexity, we re-372

port the inference speed of all 1.3B models at a373

prompt length of 4096 tokens in Table 4. Among374

all non-ablated models, Nirvana achieves the high-375

est inference speed at 516 tokens/s, outperform-376

ing Samba (497 tokens/s), Gated DeltaNet (461 to-377

kens/s), and Mamba2 (413 tokens/s), while substan-378

tially exceeding the classical Transformer++ base-379

line (191 tokens/s). Nirvana-noTrigger achieves380

Model Inference Speed (tokens/s)

Transformer++ 191
Mamba2 413
Gated DeltaNet 461
Samba 497

Nirvana-noTrigger 568
Nirvana 516

Table 4: Inference speed of 1.3B models at prompt
sequence length 4096, with batchsize = 4.

the highest inference speed at 568 tokens/s, but 381

its slight advantage over full Nirvana comes with 382

a substantial performance drop consistently ob- 383

served across the earlier and later ablation exper- 384

iments, clearly demonstrating the essential role 385

of Trigger. Since Trigger operates on a compact 386

64-dimensional space, it adds only a negligible 387

linear-time cost. Moreover, Updater’s SWA and 388

linear attention modules maintain linear complex- 389

ity, yielding faster inference than both Mamba2 and 390

full-attention baselines. When combined with the 391

accuracy gains in other experiments, these findings 392

indicate that Nirvana improves model performance 393

while simultaneously offering the best inference 394

efficiency among the evaluated baselines. 395

4.2 Specialized Ability Evaluation 396

4.2.1 Performance in Specialized Domains: 397

Biomedicine, Finance, and Law 398

In order to assess performance in specialized do- 399

mains, we evaluate various 1.3B models, including 400

the ablated Nirvana-noTrigger, on three special- 401

ized corpora: (1) biomedical text from MIMIC-III 402
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Model Biomedicine Finance Law Avg.

Transformer++ 9.28 10.70 8.82 9.60
Mamba2 9.13 9.97 9.07 9.39
Gated DeltaNet 9.02 9.72 8.89 9.21
Samba 9.27 9.50 8.74 9.17

Nirvana-noTrigger 9.19 9.87 8.84 9.30
Nirvana 8.25 7.88 7.22 7.78

Table 5: Perplexity of 1.3B models on three specialized
domains. Lower is better.

clinical notes (Johnson et al., 2016), (2) financial403

news from April 2024 to October 2024 utilized404

in FinGPT (Liu et al., 2023), and (3) legal docu-405

ments from the Asylex refugee-status corpus (Bar-406

ale et al., 2023). All models are fine-tuned for407

3 epochs on each domain. As shown in Table 5,408

Nirvana achieves the lowest perplexity in every409

domain and the best overall average of 7.78, sub-410

stantially outperforming Transformer++, Mamba2,411

Gated DeltaNet, and Samba, whose averages range412

from 9.17 to 9.60. Importantly, the ablated Nirvana-413

noTrigger performs similarly to strong baselines414

but remains noticeably weaker than full Nirvana415

across all three domains, with an average perplexity416

gap of over 1.5 points. This consistent discrepancy417

highlights the essential role of Trigger in enabling418

Nirvana to adapt effectively to specialized-domain419

distributions, demonstrating that Trigger materially420

enhances domain-specific modeling beyond what421

the backbone alone can achieve.422

4.2.2 MRI Reconstruction and Report423

Generation424

MRI reconstruction is a clinically important yet425

technically challenging task that seeks to improve426

image quality while reducing scan time, making427

it a rigorous benchmark for evaluating Nirvana’s428

specialized capabilities. In this setting, Nirvana re-429

ceives raw multi-coil k-space measurements along430

with an instruction prompt, and outputs both re-431

constructed image tokens and analysis tokens. To432

map k-space data into Nirvana’s embedding space,433

we employ a multi-coil Variational Network (Var-434

Net) (Giannakopoulos et al., 2024) followed by a435

lightweight ViT (Yuan et al., 2021), collectively436

serving as the k-space encoder. The encoder ex-437

tracts k-space features and generates k-space to-438

kens, which are concatenated with the instruction439

prompt and processed by Nirvana to generate im-440

age tokens and analysis tokens. A U-Net–based441

image decoder then converts the image tokens into442

the final reconstructed MRI images. To mitigate 443

instability caused by the limited amount of k-space 444

data, we apply layer normalization before both the 445

k-space encoder and the image decoder. 446

During post-training for MRI reconstruction, the 447

language backbone of the 1.3B Nirvana model re- 448

mains frozen, while training is applied solely to 449

the k-space encoder and image decoder. The post- 450

training process comprises two sequential stages. 451

In the first stage, we only train the k-space en- 452

coder guided by the cross-entropy loss of only the 453

generated MRI analysis tokens. After the k-space 454

encoder is trained until convergence, we freeze the 455

k-space encoder as well as the Nirvana backbone, 456

such that the training in the second stage does not 457

influence Nirvana’s performance on MRI analy- 458

sis. We then only train the image decoder with the 459

MRI image reconstruction loss. Following (Gian- 460

nakopoulos et al., 2024; Jatyani et al., 2025), the 461

model minimizes the Structural Similarity Index 462

Measure (SSIM) (Sriram et al., 2020) loss between 463

the reconstructed image x̂ and the ground truth 464

image x∗ in the second stage: 465

L2 (x̂,x
∗) = − SSIM (x̂,x∗) . (9) 466

To evaluate the performance of Nirvana for MRI 467

reconstruction, we use the FastMRI dataset (Zbon- 468

tar et al., 2018). FastMRI dataset provides paired 469

k-space signals and MRI images that can be di- 470

rectly used in the second post-training stage. In the 471

first post-training stage, we create a list of possible 472

instruction prompts, such as “According to the k- 473

space signals, are there any pathological features?" 474

The ground truth analysis of the MRI images cor- 475

responding to the instruction prompt is generated 476

by the Lingshu Model (Xu et al., 2025). 477

MRI reconstruction is greatly limited by a slow 478

data acquisition process, which sometimes requires 479

patients to remain still for an hour (Chen et al., 480

2022; Singh et al., 2023). Thus, it is essential 481

to accelerate the MRI scan by undersampling in 482

the scanning process. Following (Zbontar et al., 483

2018; Giannakopoulos et al., 2024; Jatyani et al., 484

2025), we undersample the k-space signals in the 485

frequency domain to accelerate MRI acquisition 486

while reducing the amount of data to be processed. 487

Detailed configurations are shown in Appendix E. 488

We compare the MRI reconstruction perfor- 489

mance of 1.3B Nirvana with other 1.3B LLMs 490

across different undersampling rates in Figure 2. 491

All models are pretrained on FineWeb and post- 492

trained with the frozen backbone using the same 493
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(a) NMSE (b) PSNR (c) SSIM

Figure 2: MRI reconstruction performance comparison between Nirvana and conventional LLMs with 160M
trainable parameters in the k-space encoder and the image decoder. The acceleration rate is equivalent to the
undersampling rate.

You are an expert in MRI reconstruction 
and analysis. Given the k-space signals, 
assess whether the reconstructed MRI 
image exhibits pathological features. If 
pathological findings are present, please 
elaborate on their characteristics.

This image demonstrates a small, round 
lesion in the left subcortical white matter 
whose center is dark—indicating CSF-like 
fluid suppressed. The lesion is surrounded 
by  a  thin hyperintense rim of gliosis, 
which is consistent with the characteristics 
of chronic lacunar cerebral infarction.

Input: Undersampled
 K-space Signals 

Output: Reconstructed
MRI ImagesOutput: Pathological Analysis

Input: Text Instructions

Signals MRI Images Reports

Figure 3: The overall process of MRI reconstruction
and report generation by Nirvana.

procedure described at the beginning of Sec-494

tion 4.2.2. Nirvana consistently achieves higher495

reconstruction fidelity across all settings. In the496

ablation study, Nirvana-noTrigger shows substan-497

tially degraded performance, highlighting the criti-498

cal role of Trigger in enabling effective adaptation499

for MRI reconstruction.500

We show an example of the overall MRI recon-501

struction and report generation by Nirvana in Fig-502

ure 3. Nirvana takes the undersampled k-space503

signals and the instruction prompt as input, and504

outputs the reconstructed MRI image as well as the505

corresponding analysis. In contrast with traditional506

MRI report generation models (such as Lingshu507

(Xu et al., 2025), HealthGPT (Lin et al., 2025),508

and MedGemma (Sellergren et al., 2025)) which509

directly take the reconstructed MRI image as input,510

Nirvana takes the k-space signals undersampled511

from the raw signals received by the coils as input 512

to generate the overall MRI report, including the 513

reconstructed image. In Figure 3, the report gener- 514

ated by Nirvana accurately captures the important 515

pathological features of the image, including the 516

lesion’s shape, size, position, and surrounding mat- 517

ter. Moreover, the report provides further diagnosis 518

that the reconstructed MRI image is consistent with 519

the characteristics of chronic lacunar cerebral in- 520

farction. More experiment results and analysis of 521

MRI are shown in Appendix E. 522

5 Conclusion 523

In this work, we present Nirvana, an SGM with the 524

task-aware memory mechanism. By enabling dy- 525

namic interpolation between SWA and linear atten- 526

tion, Updater allows the model to flexibly balance 527

local and global information flow while maintain- 528

ing computational efficiency. Complementing this, 529

Trigger introduces per-sample self-supervision, al- 530

lowing Nirvana to adapt to distributional shifts 531

without requiring backbone retraining. Experi- 532

ments show that Nirvana matches or exceeds strong 533

LLM baselines on general benchmarks, and further- 534

more achieves the lowest perplexity across special- 535

ized domains including biomedicine, finance, and 536

law. In the challenging MRI task, Nirvana yields 537

higher-fidelity reconstructed MRI images than con- 538

ventional LLM-based models, and it also generates 539

reliable preliminary clinical reports. Importantly, 540

ablation studies reveal that removing Trigger leads 541

to notable performance degradation across all eval- 542

uation tasks, demonstrating its essential role in 543

task-aware specialization. These findings indicate 544

that Nirvana can transition smoothly from general 545

language understanding to diverse specialized and 546

high-precision domains. 547
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6 Limitations548

We summarize the limitations of Nirvana as follows.549

First, our current implementation of Nirvana has550

been mainly evaluated under moderate-scale set-551

tings, i.e., 1.3B parameters, and scaling Nirvana to552

substantially larger model sizes may require further553

engineering optimizations. However, we believe554

the core design is orthogonal to system-level opti-555

mizations and can benefit from future advances in556

efficient training and inference. Second, we have557

not exhaustively explored all architectural variants558

or hyperparameter configurations. Although we559

have followed standard design practices, more sys-560

tematic tuning may further improve performance561

and stability in different settings. Despite these562

limitations, we believe our work provides a solid563

foundation and opens several promising directions564

for future research. Future work will explore larger565

model size settings and broader hyperparameter566

configurations to further assess the capability of567

Nirvana.568

7 Ethical Considerations569

Our research has been conducted with a clear com-570

mitment to avoiding harm and upholding honesty571

and transparency in both methodology and report-572

ing. We have made deliberate efforts to identify and573

mitigate potential biases in data and algorithms to574

promote fairness. In addition, we have respected in-575

dividual privacy and ensured full compliance with576

all relevant regulations and ethical standards gov-577

erning data use.578
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Appendices 788

A Reproducibility Statement 789

In this paper, we present a novel SGM called Nir- 790

vana. To guarantee that our work can be easily 791

reproduced and built upon by the research commu- 792

nity, we have taken the following key steps. First, 793

the source code implementing our method is avail- 794

able as part of the supplementary materials. The 795

code includes all scripts necessary for training and 796

evaluating Nirvana, while pretrained models will 797

be released after the reviewing process. Experi- 798

mental settings and hyperparameters are available 799

in our experiments and appendices. We use pub- 800

licly available datasets for training and evaluation, 801

and details are reported in the experiments. Finally, 802

we also provide information about the hardware 803

environment used in our experiments. 804

We provide open-source code to reproduce our 805

experiments at the following anonymous reposi- 806

tory: https://anonymous.4open.science/r/Nirvana- 807

SGM. 808

B Statement for Use of LLMs 809

LLMs were only used to assist with language pol- 810

ishing in certain sections of this paper. 811

C Experiments Related to RoPE 812

We investigate whether adding RoPE (Su et al., 813

2024) in SWA enhances the model’s capability or 814

not, where Nirvana-RoPE refers to the Nirvana 815

model with RoPE added to the query and key in 816

SWA modules. We first conduct experiments on 817

NIAH in Table 6. Note that if RoPE is added to 818

the SWA module, Nirvana-RoPE will be drastically 819

worse than Nirvana without RoPE in 8K context 820

length, with an accuracy of only 0.2% on S-NIAH- 821

PK and an accuracy of only 4.4% on S-NIAH-N. 822

This illustrates the importance of removing RoPE 823

in SWA modules, which can lead to degraded per- 824

formance when the context length at the test time 825

is larger than that at the training time. 826

We conduct experiments on language modeling 827

and zero-shot common sense reasoning in Table 7. 828

The results illustrate that adding RoPE does not 829

make Nirvana’s performance better on average ac- 830

curacy. The reason is that the linear attention ar- 831

chitectures (e.g., Gated DeltaNet and Mamba2) are 832

well qualified to capture the position-dependent in- 833

formation of the input sequence (Yang et al., 2025). 834

Thus, there is no need to use RoPE in SWA, which 835
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Model
S-NIAH-PK S-NIAH-N S-NIAH-W

Avg.
2K 4K 8K 2K 4K 8K 1K 2K 4K

Nirvana-RoPE 100.0 100.0 0.2 100.0 100.0 4.4 100.0 97.0 92.8 77.2
Nirvana (Ours) 100.0 100.0 100.0 100.0 100.0 99.6 98.8 97.8 95.4 99.1

Table 6: S-NIAH performance of 1.3B Nirvana with or without RoPE. S-NIAH-PK, S-NIAH-N, and S-NIAH-W
are 3 tasks for the pass-key retrieval in a haystack, number in a haystack, and word in a haystack, respectively. Both
models are trained with 4K context length.

Model Wiki. LMB. LMB. PIQA Hella. Wino. ARC-e ARC-c SIQA BoolQ Avg.
ppl ↓ ppl ↓ acc ↑ acc ↑ acc_n ↑ acc ↑ acc ↑ acc_n ↑ acc ↑ acc ↑ ↑

Nirvana-RoPE 18.01 12.13 49.97 73.71 58.17 58.43 68.90 38.86 41.15 59.33 56.07
Nirvana (Ours) 17.57 11.56 50.37 73.67 58.25 59.48 68.92 38.51 41.62 59.27 56.26

Table 7: Language Modeling and Zero-Shot Common Sense Reasoning Performance of 1.3B Nirvana with or
without RoPE.

would otherwise require additional computation836

and undermine the model’s ability to extrapolate837

with context lengths longer than the training data.838

D Supplementary Language Modeling839

Ability840

We evaluate model performance on LongBench841

(Bai et al., 2023), a comprehensive suite of long-842

context tasks spanning retrieval, reasoning, multi-843

document understanding, and in-context learning.844

As shown in Table 8, Nirvana achieves consistent845

improvements across most categories—including846

NQA, HQA, 2WM, Mus, GvR, MNs, and TQA.847

These results highlight Nirvana’s strengthened abil-848

ities in long-range retrieval, efficient in-context849

learning, and robust state tracking, demonstrating850

its effectiveness not only in general domains but851

also in specialized long-context understanding.852

As shown in Figure 4, we evaluate the models’853

capacity of extrapolating to sequences from 4K to854

20K tokens across three long-context benchmarks,855

i.e., NarrativeQA, QMSum, and GovReport (Bai856

et al., 2023). Nirvana achieves the lowest overall857

perplexity across different tasks among all mod-858

els. Besides, Nirvana without Trigger is also eval-859

uated in Figure 4, and its performance is not as860

good as that of Nirvana. While we observe per-861

formance fluctuations when the context length be-862

comes longer, Nirvana exhibits relatively more sta-863

ble performance, which indicates that Nirvana is864

robust and has superiority in length-extrapolation865

tasks. We will explore Nirvana’s capabilities on866

even longer sequences in the future.867

In Table 9, we present the models’ accuracy868

on real-world recall-intensive tasks (Arora et al., 869

2024). Due to the limitations of linear attention, re- 870

current models show a significant performance gap 871

compared to Transformers++, while Nirvana out- 872

performs Transformers++ and achieves comparable 873

performance with SOTA hybrid models in retrieval- 874

intensive tasks. Without Trigger, Nirvana’s per- 875

formance will be notably degraded because of the 876

lack of crucial task-aware memory management 877

mechanism. 878

E Specialized Ability of MRI 879

Reconstruction 880

In MRI reconstruction, we undersample the k- 881

space signals to accelerate the MRI coil scanning 882

process in the frequency domain, and at the same 883

time also reduce the amount of data to be processed 884

(Zbontar et al., 2018; Giannakopoulos et al., 2024; 885

Jatyani et al., 2025). The detailed k-space under- 886

sampling configurations are shown in Table 10. 887

We compare the performance of Nirvana for 888

MRI reconstruction with other baselines under dif- 889

ferent undersampling rates in Figure 5. The MRI 890

reconstruction performances of all models degrade 891

when the undersampling rate becomes larger, be- 892

cause less information is provided in the higher-rate 893

undersampled k-space signals. Nirvana surpasses 894

the other models under all undersampling rates, 895

and the Nirvana’s performance degradation trend 896

is the least significant as the undersampling rate 897

becomes larger. This illustrates the potential advan- 898

tage of Nirvana, which can use highly undersam- 899

pled k-space signals to reconstruct the image while 900

maintaining the same or even better image quality 901
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Models
Single-Doc QA Multi-Doc QA Summarization Few-shot Code

Avg
NQA QQA MFQ HQA 2WM Mus GvR QMS MNs TRC TQA SSM LCC RBP

Recurrent models
RetNet 12.1 10.7 19.1 10.7 18.0 5.8 4.8 15.8 7.9 19.0 18.0 12.8 14.1 17.9 13.2
HGRN2 10.7 12.1 19.1 11.3 15.7 6.0 5.2 15.1 9.2 16.0 15.8 10.3 18.6 20.8 13.5
Mamba 13.0 10.1 20.4 10.1 16.7 6.0 7.2 15.9 8.4 23.1 21.9 11.2 17.9 19.0 14.6
DeltaNet 12.9 10.8 21.5 10.9 13.2 5.1 6.5 13.5 7.2 15.5 23.3 11.6 17.6 20.3 13.6
Mamba2 11.1 11.3 18.6 11.8 15.1 6.7 6.7 14.5 7.4 13.0 23.6 8.4 17.9 20.6 13.5
Gated DeltaNet 14.1 14.0 23.3 13.7 14.4 5.8 7.5 16.4 7.9 30.0 22.4 23.0 18.7 22.1 16.6
Attention or hybrid models
Transformer++ 11.8 9.3 10.0 10.9 4.2 6.1 7.4 15.8 6.6 16.9 13.5 3.9 17.2 18.7 11.0
Samba 12.5 12.9 25.4 11.2 19.7 6.8 9.1 15.7 11.0 20.0 22.7 22.8 18.1 21.1 15.9
Gated DeltaNet-H1 14.5 12.3 26.6 12.6 23.6 6.1 9.1 16.1 12.8 33.5 23.9 26.8 15.5 19.2 17.8
Gated DeltaNet-H2 12.7 13.0 27.1 12.7 20.6 7.5 10.4 16.2 13.0 40.5 22.7 27.9 19.9 22.1 18.4
Nirvana-noTrigger 14.8 11.8 25.6 14.0 23.9 7.7 9.2 15.1 13.5 33.0 21.2 22.9 16.5 20.9 17.9
Nirvana (Ours) 16.6 12.8 26.0 14.6 24.8 9.7 10.4 15.9 15.4 36.4 25.2 22.6 17.5 21.5 19.2

Table 8: Accuracy on 14 tasks from LongBench (Bai et al., 2023), including Narrative QA, QasperQA, MultiField
QA, HotpotQA, 2WikiMulti QA, Musique, GovReport, QMSum, MultiNews, TRec, Trivia QA, SamSum, LCC,
and RepoBench-P by order.

(a) NarrativeQA (b) QMSum (c) GovReport

Figure 4: Length extrapolation from 4K to 20K tokens on three long benchmarks.

compared to E2E-VarNet and UDNO. Therefore,902

Nirvana has the potential ability to accelerate the903

scanning process of MRI.904

In Table 11, we evaluate the performance of Nir-905

vana for MRI reconstruction using SSIM, PSNR,906

and NMSE, and also compare its performance907

with other baselines, including E2E-VarNet (Gi-908

annakopoulos et al., 2024) and UDNO (Jatyani909

et al., 2025). The undersampling rate is set as 6910

in the test time. As shown in Table 11, Nirvana911

achieves the highest SSIM and PSNR, as well as the912

lowest NMSE on the test set. Besides, Nirvana’s913

performance has the smallest variance and thus the914

highest stability. Specifically, Nirvana achieves an915

average improvement of 0.0405 in SSIM, 2.76 dB916

in PSNR, and 8.974 × 10−3 in NMSE compared917

to the SOTA model UDNO (Jatyani et al., 2025),918

respectively.919

We further visualize Nirvana’s MRI reconstruc-920

tion performance at an undersampling rate of 8921

in Figure 6. The ground truth, the images recon-922

structed by E2E-VarNet, UDNO, and Nirvana are923

shown in the 4 columns, respectively. As shown924

in Figure 6, the performance of Nirvana is better925

than UDNO and E2E-VarNet in terms of the image 926

fidelity and resolution. The reconstructed image of 927

E2E-VarNet is blurry, and some part of the brain 928

is completely obscured by black patches. The re- 929

constructed image of UDNO is roughly close to 930

the ground truth image, but the resolution is low 931

and the details of the image are unclear. However, 932

Nirvana delivers the clearest and most accurate 933

high-resolution reconstruction, showing the closest 934

resemblance to the ground truth and attaining the 935

highest SSIM of 0.8812. 936

F A Toy Example of Nirvana in 937

Combinatorial Tasks 938

To illustrate the effectiveness of Nirvana model, 939

we consider a toy example of combinatorial tasks, 940

where the model is required to conduct common 941

sense reasoning while retrieving the question from 942

a haystack. As shown in Figure 7, the haystack 943

contains a set of repeated useless information, such 944

as "the sky is blue" and "the grass is green". The 945

key information, i.e., the question, is "Where is 946

the capital of Switzerland?" The model should be 947
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Models SWDE SQD FDA TQA NQ Drop Avg
Recurrent models
RetNet 14.0 28.5 7.0 54.4 16.2 17.3 22.9
HGRN2 8.3 25.3 4.8 51.2 14.2 16.9 20.1
Mamba 9.8 25.8 3.7 54.3 14.9 17.4 21.0
Mamba2 19.1 33.6 25.3 61.0 20.8 19.2 29.8
DeltaNet 17.9 30.9 18.4 53.9 17.3 18.6 26.2
Gated DeltaNet 25.4 34.8 23.7 60.0 20.0 19.8 30.6
Attention or hybrid models
Transformer++ 29.5 38.0 52.2 58.3 22.5 21.6 37.0
Samba 33.0 39.2 50.5 57.7 23.5 20.2 37.3
Gated DeltaNet-H1 35.6 39.7 52.0 60.1 24.6 22.2 39.0
Gated DeltaNet-H2 38.2 40.4 50.7 63.3 24.8 23.3 40.1
Nirvana-noTrigger 35.1 39.8 50.5 60.0 22.3 21.7 38.2
Nirvana (Ours) 37.8 41.0 51.1 62.8 24.8 22.9 40.1

Table 9: Accuracy on recall-world retrieval tasks with the input sequences truncated to 2K tokens, where SQD is
short for SQUADE, and TQA is short for Trivial QA (Arora et al., 2024).

(a) NMSE (b) PSNR (c) SSIM

Figure 5: MRI reconstruction performance comparison for models with 160M trainable parameters. The acceleration
rate is also the undersampling rate.

Undersampling Rate Acceleration Rate Center Fraction Rate
12× 12 0.027
10× 10 0.032
8× 8 0.04
6× 6 0.06
4× 4 0.08

Table 10: The k-space undersampling configurations
(acceleration and center fraction parameters) used for
MRI reconstruction.

able to retrieve the useful information at the begin-948

ning of the haystack and then answer the question.949

The Nirvana model accurately distinguishes the950

useful question from the useless information and951

then answers the question correctly. However, both952

Transformer++ and Gated DeltaNet fail to find the953

question and are misled to repeat the useless mes-954

sage instead. This demonstrates the superior perfor-955

mance of the Nirvana model over Transformer++956

and Gated DeltaNet in combinatorial tasks of com-957

Model SSIM ↑ PSNR (dB) ↑ NMSE (×10−2) ↓

E2E-VarNet 0.8540 ± 0.0418 29.68 ± 2.99 2.512 ± 0.742
UDNO 0.8598 ± 0.0414 30.21 ± 2.97 2.074 ± 0.730
Nirvana (Ours) 0.9003 ± 0.0407 32.97 ± 2.93 1.176 ± 0.625

Table 11: MRI reconstruction performance comparison
of models with 160M trainable parameters. For Nirvana,
the trainable components are the k-space encoder and
the MRI decoder. The undersampling rate is set as 6 in
this table during the test time.

mon sense reasoning and key information retrieval 958

in long sequences. 959
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Ground Truth E2E-VarNet UDNO Nirvana (Ours)

Figure 6: MRI reconstruction performance comparison for models with 160M trainable parameters. The acceleration
rate, i.e., the undersampling rate, is set as 8 in the test time.

Figure 7: A toy example for combinatorial tasks of
common sense reasoning and key information retrieval
in long sequences.
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