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Abstract001

State Space Models (SSMs) have emerged as002
an efficient alternative to the Transformer archi-003
tecture. Prior work shows that, when trained004
under comparable conditions, SSMs can match005
or surpass Transformers on code understand-006
ing tasks. However, their internal mechanisms007
remain a black box. We present the first system-008
atic analysis of what SSM-based code models009
learn along with the direct comparison between010
SSM and Transformer models in this domain.011
Our analysis shows that SSMs capture syntac-012
tic and semantic structure more effectively than013
Transformers during pretraining but forgets cer-014
tain relations during fine-tuning on some tasks.015
To investigate this behavior, we introduce SSM-016
Interpret, a frequency-domain framework that017
exposes a “spectral shift" toward short-range018
dependencies during fine-tuning. Guided by019
these findings, we propose architectural modi-020
fications that significantly improve the perfor-021
mance of SSM-based code model by upto +6022
MRR on NLCodeSearch. This demonstrates023
that our analysis not only explains model be-024
havior but also leads directly to better designs.025

1 Introduction026

Transformers are the dominant architecture for se-027

quence modeling across domains, including the028

code understanding domain, which is in the focus029

of this work. However, they suffer from inherent030

limitations, including quadratic complexity, large031

data requirement, and positional biases.032

State Space Models (SSMs) (Gu et al., 2021)033

have emerged as a computationally efficient alterna-034

tive, particularly promising for long-context tasks.035

While SSM-based architectures have historically036

struggled to match the empirical performance of037

transformers (Zuo et al., 2024; Ren et al., 2025),038

Verma et al. (2025) showed that SSMs can outper-039

form Transformers on code understanding tasks040

such as retrieval and classification while achieving041

better compute and sample efficiency. However,042

the internal mechanisms enabling the performance 043

gains and the extent to which state space models 044

capture syntactic or semantic code structure remain 045

unexplored. Preliminary interpretability work fo- 046

cuses exclusively on selective SSMs1 and is lim- 047

ited to synthetic tasks. For SSMs no interpretability 048

studies exist. This gap limits our ability to diagnose 049

failures, guide architectural improvements, and pre- 050

dict when SSMs will succeed or struggle on code 051

understanding and generation tasks. 052

The interpretability gap stands in stark contrast 053

to the Transformer ecosystem, where attention 054

maps and learned representations have been rigor- 055

ously analyzed to understand how code properties 056

are captured (Anand et al., 2024; Wan et al., 2022; 057

López et al., 2022; Karmakar and Robbes, 2021). 058

In this work, we turn our attention to SSMs and 059

real-world data. Specifically, we (a) conduct the 060

first systematic comparative analysis of SSM and 061

Transformer representations in the code domain 062

and (b) propose the first framework for analyzing 063

the convolution kernel of SSM blocks in a multi- 064

layer model. 065

Our focus on SSM, despite their current lim- 066

ited real-world application, is motivated by recent 067

theoretical works, such as Nishikawa and Suzuki 068

(2025), which showed that, when combined with 069

non-nonlinearities, SSMs can indeed perform dy- 070

namic token selection comparable to self-attention. 071

At the same time, multiple works have shown the 072

failure of selective-SSMs on tasks that require dy- 073

namic token selection, such as input copying and 074

state tracking (Chen et al., 2025; Jafari et al., 2024; 075

Jelassi et al., 2024). SSMs are also significantly 076

more efficient compared to both transformers and 077

selective-SSMs. Also, SSMs can extrapolate to 8x 078

1We make a distinction between SSMs which rely on RNN
mode and hardware optimized parallel scan algorithms, like
Mamba, and SSMs that rely on convolution during training,
like S4D. For simplicity, we refer to the former as selective-
SSMs and the latter as SSMs.
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the pretraining context (Verma et al., 2025) while079

Mamba cannot extrapolate (Azizi et al., 2025).080

While SSMs have outperformed transformers at081

similar parameter and dataset scale, they have not082

been scaled to billions of parameters and trillions083

of tokens and have not been applied on generative084

tasks. One of the key reasons for this has been085

the failure of SSMs on certain tasks such as type086

inference, which are similar to generative tasks087

(large class size; long and short range dependency).088

While scaling is an important aspect to improve089

performance and generalizability of the models,090

naive scaling will lead to limited gains. Thus, in091

this work we focus on understanding why SSM092

fails on certain tasks, instead of scaling.093

For our study, we use an existing SSM-based094

model, CodeSSM (Verma et al., 2025), which has095

shown superior performance to Transformer on nu-096

merous tasks but lag behind on type inference. We097

compare the internal representation of CodeSSM098

with RoCoder (Verma et al., 2025) as both the mod-099

els has been trained at the same parameter and data100

scale, removing these factors as confounders.101

Our comparative investigation shows that while102

pretrained CodeSSM captures code properties more103

effectively than RoCoder, this advantage collapses104

during finetuning. Specifically, when finetuned on105

type inference task, CodeSSM forgets critical syn-106

tactic relations that RoCoder retains. To diagnose107

this failure, we develop a novel framework for ana-108

lyzing the convolution kernels of multi-layer SSMs.109

The kernel analysis reveals a “spectral shift”: dur-110

ing fine-tuning, the kernels in early layers bias heav-111

ily towards short-range dependencies, effectively112

discarding the long-range context required for type113

inference. Guided by these insights, we introduce114

architectural changes that prevent this degenera-115

tion, improving the model’s ability to reason about116

complex code structures. These changes can form117

the basis for scaling and generative application of118

SSMs in future works.119

In summary, our main contributions are:120

• Comparative Hidden Representation Analysis:121

We provide the first direct comparison of hid-122

den states in SSM and Transformer code mod-123

els, where code structure (AST, DFG) enable124

rigorous evaluation of syntactic and semantic125

understanding. We empirically demonstrate126

that while CodeSSM captures better syntactic127

and semantic relations compared to RoCoder128

during pretraining, it forgets certain relations129

during fine-tuning. 130

• SSM Kernel Analysis Framework: We pro- 131

pose the first framework for analyzing con- 132

volution kernels in multi-layer SSMs. Using 133

this method, we identify a strong correlation 134

between the high-frequency spectral shift in 135

CodeSSM’s kernel and its failure on type in- 136

ference. 137

• Interpretability-Driven Improvements: Lever- 138

aging our analytical findings, we propose two 139

enhanced variants of CodeSSM. These ar- 140

chitectures mitigate the spectral shift, yield- 141

ing significant performance gains of upto +6 142

MRR on NLCodeSearch, +3.8 MRR on Long 143

Context Retrieval and +2 F1 type inference, 144

validating that insights from our analysis trans- 145

late directly into performance improvements. 146

2 Related Works 147

Hidden Representation Analysis. Various 148

methodologies have been proposed to analyze the 149

internal representations of LLMs. The most preva- 150

lent approach employs “probes” – trained classi- 151

fiers or learned transformations – to evaluate hidden 152

states (Ahmed et al., 2023; Karmakar and Robbes, 153

2021; López et al., 2022; Yang et al., 2023). How- 154

ever, classifier-based probes suffer from several 155

significant limitations (Maudslay et al., 2020; He- 156

witt and Liang, 2019; Belinkov, 2022). To address 157

these shortcomings, Anand et al. (2024) proposed 158

applying DirectProbe (Zhou and Srikumar, 2021), 159

a classifier-free methodology, to analyze the hidden 160

representations of pretrained code models directly. 161

Interpretability of SSMs. Recent work has be- 162

gun analyzing SSM architectures through various 163

lenses. Chen et al. (2025) identify limitations of 164

Mamba on synthetic copying tasks but do not exam- 165

ine real-world domain adaptation or convolution- 166

based SSMs. Paulo et al. (2024) analyzed if the 167

interpretability methods developed for transformer 168

can be used for architectures such as Mamba but 169

do not evaluate if they apply to general convolution 170

based SSMs. Ali et al. (2025) reformulate Mamba 171

as an implicit attention mechanism, offering theo- 172

retical insights and attention based analysis. 173

Our work fills critical gaps by comparing the ca- 174

pabilities of SSMs and transformers on real-world 175

tasks, and we are the first to develop a framework 176

for layer-wise frequency-domain analysis of the 177

learned convolutional kernels, resulting in concrete 178

architectural improvements. 179
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Figure 1: The CodeSSM layer architecture (left) showing the original routing mechanism (center) and the proposed
routing (right).

We discuss additional related works on analy-180

sis using spectral methods and control theory in181

Appendix A.182

3 Comparative Hidden Representation183

Analysis184

In this section, we describe the comparative hidden185

representation analysis of SSM and transformers.186

3.1 Analysis Setup187

To evaluate the efficacy of SSM-based models188

in capturing code properties, we perform a com-189

parative analysis between a SSM and a Trans-190

former model. We utilize the CodeSSM and191

RoCoder models (Verma et al., 2025) (architec-192

ture details in Appendix C.2), both having similar193

size and trained on same amount of data, thus re-194

moving these factors as confounders. In addition195

to the pre-trained versions, we evaluate models196

fine-tuned on StackOverflow question-answer re-197

trieval (SQA) and type inference tasks (denoted198

with suffixes -sqa and -typeinf). These specific199

tasks were selected to investigate a critical perfor-200

mance anomaly: CodeSSM significantly outper-201

forms RoCoder on SQA but lags behind on type202

inference (Verma et al., 2025). The performance203

anomaly suggests that CodeSSM might not be a204

good architecture for tasks with a large class size205

and long-and-short dependencies such as type infer-206

ence. Generative tasks also have similar modeling207

requirements as type inference and hence, improv-208

ing the architecture, and performance, on type infer-209

ence might also help improve SSM’s performance210

on generative modeling.211

The evaluation is performed using the classifier- 212

free framework established by Anand et al. (2024), 213

which leverages the DirectProbe algorithm (Zhou 214

and Srikumar, 2021) to measure the quality of hid- 215

den representation. By using a classifier-free inter- 216

pretability method we remove any impact of clas- 217

sifier training on conclusions drawn. Direct probe 218

uses convex optimization to create disjoint clusters 219

of hidden representation where a single class label 220

may be represented by multiple distinct clusters 221

(see Appendix C for details). To quantify represen- 222

tational quality, these generated clusters are used 223

for nearest-neighbor classification of held-out data. 224

High classification accuracy indicates that the the 225

model has effectively captured the code property. 226

We evaluate the hidden representations using 227

three probing tasks established by Anand et al. 228

(2024), designed to isolate specific syntactic and 229

semantic capabilities. Syntactic structure is mod- 230

eled via the Abstract Syntax Tree (AST), while 231

semantic relationships are captured using the Data 232

Flow Graph (DFG), where edges denote depen- 233

dencies between variables. The tasks are: 1) AST 234

Sibling Prediction: Determines whether two to- 235

kens share a parent node in the Abstract Syntax 236

Tree (AST). This task measures the model’s grasp 237

of local syntactic relationships; 2)AST Distance 238

Prediction: Estimates the shortest path length be- 239

tween two tokens in the AST. This serves as a proxy 240

for short and long-range syntactic understanding 241

and the model’s understanding of program flow 242

(Anand et al., 2024); and 3)DFG Edge Prediction: 243

Identifies whether a data flow edge exists between 244

two variable occurrences in the Data Flow Graph 245

(DFG). This task evaluates the model’s encoding 246
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(a) Comparison of hidden representation of CodeSSM and RoCoder.
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(b) Comparison of hidden representation of CodeSSM and its finetuned variants
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(c) Comparison of hidden representation of CodeSSM on varying context lengths

Figure 2: Result of hidden representation analysis in terms of mean accuracy across task labels on distance (left),
siblings (center) and edge (right) prediction tasks.
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Figure 3: Accuracy of CodeSSM, CodeSSM-typeinf,
Rocoder and Rocoder-typeinf on distance prediction
tasks for layers 6 and 10.

of semantic dependencies.247

3.2 Analysis Results 248

We performed direct probe analysis of CodeSSM 249

and RoCoder on varying lengths: Short (up to 500), 250

Medium (1k-2k), Long (2k-8k). Figure 2 presents 251

the probing accuracy across tasks. 252

Pre-training. CodeSSM exhibits superior syn- 253

tactic capture compared to RoCoder (Figure 2a). 254

While semantic performance is comparable in 255

early layers, CodeSSM significantly outperforms 256

RoCoder in deeper layers. Notably, RoCoder suf- 257

fers from representational degradation in the final 258

layers, a phenomenon consistent with other Trans- 259

former architectures (Anand et al., 2024); the in- 260

clusion of Rotary Positional Embeddings (RoPE) 261

appears insufficient to mitigate this limitation. 262

Length Extrapolation. In Figure 2c, we ob- 263

serve that CodeSSM shows the best accuracy in 264

capturing semantic properties (DFG task) for long 265

lengths, showing remarkable length extrapolation 266
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up to 8k context length (32x the pretraining con-267

text of 256). The superior performance on the268

DFG task implies that CodeSSM captures long-269

range dependencies very well especially for long270

lengths. However, CodeSSM shows representa-271

tional degradation in deeper layers for local de-272

pendencies (i.e., siblings tasks) with long inputs.273

Nevertheless, CodeSSM retains both syntactic and274

semantic information upto 8x pretraining context,275

while RoCoder does not (see Appendix D).276

Fine-tuning reveals distinct adaptation dynam-277

ics between the architectures. CodeSSM forgets278

certain code relations learned during pretraining279

(Figure 2b). While this degradation is negligible for280

SQA, with CodeSSM_sqa performing better than281

RoCoder_sqa, it is significant in case of type infer-282

ence. To diagnose this, we analyze performance by283

token distance in layers 6 and 10 (Figure 3). We284

observe that fine-tuning on type inference causes285

CodeSSM to lose syntactic information, particu-286

larly at short ranges. Conversely, RoCoder signifi-287

cantly improves its short-range syntactic modeling288

after fine-tuning on type inference.289

This divergence is consistent with the down-290

stream performance. Type inference demands both291

local (short-range) and global (long-range) con-292

text understanding. While RoCoder successfully293

adapts to these requirements, improving its short-294

range syntactic understanding during fine-tuning,295

CodeSSM fails to retain its pre-trained syntactic296

and semantic knowledge. Consequently, when a297

task requires both short and long range understand-298

ing, CodeSSM’s representations fail.299

While previous work, such as Zuo et al. (2024),300

has argued that SSMs are poor at capturing short-301

range dependencies, our work is the first to provide302

evidence for this in a multilayer SSM-based model.303

This complementarity – SSMs for global context304

and Transformers for local dependencies – provides305

potential explanation for the success of hybrid mod-306

els (Ren et al., 2025; Dao and Gu, 2024). However,307

the underlying mechanics remain opaque, prompt-308

ing two critical questions: 1) Why do some layers309

capture more code properties? 2) Why does code310

understanding decrease on the type inference task?311

To answer these questions we designed the kernel312

analysis.313

4 SSM Kernel Analysis314

To systematically analyze the token dependencies315

captured by state-space models, we propose SSM-316

Interpret, a novel framework that categorizes SSM 317

kernels based on their spectral characteristics. By 318

mapping kernels to the frequency domain, this 319

framework allows us to infer whether a model 320

prioritizes local (high-frequency) or global (low- 321

frequency) token interactions (Figure 6). We use 322

the framework to analyze CodeSSM which uses 323

S4D (Gu et al., 2022a) with a single kernel shared 324

across all channels. The size of the kernel equals 325

the context length. We set the context length to 326

4096, however, the framework is context length 327

agnostic (see Appendix B.2). Each layer has two 328

SSM kernels (one forward and one backward as 329

shown in Figure 1). The SSM-Interpret is applica- 330

ble to complex NPLR and DPLR S4 implementa- 331

tions (Gu et al., 2022b) as well. 332

4.1 The SSM-Interpret Kernel Analysis 333

The core objective of our kernel analysis is to char- 334

acterize the behavior of SSM kernels in terms of 335

the range of dependency captured. To achieve this, 336

we extract the forward and backward kernels from 337

all 12 layers of CodeSSM and analyze their spec- 338

tral properties via the Fourier transform. By ex- 339

amining which frequency bands are amplified or 340

attenuated, we classify kernels into low-pass (long- 341

range), high-pass (short-range), or band-pass cate- 342

gories, following established links between spectral 343

behavior and dependency range (Ravikumar et al., 344

2026). 345

Prior approaches rely on the dominant frequency 346

(frequency with the highest magnitude) for catego- 347

rization (Ravikumar et al., 2026). However, a ker- 348

nel may exhibit a sharp peak in one spectral region 349

while the majority of its energy resides elsewhere, 350

leading to misclassifications. To mitigate this, we 351

propose a robust classification strategy based on 352

total spectral energy distribution. We employ two 353

complementary metrics: Spectral Centroid (SC) 354

(Blackledge, 2006) and Low-to-High Frequency 355

Energy Ratio (LHFR) (Constantinescu and Brad, 356

2023). Reliance on the spectral centroid alone risks 357

mirroring the pitfalls of dominant frequency anal- 358

ysis by ignoring secondary high-energy regions 359

(Massar et al., 2011). However, our empirical eval- 360

uation demonstrates that combining the spectral 361

centroid with LHFR yields a robust and perceptu- 362

ally accurate classification of kernel behavior. 363

SC is the weighted mean of all the frequencies 364

in the frequency domain representation of a sig- 365

nal, where the weights are the magnitude of each 366

frequency component. Often described as the spec- 367
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Figure 4: Layer wise filter classification of forward (left) and backward kernel (right) of CodeSSM and its variants.

trum’s “center of gravity,” the SC identifies the368

point around which the spectral energy is concen-369

trated. A higher centroid value indicates a con-370

centration of energy towards the high-frequency371

region. Formally, we calculate the SC as:372

SC =

∑N−1
n=0 f(n)X(f(n))∑N−1

n=0 X(f(n)
(1)373

where n denotes the index of the frequency com-374

ponent, f(n) is the frequency at index n, and375

X(f(n)) is the magnitude of the Fourier transform376

at f(n). Based on the computed SC, we classify377

kernel behavior using the following thresholds, de-378

rived from the observed frequency distribution of379

CodeSSM kernels:380

Low-pass: Centroid <
1

3
· 0.5 ≈ 0.16

High-pass: Centroid >
2

3
· 0.5 ≈ 0.33

Band-pass: otherwise

(2)381

Here, 0.5 represents the normalized highest repre-382

sentable frequency (in cycles per sample).383

LHFR measures the balance of spectral power384

by comparing the energy concentrated in the lower385

versus upper frequency bands, i.e., LHFR = Elow
Ehigh

, 386

where Elow is the sum of magnitudes within the 387

bottom 10% of the frequency spectrum, and Ehigh 388

is the sum within the top 40%. This ratio serves 389

as an indicator of whether the kernel focuses on 390

global structure (low-frequency dominance) or lo- 391

cal ones (high-frequency dominance). We classify 392

the kernels based on the LHFR as follows: 393

Low-pass: LHFR ≫ 10

High-pass: LHFR ≪ 1

Band-pass: otherwise

(3) 394

Kernel Categorization. We combine the SC and 395

LHFR metrics to categorize the SSM kernels into 396

low-pass, high-pass, or band-pass filters. Figure 5 397

illustrates the resulting classification for CodeSSM. 398

We established the specific thresholds for both met- 399

rics through a rigorous qualitative analysis of the 400

kernel spectral profiles of all the models and our 401

chosen values minimizes the outliers. Detailed 402

justifications for these criteria are provided in Ap- 403

pendix B.1. 404
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4.2 Kernel Analysis Results405

Why do some layers capture more code proper-406

ties? The Forward and backward kernels of certain407

CodeSSM layers exhibit complementary frequency408

responses. For instance, in layer 8, the forward ker-409

nel acts as a high-pass filter and the backward ker-410

nel as a low-pass filter, indicating that most of the411

forward kernel’s energy lies in the high-frequency412

range, whereas the backward kernel concentrates413

in the low-frequency range.414

This complementary filter behavior suggests that415

using two directionally distinct kernels enables416

the model to capture richer contextual information417

from both past and future tokens as well as the far418

away and nearby tokens when making predictions.419

Notably, layers displaying such complementary for-420

ward–backward kernel patterns tend to capture the421

most code-related properties. For example, layer 8422

achieves the best performance on the siblings and423

edge prediction tasks, while layer 10 performs best424

on the distance task (see Figure 2a). Both layers425

exhibit complementary filter characteristics (layer426

8: forward–high-pass, backward–low-pass; layer427

10: forward–low-pass, backward–high-pass; see428

Figure 4a).429

In contrast, layers where both the forward and430

backward kernels emphasize the same frequency431

range tend to perform poorly. For instance, layer 11432

of CodeSSM-TypeInf, which exhibits low-pass be-433

havior in both kernels, shows reduced performance434

on the sibling and DFG tasks.435

Why does code understanding decrease on436

the type inference task? In the fine-tuned mod-437

els, the forward kernel behavior in the initial lay-438

ers shifts toward higher frequencies compared to439

the pretrained models. For instance, in Figure 4c,440

the forward kernels of layers 1 and 4 transition to441

high-pass and band-pass filters, respectively. Ad-442

ditionally, the frequency response of both forward443

and backward kernel of layer 1 lies in the same444

region of the spectrum (high-pass) due to which445

the kernel misses a wide range of code properties446

which lie in the other region of the spectrum. The447

layers with complementary filter behavior (layer448

8 and layer 10 of CodeSSM_typeinf) still capture449

more code properties (Figure 2b) but the proportion450

of code properties captured reduces significantly451

due to early high frequency shift.452

Because the outputs of the forward and back-453

ward kernels are multiplied in the time domain (see454

Figure 1), they become convolved in the frequency455

domain. When both kernels exhibit high-pass char- 456

acteristics in the initial layers (as in Figure 4c), this 457

convolution amplifies the high-frequency response, 458

potentially further biasing the model toward short- 459

range dependencies. Moreover, emphasizing short- 460

range dependencies too strongly in the early layers 461

limits the model’s ability to learn long-range de- 462

pendencies, as reflected in the drop in accuracy at 463

distances 5 and 6 shown in Figure 3. 464

As discussed in Section 3.2, the type inference 465

task depends on both short- and long-range de- 466

pendencies. Transformers can flexibly adapt to 467

short-range syntactic patterns, but CodeSSM lacks 468

this flexibility due to its use of only two SSM 469

kernels per layer. In Figure 4c, we observe that 470

CodeSSM shifts toward learning short-range de- 471

pendencies, yet without sufficient capacity to do 472

so effectively. Verma et al. (2025) hypothesized 473

that CodeSSM’s decreased performance on the type 474

inference task stems from its inability to capture 475

short-range dependencies. Our filter behavior and 476

hidden-representation (distance 2 and 3 in Figure 3) 477

analyses are consistent with this hypothesis. 478

5 Analysis-Driven Improvements 479

Our analysis of hidden representations and SSM 480

kernels has uncovered the strengths and critical lim- 481

itations in the CodeSSM architecture. Leveraging 482

these insights, we propose targeted architectural 483

modifications which yield significant performance 484

gains across code understanding tasks. 485

5.1 Proposed Modifications 486

Our analyses reveal that CodeSSM struggles with 487

tasks that require understanding of short- and long- 488

range dependencies due to lack of encoding high- 489

frequency. While hybrid architectures interleav- 490

ing Transformer layers offer a solution (Zuo et al., 491

2024; Ren et al., 2025), they also have the quadratic 492

complexity of self-attention. 493

CodeSSM-HF. Given that the limitation is due 494

to the handling of high-frequency information, we 495

instead propose an efficient alternative which we 496

refer as CodeSSM-HF: introducing a dedicated high- 497

frequency path in parallel to the low-frequency 498

SSM path (see Figure 1). This path employs a 499

1D Convolutional Neural Network (CNN) with a 500

kernel size of 3 (Abello et al., 2021), providing a 501

strong inductive bias for short-range dependencies 502

(attending to the current, preceding, and succeeding 503

tokens) analogous to local attention heads in Trans- 504
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formers. To offset the parameter increase from the505

CNN, we employ grouped convolutions (group size506

8) and reduce the depth to 11 layers. These con-507

straints ensure CodeSSM-HF, has slightly fewer508

parameters than the original CodeSSM. As shown509

in Table 1, incorporating a high-frequency path510

yields consistent performance gains on the SQA511

and type inference tasks, confirming the critical512

role of high frequency information across tasks.513

The performance gain is also observed on the ad-514

versarial NLCodeSearch task (Lu et al., 2021).515

Multi-kernel. In Section 4.2, we hypothesized516

that CodeSSM’s performance on type inference517

might be hindered by having just two SSM ker-518

nels per layer. To evaluate the hypothesis, we train519

a model with 1024 kernels (i.e., equal to the in-520

put dimensions)(referred as CodeSSM-1024k). This521

is similar to previous works on SSMs (Gu et al.,522

2022a,b). While having 1024 kernels improves523

the performance on NLCodeSearch and type infer-524

ence, the performance remains same on SQA and525

the performance on NLCodeSearch is lower than526

CodeSSM-HF (Table 1).527

To understand the trade-off between increasing528

capacity and performance, we pretrained CodeSSM529

with kernels 1, 4, 8, ..., 512, 1024 on a small dataset.530

The pretraining performance was best for 8 kernels.531

Subsequently, we pretrained a model with 8 ker-532

nels (CodeSSM-8k). This variant achieves the best533

performance on all tasks. In this model, each ker-534

nel is shared across 128 dimensions. These results535

suggest that increasing capacity while maintaining536

shared transformation across some dimensions, is537

optimal for better code understanding.538

5.2 Kernel Analysis of CodeSSM-HF539

Since CodeSSM-HF retains the single-kernel SSM540

block structure, we directly compare its kernels541

against the baseline CodeSSM using our SSM-542

Interpret analysis. Figure 4d shows the kernel clas-543

sification of CodeSSM-HF (see Appendix B.4 for544

analysis of CodeSSM-8k). We observe two distinct545

spectral shifts in the CodeSSM-HF kernels.546

First, the HF model exhibits a greater prevalence547

of high-pass filters, particularly in the early layers,548

unlike CodeSSM. In these layers, we observe a549

complementary spectral behavior where high-pass550

filters are paired with low- or band-pass filters.551

Moreover, unlike CodeSSM kernels, which typ-552

ically display a single dominant frequency which553

decays on each side, CodeSSM-HF kernels often554

possess multiple crests across frequency bands (see555

Table 1: Results on NLCodeSearch, SQA and Type
Inference tasks as mean over 3 different seeds (Standard
Deviation in subscript). The best performance is in bold.

MODEL NLCODESEARCH SQA TYPE INFERENCE
(MRR) (MRR) (F1)

CODESSM 25.310.51 76.020.08 59.240.45
CODESSM-HF 30.260.37 78.330.10 60.040.36
CODESSM-8K 31.300.25 79.800.25 61.220.22
CODESSM-1024K 28.190.41 76.010.12 60.380.39

Figure 14). This spectral heterogeneity allows early 556

layers to simultaneously capture both long- and 557

short-range dependencies, correcting the “blind 558

spots” identified in 4.2. Consequently, this simple 559

architectural modification enhances the SSM’s abil- 560

ity to model rich token-level dependencies, leading 561

to improved overall performance. 562

Second, the final two layers of CodeSSM-HF 563

shift predominantly toward high-pass behavior. 564

This contrasts with CodeSSM, where later layers 565

show low- or band-pass characteristics. This shift 566

toward high-pass behavior in the later layers (re- 567

flecting a focus on short-range dependencies) is 568

intuitively consistent with effective hierarchical 569

representation learning: after the early layers per- 570

form extensive global mixing through the SSM con- 571

volution kernel (low-pass), long-range context is 572

effectively “localized” into the hidden states. Con- 573

sequently, the deeper layers only need to model 574

short-range dependencies. 575

6 Conclusion 576

In this work, we presented the first systematic anal- 577

ysis of hidden representations and convolution ker- 578

nels in multi-layer SSMs. Our empirical results re- 579

veal a nuanced landscape: while SSMs fundamen- 580

tally outperform Transformers in capturing global 581

code properties, they exhibit weaknesses in model- 582

ing short-range dependencies, particularly in tasks 583

like type inference. To diagnose this failure of 584

SSMs, we proposed a novel interpretability frame- 585

work to analyze the convolutional kernel of SSMs, 586

which showed a shift towards short range depen- 587

dency understanding during fine-tuning. Guided by 588

these insights, we introduced architectural refine- 589

ments that significantly narrow this performance 590

gap. 591

We anticipate that the introduced framework will 592

serve as a foundation for future interpretability re- 593

search. Additionally, with the architectural im- 594

provements SSMs can be scaled and adapted for 595

generative tasks in future work. 596
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Limitations597

Broadly, our work has the following limitations.598

First, the SSM-interpret framework considers599

several threshold values for classifying the kernel600

as low-pass, high-pass, or band-pass, and for cal-601

culating LHFR. Although these threshold values602

are empirically validated, they may not be opti-603

mal for some kernels or other models. Thus, fu-604

ture research can refine classification thresholds605

for the spectral centroid and the low-to-high fre-606

quency energy ratio by accounting for the kernel’s607

frequency response, thereby improving the robust-608

ness of frequency-based kernel classification.609

Second, we did not perform the analysis of gen-610

erative models. Although there are no S4D-based611

generative models, our findings show that this ab-612

sence may not be accidental. Similar to type infer-613

ence, generative tasks involve a large vocabulary614

and require modeling both short- and long-range615

dependencies simultaneously. Thus, the architec-616

tural modifications we proposed can guide future617

research in developing S4/S4D-based generative618

models.619

Third, we performed the hidden representation620

analysis for lengths up to 8k. Currently, models are621

also being evaluated for lengths up to 32k. How-622

ever, we limited our analysis to 8k due to resource623

constraints and the small pre-training context of624

CodeSSM and RoCoder (256). Our analysis still625

covers a 32x length extrapolation. Based on our626

hypothesis and observations, CodeSSM and its vari-627

ants will show significantly better code understand-628

ing with length extrapolation than transformer mod-629

els.630

Ethical Considerations631

The aim of our work is to analyze and understand632

the success and failure of SSMs with respect to633

code properties. The analysis does not raise any eth-634

ical risks. In our work, we have used models whose635

weights are publicly available and are trained on636

publicly available datasets. We have also trained637

models on publicly available data. It is not clear638

whether the models can leak personally identifiable639

information if present in the pretraining dataset, but640

we acknowledge that such potential risk exists.641

References642

Antonio A. Abello, Roberto Hirata, and Zhangyang643
Wang. 2021. Dissecting the high-frequency bias in644

convolutional neural networks. In 2021 IEEE/CVF 645
Conference on Computer Vision and Pattern Recog- 646
nition Workshops (CVPRW), pages 863–871. 647

Toufique Ahmed, Dian Yu, Chengxuan Huang, Cathy 648
Wang, Prem Devanbu, and Kenji Sagae. 2023. To- 649
wards understanding what code language models 650
learned. CoRR, abs/2306.11943. 651

Ameen Ali Ali, Itamar Zimerman, and Lior Wolf. 2025. 652
The hidden attention of mamba models. In Proceed- 653
ings of the 63rd Annual Meeting of the Association 654
for Computational Linguistics (Volume 1: Long Pa- 655
pers), pages 1516–1534, Vienna, Austria. Associa- 656
tion for Computational Linguistics. 657

Abhinav Anand, Shweta Verma, Krishna Narasimhan, 658
and Mira Mezini. 2024. A critical study of what code- 659
LLMs (do not) learn. In Findings of the Association 660
for Computational Linguistics: ACL 2024, pages 661
15869–15889, Bangkok, Thailand. Association for 662
Computational Linguistics. 663

Simran Arora, Sabri Eyuboglu, Aman Timalsina, Isys 664
Johnson, Michael Poli, James Zou, Atri Rudra, and 665
Christopher Ré. 2023. Zoology: Measuring and im- 666
proving recall in efficient language models. Preprint, 667
arXiv:2312.04927. 668

Seyedarmin Azizi, Souvik Kundu, Mohammad Erfan 669
Sadeghi, and Massoud Pedram. 2025. Mambaextend: 670
A training-free approach to improve long context 671
extension of mamba. In The Thirteenth International 672
Conference on Learning Representations. 673

Yonatan Belinkov. 2022. Probing classifiers: Promises, 674
shortcomings, and advances. Comput. Linguistics, 675
48(1):207–219. 676

J. M. Blackledge. 2006. Digital Signal Processing: 677
Mathematical And Computational Methods, Soft- 678
ware Development And Applications (Second Edi- 679
tion). Horwood Publishing Limited. 680

Tianyi Chen, Pengxiao Lin, Zhiwei Wang, and Zhi- 681
Qin John Xu. 2025. Achilles’ heel of mamba: Es- 682
sential difficulties of the mamba architecture demon- 683
strated by synthetic data. In The Thirty-ninth Annual 684
Conference on Neural Information Processing Sys- 685
tems. 686

Constantin Constantinescu and Remus Brad. 2023. An 687
overview on sound features in time and frequency 688
domain. International Journal of Advanced Statistics 689
and ITC for Economics and Life Sciences, 13:45–58. 690

Tri Dao and Albert Gu. 2024. Transformers are ssms: 691
generalized models and efficient algorithms through 692
structured state space duality. In Proceedings of the 693
41st International Conference on Machine Learning, 694
ICML’24. JMLR.org. 695

Daniel Y Fu, Tri Dao, Khaled Kamal Saab, Armin W 696
Thomas, Atri Rudra, and Christopher Re. 2023. Hun- 697
gry hungry hippos: Towards language modeling with 698
state space models. In The Eleventh International 699
Conference on Learning Representations. 700

9

https://doi.org/10.1109/CVPRW53098.2021.00096
https://doi.org/10.1109/CVPRW53098.2021.00096
https://doi.org/10.1109/CVPRW53098.2021.00096
https://doi.org/10.48550/arXiv.2306.11943
https://doi.org/10.48550/arXiv.2306.11943
https://doi.org/10.48550/arXiv.2306.11943
https://doi.org/10.48550/arXiv.2306.11943
https://doi.org/10.48550/arXiv.2306.11943
https://doi.org/10.18653/v1/2025.acl-long.76
https://doi.org/10.18653/v1/2024.findings-acl.939
https://doi.org/10.18653/v1/2024.findings-acl.939
https://doi.org/10.18653/v1/2024.findings-acl.939
https://arxiv.org/abs/2312.04927
https://arxiv.org/abs/2312.04927
https://arxiv.org/abs/2312.04927
https://openreview.net/forum?id=LgzRo1RpLS
https://openreview.net/forum?id=LgzRo1RpLS
https://openreview.net/forum?id=LgzRo1RpLS
https://openreview.net/forum?id=LgzRo1RpLS
https://openreview.net/forum?id=LgzRo1RpLS
https://doi.org/10.1162/coli_a_00422
https://doi.org/10.1162/coli_a_00422
https://doi.org/10.1162/coli_a_00422
https://openreview.net/forum?id=4p28lkk44b
https://openreview.net/forum?id=4p28lkk44b
https://openreview.net/forum?id=4p28lkk44b
https://openreview.net/forum?id=4p28lkk44b
https://openreview.net/forum?id=4p28lkk44b
https://doi.org/10.2478/ijasitels-2023-0006
https://doi.org/10.2478/ijasitels-2023-0006
https://doi.org/10.2478/ijasitels-2023-0006
https://doi.org/10.2478/ijasitels-2023-0006
https://doi.org/10.2478/ijasitels-2023-0006
https://openreview.net/forum?id=COZDy0WYGg
https://openreview.net/forum?id=COZDy0WYGg
https://openreview.net/forum?id=COZDy0WYGg
https://openreview.net/forum?id=COZDy0WYGg
https://openreview.net/forum?id=COZDy0WYGg


Albert Gu, Karan Goel, Ankit Gupta, and Christopher701
Ré. 2022a. On the parameterization and initializa-702
tion of diagonal state space models. In Advances in703
Neural Information Processing Systems, volume 35,704
pages 35971–35983. Curran Associates, Inc.705

Albert Gu, Karan Goel, and Christopher Re. 2022b. Ef-706
ficiently modeling long sequences with structured707
state spaces. In International Conference on Learn-708
ing Representations.709

Albert Gu, Isys Johnson, Karan Goel, Khaled Saab, Tri710
Dao, Atri Rudra, and Christopher Ré. 2021. Com-711
bining recurrent, convolutional, and continuous-time712
models with linear state space layers. In Advances in713
Neural Information Processing Systems, volume 34,714
pages 572–585.715

John Hewitt and Percy Liang. 2019. Designing and in-716
terpreting probes with control tasks. In Proceedings717
of the 2019 Conference on Empirical Methods in Nat-718
ural Language Processing and the 9th International719
Joint Conference on Natural Language Processing,720
EMNLP-IJCNLP 2019, Hong Kong, China, Novem-721
ber 3-7, 2019, pages 2733–2743. Association for722
Computational Linguistics.723

Ermo Hua, Che Jiang, Xingtai Lv, Kaiyan Zhang,724
Youbang Sun, Yuchen Fan, Xuekai Zhu, Biqing Qi,725
Ning Ding, and Bowen Zhou. 2025. Fourier position726
embedding: Enhancing attention’s periodic extension727
for length generalization. In Forty-second Interna-728
tional Conference on Machine Learning.729

Farnoush Rezaei Jafari, Grégoire Montavon,730
Klaus Robert Muller, and Oliver Eberle. 2024.731
MambaLRP: Explaining selective state space732
sequence models. In The Thirty-eighth Annual733
Conference on Neural Information Processing734
Systems.735

Samy Jelassi, David Brandfonbrener, Sham M. Kakade,736
and Eran Malach. 2024. Repeat after me: Trans-737
formers are better than state space models at copying.738
Preprint, arXiv:2402.01032.739

Anjan Karmakar and Romain Robbes. 2021. What740
do pre-trained code models know about code? In741
36th IEEE/ACM International Conference on Auto-742
mated Software Engineering, ASE 2021, Melbourne,743
Australia, November 15-19, 2021, pages 1332–1336.744
IEEE.745

Raymond Li, Loubna Ben allal, Yangtian Zi, Niklas746
Muennighoff, Denis Kocetkov, Chenghao Mou, Marc747
Marone, Christopher Akiki, Jia LI, Jenny Chim,748
Qian Liu, Evgenii Zheltonozhskii, Terry Yue Zhuo,749
Thomas Wang, Olivier Dehaene, Joel Lamy-Poirier,750
Joao Monteiro, Nicolas Gontier, Ming-Ho Yee, and751
39 others. 2023. Starcoder: may the source be with752
you! Transactions on Machine Learning Research.753

José Antonio Hernández López, Martin Weyssow,754
Jesús Sánchez Cuadrado, and Houari A. Sahraoui.755
2022. Ast-probe: Recovering abstract syntax trees756
from hidden representations of pre-trained language757

models. In 37th IEEE/ACM International Confer- 758
ence on Automated Software Engineering, ASE 2022, 759
Rochester, MI, USA, October 10-14, 2022, pages 760
11:1–11:11. ACM. 761

Jiahao Lu. 2025. Frequency regularization: Unveiling 762
the spectral inductive bias of deep neural networks. 763
Preprint, arXiv:2512.22192. 764

Shuai Lu, Daya Guo, Shuo Ren, Junjie Huang, Alexey 765
Svyatkovskiy, Ambrosio Blanco, Colin Clement, 766
Dawn Drain, Daxin Jiang, Duyu Tang, Ge Li, Li- 767
dong Zhou, Linjun Shou, Long Zhou, Michele Tu- 768
fano, MING GONG, Ming Zhou, Nan Duan, Neel 769
Sundaresan, and 3 others. 2021. CodeXGLUE: A 770
machine learning benchmark dataset for code under- 771
standing and generation. In Thirty-fifth Conference 772
on Neural Information Processing Systems Datasets 773
and Benchmarks Track (Round 1). 774

Melody L. Massar, Matthew Fickus, Erik Bryan, Dou- 775
glas T. Petkie, and Andrew J. Terzuoli. 2011. Fast 776
computation of spectral centroids. Adv. Comput. 777
Math., 35(1):83–97. 778

Rowan Hall Maudslay, Josef Valvoda, Tiago Pimentel, 779
Adina Williams, and Ryan Cotterell. 2020. A tale 780
of a probe and a parser. In Proceedings of the 781
58th Annual Meeting of the Association for Com- 782
putational Linguistics, ACL 2020, Online, July 5-10, 783
2020, pages 7389–7395. Association for Computa- 784
tional Linguistics. 785

William Merrill, Jackson Petty, and Ashish Sabharwal. 786
2024. The illusion of state in state-space models. In 787
Proceedings of the 41st International Conference on 788
Machine Learning, ICML’24. JMLR.org. 789

Eric Nguyen, Karan Goel, Albert Gu, Gordon W. 790
Downs, Preey Shah, Tri Dao, Stephen A. Baccus, 791
and Christopher Ré. 2022. S4nd: modeling images 792
and videos as multidimensional signals using state 793
spaces. In Proceedings of the 36th International Con- 794
ference on Neural Information Processing Systems, 795
NIPS ’22, Red Hook, NY, USA. Curran Associates 796
Inc. 797

Naoki Nishikawa and Taiji Suzuki. 2025. State space 798
models are provably comparable to transformers in 799
dynamic token selection. In The Thirteenth Interna- 800
tional Conference on Learning Representations. 801

Gonçalo Paulo, Thomas Marshall, and Nora Belrose. 802
2024. Does transformer interpretability transfer to 803
rnns? Preprint, arXiv:2404.05971. 804

Biqing Qi, Junqi Gao, Kaiyan Zhang, Dong Li, Jianxing 805
Liu, Ligang Wu, and Bowen Zhou. 2024. SMR: 806
State memory replay for long sequence modeling. 807
In Findings of the Association for Computational 808
Linguistics: ACL 2024, pages 8102–8116, Bangkok, 809
Thailand. Association for Computational Linguistics. 810

Srividya Ravikumar, Abhinav Anand, Shweta Verma, 811
and Mira Mezini. 2026. Analysis of long range 812
dependency understanding in state space models. 813
Preprint, arXiv:2601.13048. 814

10

https://openreview.net/forum?id=yJE7iQSAep
https://openreview.net/forum?id=yJE7iQSAep
https://openreview.net/forum?id=yJE7iQSAep
https://openreview.net/forum?id=uYLFoz1vlAC
https://openreview.net/forum?id=uYLFoz1vlAC
https://openreview.net/forum?id=uYLFoz1vlAC
https://openreview.net/forum?id=uYLFoz1vlAC
https://openreview.net/forum?id=uYLFoz1vlAC
https://proceedings.neurips.cc/paper_files/paper/2021/file/05546b0e38ab9175cd905eebcc6ebb76-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2021/file/05546b0e38ab9175cd905eebcc6ebb76-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2021/file/05546b0e38ab9175cd905eebcc6ebb76-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2021/file/05546b0e38ab9175cd905eebcc6ebb76-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2021/file/05546b0e38ab9175cd905eebcc6ebb76-Paper.pdf
https://doi.org/10.18653/v1/D19-1275
https://doi.org/10.18653/v1/D19-1275
https://doi.org/10.18653/v1/D19-1275
https://openreview.net/forum?id=ZfDNDkg7Dh
https://openreview.net/forum?id=ZfDNDkg7Dh
https://openreview.net/forum?id=ZfDNDkg7Dh
https://openreview.net/forum?id=ZfDNDkg7Dh
https://openreview.net/forum?id=ZfDNDkg7Dh
https://openreview.net/forum?id=2n1Ysn1EDl
https://openreview.net/forum?id=2n1Ysn1EDl
https://openreview.net/forum?id=2n1Ysn1EDl
https://arxiv.org/abs/2402.01032
https://arxiv.org/abs/2402.01032
https://arxiv.org/abs/2402.01032
https://doi.org/10.1109/ASE51524.2021.9678927
https://doi.org/10.1109/ASE51524.2021.9678927
https://doi.org/10.1109/ASE51524.2021.9678927
https://openreview.net/forum?id=KoFOg41haE
https://openreview.net/forum?id=KoFOg41haE
https://openreview.net/forum?id=KoFOg41haE
https://doi.org/10.1145/3551349.3556900
https://doi.org/10.1145/3551349.3556900
https://doi.org/10.1145/3551349.3556900
https://doi.org/10.1145/3551349.3556900
https://doi.org/10.1145/3551349.3556900
https://arxiv.org/abs/2512.22192
https://arxiv.org/abs/2512.22192
https://arxiv.org/abs/2512.22192
https://openreview.net/forum?id=6lE4dQXaUcb
https://openreview.net/forum?id=6lE4dQXaUcb
https://openreview.net/forum?id=6lE4dQXaUcb
https://openreview.net/forum?id=6lE4dQXaUcb
https://openreview.net/forum?id=6lE4dQXaUcb
https://doi.org/10.1007/s10444-010-9167-y
https://doi.org/10.1007/s10444-010-9167-y
https://doi.org/10.1007/s10444-010-9167-y
https://doi.org/10.18653/v1/2020.acl-main.659
https://doi.org/10.18653/v1/2020.acl-main.659
https://doi.org/10.18653/v1/2020.acl-main.659
https://openreview.net/forum?id=QFgbJOYJSE
https://openreview.net/forum?id=QFgbJOYJSE
https://openreview.net/forum?id=QFgbJOYJSE
https://openreview.net/forum?id=QFgbJOYJSE
https://openreview.net/forum?id=QFgbJOYJSE
https://arxiv.org/abs/2404.05971
https://arxiv.org/abs/2404.05971
https://arxiv.org/abs/2404.05971
https://doi.org/10.18653/v1/2024.findings-acl.483
https://doi.org/10.18653/v1/2024.findings-acl.483
https://doi.org/10.18653/v1/2024.findings-acl.483
https://arxiv.org/abs/2601.13048
https://arxiv.org/abs/2601.13048
https://arxiv.org/abs/2601.13048


Liliang Ren, Yang Liu, Yadong Lu, yelong shen, Chen815
Liang, and Weizhu Chen. 2025. Samba: Simple hy-816
brid state space models for efficient unlimited context817
language modeling. In The Thirteenth International818
Conference on Learning Representations.819

Jianlin Su, Murtadha Ahmed, Yu Lu, Shengfeng Pan,820
Wen Bo, and Yunfeng Liu. 2024. Roformer: En-821
hanced transformer with rotary position embedding.822
Neurocomput., 568(C).823

Sora Togawa and Kenya Jin’no. 2025. Understanding824
convolutional neural networks through z-transform:825
Frequency domain analysis of kernel feature extrac-826
tion. Nonlinear Theory and Its Applications, IEICE,827
16(4):878–895.828

Ilya Tolstikhin, Neil Houlsby, Alexander Kolesnikov,829
Lucas Beyer, Xiaohua Zhai, Thomas Unterthiner, Jes-830
sica Yung, Andreas Steiner, Daniel Keysers, Jakob831
Uszkoreit, Mario Lucic, and Alexey Dosovitskiy.832
2021. Mlp-mixer: An all-mlp architecture for vi-833
sion. Preprint, arXiv:2105.01601.834

Asher Trockman and J. Zico Kolter. 2022. Patches are835
all you need? Preprint, arXiv:2201.09792.836

Shweta Verma, Abhinav Anand, and Mira Mezini. 2025.837
CodeSSM: Towards state space models for code un-838
derstanding. In Proceedings of the 2025 Conference839
on Empirical Methods in Natural Language Process-840
ing, pages 34219–34235, Suzhou, China. Association841
for Computational Linguistics.842

Yao Wan, Wei Zhao, Hongyu Zhang, Yulei Sui, Guan-843
dong Xu, and Hai Jin. 2022. What do they capture? a844
structural analysis of pre-trained language models for845
source code. In Proceedings of the 44th International846
Conference on Software Engineering, ICSE ’22, page847
2377–2388, New York, NY, USA. Association for848
Computing Machinery.849

Junxiong Wang, Jing Nathan Yan, Albert Gu, and850
Alexander Rush. 2023. Pretraining without attention.851
In Findings of the Association for Computational852
Linguistics: EMNLP 2023, pages 58–69, Singapore.853
Association for Computational Linguistics.854

Shida Wang and Qianxiao Li. 2024. Stablessm: alle-855
viating the curse of memory in state-space models856
through stable reparameterization. In Proceedings of857
the 41st International Conference on Machine Learn-858
ing, ICML’24. JMLR.org.859

Kang Yang, Xinjun Mao, Shangwen Wang, Yihao Qin,860
Tanghaoran Zhang, Yao Lu, and Kamal Al-Sabahi.861
2023. An extensive study of the structure features862
in transformer-based code semantic summarization.863
In 31st IEEE/ACM International Conference on Pro-864
gram Comprehension, ICPC 2023, Melbourne, Aus-865
tralia, May 15-16, 2023, pages 89–100. IEEE.866

Yichu Zhou and Vivek Srikumar. 2021. Directprobe:867
Studying representations without classifiers. In Pro-868
ceedings of the 2021 Conference of the North Amer-869
ican Chapter of the Association for Computational870

Linguistics: Human Language Technologies, NAACL- 871
HLT 2021, Online, June 6-11, 2021, pages 5070– 872
5083. Association for Computational Linguistics. 873

Itamar Zimerman, Ameen Ali, and Lior Wolf. 2024. 874
Explaining modern gated-linear rnns via a uni- 875
fied implicit attention formulation. Preprint, 876
arXiv:2405.16504. 877

Simiao Zuo, Xiaodong Liu, Jian Jiao, Denis X Charles, 878
Eren Manavoglu, Tuo Zhao, and Jianfeng Gao. 2024. 879
Efficient hybrid long sequence modeling with state 880
space augmented transformers. In First Conference 881
on Language Modeling. 882

A Additional Related Works 883

Frequency Domain Analysis. 884

Prior research on frequency-domain analysis 885

has primarily focused on feature extraction within 886

Convolutional Neural Networks (CNNs) or input- 887

dependent filter analysis. For instance, Togawa 888

and Jin’no (2025) evaluated CNN kernels via the 889

Z-transform to classify them based on their am- 890

plitude spectrum medians. Additionally, a more 891

recent work (Ravikumar et al., 2026) focuses on 892

the analysis of CNNs and single layer SSMs using 893

time and frequency domain analysis. The classi- 894

fication criteria used by Ravikumar et al. (2026) 895

is based on dominant frequency. The work also 896

shows how long-range dependency understanding 897

varies across different architectures of SSMs. How- 898

ever, we have talked about the disadvantages of 899

relying on dominant frequency in Section 4.1. 900

In the context of generalization, Lu (2025) 901

demonstrated that regularization enforces a strong 902

spectral bias towards low frequencies. Similarly, 903

regarding architectural constraints, Nguyen et al. 904

(2022) filtered out high-frequency components to 905

prevent aliasing in multi-dimensional state space 906

models, while Abello et al. (2021) found that CNNs 907

exhibit a tendency to learn high- and mid-frequency 908

patterns over low-frequency ones. Frequency- 909

domain analysis has also been applied to Trans- 910

formers to understand length generalization (Hua 911

et al., 2025), though this work was restricted to 912

positional embeddings. In contrast to these ap- 913

proaches, ours is the first to develop a framework 914

specifically for the frequency-domain analysis of 915

SSM kernels, a framework that remains applicable 916

to CNNs as well. 917

Explainability in SSMs. Numerous studies 918

have conducted both theoretical and empirical anal- 919

yses of selective state space models (SSM), partic- 920

ularly Mamba. These investigations have identified 921
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Figure 5: Filter classification of each layer of the CodeSSM on the basis of spectral centroid and LHFR.

several notable limitations of Mamba. For exam-922

ple, Chen et al. (2025) demonstrate that Mamba923

relies on non-linear convolution to retrieve relevant924

information, and that this non-linearity introduces925

an asymmetry bias, which impedes the model’s926

ability to recognize symmetrical patterns and re-927

lationships. The authors propose straightforward928

mitigation strategies, such as incorporating resid-929

ual paths or gating around the convolution, and930

report promising improvements in SSM models.931

However, their analysis is restricted to synthetic932

tasks. Jafari et al. (2024) apply Layer-wise Rele-933

vance Propagation (LRP) to Mamba and identify934

specific architectural components responsible for935

generating unfaithful explanations. They further936

introduce more interpretable variants of Mamba,937

termed MambaLRP. Additional studies have em-938

ployed attention-based explainability techniques939

for Mamba (Zimerman et al., 2024). Ali et al.940

(2025) argue that Mamba can be interpreted as941

an attention-based model and provide a theoretical942

comparison between the mechanisms underlying943

Mamba and those of attention. In their analysis,944

they reformulate Mamba layers as self-attention945

and conduct attention-based evaluations. Further-946

more, Jelassi et al. (2024) and Arora et al. (2023)947

report that Mamba exhibits difficulties with input948

copying tasks.949

Qi et al. (2024) employed event-triggered con-950

trol to conduct a theoretical analysis of the stabil- 951

ity of SSMs. Wang and Li (2024) demonstrated 952

that SSMs lacking reparameterization are subject 953

to the "curse of memory," a limitation also ob- 954

served in Recurrent Neural Networks. They in- 955

troduced a novel reparameterization that enhances 956

model performance compared to the approach in 957

Gu et al. (2022b). Merrill et al. (2024) estab- 958

lished that SSMs, like Transformers, are inca- 959

pable of representing complex state-tracking prob- 960

lems. The authors further showed that the expres- 961

sive power of SSMs can be increased by utilizing 962

input-dependent transition matrices. Additionally, 963

Nishikawa and Suzuki (2025) found that SSMs, 964

when combined with specific non-linearities, ex- 965

hibit dynamic token selection abilities comparable 966

to those of Transformers. 967

B Kernel Analysis 968

B.1 Kernel Classification 969

We analyze both the forward and backward kernels 970

of CodeSSM across all 12 layers, classifying their 971

behavior based on the frequency ranges they am- 972

plify or attenuate. Kernels are categorized as low- 973

pass, high-pass, or band-pass, reflecting whether 974

they primarily capture long-range dependencies or 975

focus on local interactions (Ravikumar et al., 2026). 976

Low-pass kernels correspond to long-range depen- 977

dency capture, whereas high-pass kernels empha- 978
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Figure 6: Relationship between frequency ranges and code patterns.

size local dependencies. The relationship between979

frequency and code token representation is illus-980

trated in Figure 6.981

In the kernel analysis, we characterize the fre-982

quency response of the filters based on the concept983

that originates from signal processing. The kernel984

weights represent the contribution of the token at985

each time step in the sequence to the current to-986

ken prediction. Since these weights are learned987

parameters rather than data samples, we compute988

the Fourier Transform of the kernel weights using989

a sample rate fs = 1.0, meaning one sample per unit990

time. Because frequency components are normal-991

ized, the resulting frequencies are relative rather992

than absolute. We therefore measure the relative993

energy distribution across frequencies to classify994

filters.995

In traditional signal analysis, the cutoff fre-996

quency is used for non-normalized responses where997

frequency is measured in cycles per second. How-998

ever, since our kernel frequencies are normalized,999

a specific cutoff frequency is not meaningful. In-1000

stead, we use the spectral centroid and the Low-to-1001

High Frequency Ratio (LHFR) as proxy measures1002

for cutoff frequency. While LHFR can depend on1003

the choice of cutoff or median frequency, we found1004

that using the median often introduced numerous1005

outliers. To address this, we qualitatively analyzed1006

the kernels and experimented with multiple thresh-1007

old values. The most stable results—yielding no1008

outliers across all CodeSSM model kernels—were 1009

achieved by defining low- and high-frequency en- 1010

ergy thresholds at 10% and 40%, respectively. 1011

We also performed multiple ablation studies 1012

varying the spectral centroid and LHFR thresh- 1013

olds to refine the classification criteria. For the 1014

CodeSSM model and its variants, the threshold val- 1015

ues reported in the paper provided the most consis- 1016

tent and robust classification, minimizing outliers 1017

across all experiments. The final kernel classifica- 1018

tion results using the selected criteria are shown in 1019

Figure 5. 1020

B.2 Effect of Kernel Length 1021

The Spectral Centroid (SC) and LHFR are com- 1022

puted over normalized frequencies and are invari- 1023

ant to absolute kernel length. We observe a change 1024

of less than 0.8% on SC when the kernel length is 1025

increased from 256 to 4096. The filter classifica- 1026

tions are therefore stable across sequence lengths. 1027

Importantly, the kernel classification remains the 1028

same for kernels of size 4096 and 256. Thus, the 1029

same conclusions hold for smaller or larger ker- 1030

nels under a given training setup. This means that 1031

SSM-Interpret generalizes to longer-context scenar- 1032

ios: as sequence length scales, the metrics remain 1033

meaningful and the framework remains applicable 1034

without modification. 1035

The filter classification in paper is on kernel 1036

length 4096. 1037
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B.3 Spectral Behaviour of SSM Kernels1038

In addition to the filter classification of the kernels,1039

we also show the spectral power of the kernels as a1040

heatmap in Figure 13. The layers with warm colors1041

(high spectral power) at lower frequencies and cool1042

colors (low spectral power) at higher frequencies1043

show low pass behavior. A constant cool color1044

(low spectral power) across low to high frequencies1045

shows high pass behavior. A slight change in color1046

(small change in spectral power) from low to high1047

frequencies show band pass behavior. We can also1048

see a lot of warm colors in CodeSSM-8k at lower1049

frequencies which shows a higher spectral power1050

towards lower frequencies. Additionally, we ob-1051

serve a lot of variation in spectral power at different1052

frequencies, which shows that each kernel focus on1053

different characteristics of code.1054

B.4 Kernels of CodeSSM-8k1055

CodeSSM-8k is the best performing CodeSSM vari-1056

ant and has 8 kernel per layer. We studied the1057

kernels of this model. The kernels for layer 1 are1058

shown in Figure 15 and mean of all 8 kernels of1059

each layer is shown in Figure 13. Some character-1060

istics of these kernels stand out.1061

First, the kernels model complex relations across1062

tokens, similar to CodeSSM-HF model. Second,1063

we observe redundancies and range shifts. For1064

example, the third and fifth forward kernels capture1065

similar relations. But the third kernel encode it at a1066

shorter range (higher spectral centroid) while the1067

fifth kernel encode similar relations among tokens1068

at longer distances. Similarly, the third and fifth1069

backward kernels encode similar relations. But1070

the third one allocates higher magnitude to lower1071

frequency.1072

With just 8 kernels, the SSM block is able to1073

model complex token relations. Increasing the1074

number of kernels can result in more redundan-1075

cies and does not contribute to the performance.1076

Additionally, with significantly more kernels (for1077

example, 1024), there is a higher chance of out of1078

phase kernels in forward and backward paths which1079

can cancel out the encoded token relations when1080

the hidden representation of forward and backward1081

paths are multiplied (equivalent to convolution in1082

frequency domain). We believe this is the reason1083

for lower performance of CodeSSM-1024kernel.1084

B.5 Regularization in CodeSSM 1085

The low- and high-pass filter behaviors of the SSM 1086

kernel also help explain other observations about 1087

CodeSSM (Verma et al., 2025). Prior studies have 1088

reported a high-frequency bias in CNNs (Abello 1089

et al., 2021), but our analysis finds no such bias 1090

in CodeSSM. Regularization techniques such as 1091

dropout and L2 have been shown to mitigate high- 1092

frequency bias (Lu, 2025). However, since the 1093

SSM in CodeSSM is not inherently biased toward 1094

high frequencies, such regularization is unneces- 1095

sary. Indeed, Verma et al. (2025) report that incor- 1096

porating dropout in CodeSSM actually decreases 1097

performance. 1098

C Hidden Representation Analysis 1099

C.1 DirectProbe 1100

DirectProbe takes as input a dataset of token rep- 1101

resentation pairs, each annotated with a relational 1102

label (e.g., the existence of an edge in a Data Flow 1103

Graph). The algorithm employs an agglomera- 1104

tive clustering approach: initializing each pair as 1105

a distinct cluster, it iteratively merges the nearest 1106

cl2usters, subject to the constraint that the convex 1107

hull of the merged cluster must not intersect with 1108

the convex hulls of clusters having different labels. 1109

We provide a visual illustration of DirectProbe in 1110

Figure 7. Each data point in the input data consists 1111

of hidden representation H l
i and H l

j for tokens i 1112

and j at the output of layer l and a label. As shown 1113

in Figure 7, DirectProbe starts with each hidden 1114

representation point as a separate cluster. Then 1115

nearest clusters with the same labels are merged 1116

provided the convex hull of the merged cluster does 1117

not overlap with any other cluster. The process re- 1118

sults in non-overlapping clusters with each cluster 1119

having a single label. 1120

We perform the analysis with three tasks: 1121

Distance prediction. The labels are distance 1122

in the AST and range from 2 (minimum possible 1123

distance in the tree) to 6. We ignore any token pairs 1124

with a distance longer than 6. The clustering is 1125

done over difference of the hidden representation. 1126

Siblings prediction. The labels are siblings 1127

and notsiblings. The clustering is done over the 1128

concatenated hidden representations of the two to- 1129

kens. 1130

Edge prediction. The labels are noedge, 1131

comesfrom and computedfrom. The clustering 1132

is done over the concatenated hidden representation 1133

of the two tokens. 1134
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Figure 7: Visual representation of DirectProbe.

On each task, we run the analysis once for each1135

layer of the model.1136

C.2 Models1137

We focus on encoder-only architectures as they1138

have been shown to capture code syntax and se-1139

mantics more effectively than significantly larger1140

decoder-only counterparts (Anand et al., 2024).1141

RoCoder adapts the BERT architecture by replac-1142

ing absolute positional embeddings with Rotary1143

Positional Embeddings (RoPE) (Su et al., 2024)1144

to enable length generalization. CodeSSM is built1145

upon the BiGS architecture (Wang et al., 2023),1146

with its layer structure detailed in Fig. 1.1147

D Length Extrapolation1148

We performed direct probe analysis of CodeSSM1149

and RoCoder on varying lengths: 1) Short (up to1150

500), 2) Medium (1k-2k), 3) Long (2k-8k). The1151

results on short lengths are presented in Figure 2a,1152

which shows that CodeSSM captures more syntac-1153

tic and semantic properties of code than RoCoder.1154

The results for medium lengths for CodeSSM and1155

RoCoder are shown in Figure 8. The results for1156

long length are only available for CodeSSM (shown1157

in Figure 9) because RoCoder consumes signifi-1158

cantly more memory, and it was not possible to do1159

the analysis with the resources we have. We ob-1160

serve that the gap between CodeSSM and RoCoder1161

increases with increasing context length. CodeSSM1162

captures better syntactic and semantic properties at1163

longer lengths.1164

CodeSSM shows remarkable length extrapola-1165

tion up to 8k context length, which is 32 times the1166

pretraining length, while maintaining both syntac-1167

tic and semantic performance. In Figure 10, we1168

observe that CodeSSM shows the best accuracy1169

in capturing semantic properties (i.e., on the DFG1170

task) for long lengths. The superior performance1171

on the DFG task implies that CodeSSM captures 1172

long-range dependencies very well (especially for 1173

long lengths). While we observe that CodeSSM 1174

shows significantly better understanding of long- 1175

range dependencies at long lengths, it shows rep- 1176

resentational degradation in later layers for local 1177

dependencies (i.e., siblings tasks) at long lengths. 1178

The exact mechanism that enables CodeSSM to 1179

extrapolate to such a large context is unclear. We 1180

hypothesize that it is due to the Discrete Fourier 1181

Transform (DFT) in the convolution operation. 1182

Numerous variants of Positional Embeddings 1183

have been proposed for the Transformer architec- 1184

ture. RoPE (Su et al., 2024) is the one most com- 1185

monly used. However, RoPE provides about 2x 1186

extrapolation over pretraining context length. Hua 1187

et al. (2025) showed that RoPE implicitly performs 1188

non-uniform DFT. However, RoPE suffers from 1189

spectral leakage due to a single frequency for each 1190

dimension. Hua et al. (2025) proposed FoPE which 1191

uses a mixture of frequency across each dimension 1192

to avoid spectral leakage. FoPE provides upto 4x 1193

extrapolation over pretraining context size. 1194

S4D performs explicit DFT in the convolution 1195

operation. Additionally, each dimension comprises 1196

of a mixture of frequency, just like FoPE. However, 1197

unlike FoPE, the basis of the frequency mixture is 1198

defined by the A matrix, which has a special ini- 1199

tialization – HiPPO (Fu et al., 2023). The HiPPO 1200

matrix is designed to improve the long-range mem- 1201

ory and thus this special initialization might be the 1202

reason for the extreme length extrapolation. Posi- 1203

tional Embedding derived from the HiPPO matrix 1204

might also help improve length extrapolation of 1205

Transformers. However, additional experiments is 1206

required to validate this claim robustly. Besides, 1207

the HiPPO initialization, the learnable parameters 1208

might also help SSM adapt the token relations to 1209

the data. 1210
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However, SSM alone is not sufficient for length1211

extrapolation (Ravikumar et al., 2026) and has not1212

achieved success on practical real-world applica-1213

tions. In CodeSSM, the SSM routing comprises of1214

two feed forward networks, one preceding and one1215

following the SSM block. This architectural setup1216

is similar to the previously proposed MLP-Mixer1217

(Tolstikhin et al., 2021) and Conv-Mixer (Trock-1218

man and Kolter, 2022) architectures. Similar to1219

these architectures, the CodeSSM model separates1220

the channel-wise mixing (using feed forward layer)1221

and the length-wise mixing (using S4D). CodeSSM1222

differs in that the length-wise mixing is performed1223

globally over the entire sequence length.1224

E Long Range Probing Tasks1225

We would like to explain why our probing tasks cap-1226

ture long-range dependencies in the sense most rel-1227

evant to code. Long-range dependency discussions1228

in the literature are typically framed in terms of to-1229

ken distance. However, probing tasks for code are1230

performed over structural representations — AST1231

and DFG — because these capture the semantically1232

meaningful relationships in programs, which do not1233

necessarily align with token distance. A distance1234

of 5–6 in the AST, or an edge in the DFG between1235

two variable occurrences, can span a substantial1236

number of tokens depending on nesting depth, loop1237

structure, and branch complexity. Our distance1238

prediction task explicitly evaluates performance at1239

AST distances 2–6 (Figure 4), with distances 5–61240

corresponding to structurally distant token pairs.1241

Similarly, DFG edge prediction captures data-flow1242

dependencies between variables that may be arbi-1243

trarily far apart in token space. We also present1244

some examples from our dataset which show that1245

our tasks require long-range dependency under-1246

standing. We present some examples for DFG in1247

Figure 16 and Figure 17. There are 1099 and 14861248

tokens between two positions variables and the1249

two start_time variables respectively.1250

F Additional Evaluation Results1251

In this section, we present additional evaluation1252

results. Figure 12 shows the comparison between1253

the two models and their fine-tuned version. We1254

can observe the forgetting of code properties after1255

finetuning on type inference. We also show the1256

comparison of RoCoder with its finetuned variants1257

in Figure 11a.1258

Additional forward and backward kernels have1259

Table 2: Comparison of CodeSSM-HF with convolution
group sizes of 4 and 8.

MODEL TYPE INFERENCE
(F1)

CODESSM-HF-GRP-4 58.76
CODESSM-HF-GRP-8 60.04

been shown in Figure 14. The figure shows kernel 1260

for first layer, middle layer (layer 5) and last layer 1261

for both the models. The visualization of these 1262

kernels shows that CodeSSM-HF kernels learns 1263

more complex relations between tokens compared 1264

to CodeSSM across all layers. 1265

G Training Details 1266

All variants of CodeSSM compared in Table 1 were 1267

trained under same conditions. The pre-training 1268

was done on 4 A100 80GB GPUs. The models 1269

were first trained on Wikipedia data with a se- 1270

quence length of 128 and and a batch size of 256 1271

for 3 days. The models were then trained on 1.8 1272

million git issues samples from StarCoder dataset 1273

(Li et al., 2023) for 10 epochs with a per GPU batch 1274

size of 64 and 256 sequence length. Finally, the 1275

models were trained on 1.8 million code samples 1276

from StarCoder dataset with a per GPU batch size 1277

of 64 and 256 sequence length. For all pretraining, 1278

the learning rate is 5e− 5 with a cosine scheduler 1279

and 300 warm up steps. 1280

The training on git issues and code follows 1281

Verma et al. (2025) but the training on Wikipedia 1282

data is significantly less than that of BiGS Wang 1283

et al. (2023). This results in a slightly lower per- 1284

formance of CodeSSM trained by us compared to 1285

Verma et al. (2025). Similar to Verma et al. (2025), 1286

we used the CodeT5plus-220m tokenizer. 1287

H CodeSSM-HF Group Size 1288

We experiment with group sizes of 4 and 8. We 1289

found that having a group size of 8, despite having 1290

fewer parameters, performed better than group size 1291

of 4. The results of both the configuration is shown 1292

in Table 2. 1293
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Figure 8: Comparison of hidden representation of CodeSSM and RoCoder on distance (left), siblings (center) and
edge (right) prediction tasks for medium lengths.
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Figure 9: Comparison of hidden representation of CodeSSM and RoCoder on distance (left), siblings (center) and
edge (right) prediction tasks for long lengths.
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Figure 10: Comparison of hidden representation of CodeSSM on distance (left), siblings (center) and edge (right)
prediction tasks with varying context lengths.
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(a) Analysis results of RoCoder in comparsion with its finetuned variants.

17



3 4 6 8 10 11
layer

0.52

0.54

0.56

0.58

0.60

0.62

m
ea

n 
ac

cu
ra

cy
 a

cr
os

s l
ab

el
s

0.590
0.603

0.621 0.623
0.632
0.626

0.559

0.574

0.595

0.581

0.515
codeSSM
rocoder

3 4 6 8 10 11
layer

0.55

0.56

0.57

0.58

0.59

0.60

0.61

0.62

m
ea

n 
ac

cu
ra

cy
 a

cr
os

s l
ab

el
s

0.588
0.583

0.591

0.618

0.605

0.590

0.573 0.574
0.578

0.547

codessm_sqa
rocoder_sqa

3 4 6 8 10 11
layer

0.52

0.54

0.56

0.58

0.60

0.62

m
ea

n 
ac

cu
ra

cy
 a

cr
os

s l
ab

el
s

0.550 0.549 0.548 0.548
0.537

0.530

0.602
0.612

0.626 0.625

0.534

0.516
codessm_typeinf
rocoder_typeinf

(a) DirectProbe distance prediction task
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(b) DirectProbe siblings prediction task
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(c) DirectProbe DFG edge prediction task

Figure 12: Comparative analysis of hidden representation of CodeSSM and RoCoder (left), after finetuning on SQA
(center) and after finetuning on type inference (right) for some layers.
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(a) CodeSSM
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(b) CodeSSM_sqa
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(c) CodeSSM_typeinf
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(d) CodeSSM-8k

Figure 13: Heatmap visualization of spectral powers of CodeSSM, CodeSSM_sqa, CodeSSM_typeinf and CodeSSM-
8k. For the CodeSS-8k model, we take the mean over all kernels. The visualization shows the richer token relations
learnt in the case of CodeSSM-8k.
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(a) CodeSSM Kernels
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(b) CodeSSM-HF kernels

Figure 14: Additional kernel visualization showing kernels of layer 1 (left), layer 5 (center) and the last layer (right).
In each sub-figure top row shows forward kernels and bottom row shows backward kernels. The visualization shows
the richer kernels learned by CodeSSM-HF.
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(a) Forward kernels of layer 1 of CodeSSM-8k.
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(b) Backward kernels of layer 1 of CodeSSM-8k.

Figure 15: The forward and backward kernels of layer 1 of CodeSSM-8k model.
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Figure 16: Example of code where DFG represents long range dependencies. The highlighted variables have a DFG
edge and have 1099 tokens between them.
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Figure 17: Example of code where DFG represents long range dependencies. The highlighted variables have a DFG
edge and have 1486 tokens between them.
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