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Abstract001

Standard Transformers rely on scaling static002
dense layers for capacity, leading to signifi-003
cant memory and computational redundancy.004
Existing efficiency methods like Mixture-of-005
Experts (MoE) or static low-rank factorization006
introduce trade-offs in routing complexity or007
limited expressivity. We introduce Context-008
Conditioned Linear Layers (CCL), a drop-in009
replacement for dense layers that replaces static010
matrices with a dynamic composition mecha-011
nism. CCL learns a compact Basis Dictionary012
and a lightweight Global Context Manager.013
For each token, the model dynamically mod-014
ulates the basis to construct a unique, token-015
specific linear operator. This yields high ex-016
pressed capacity, spanning a high-dimensional017
subspace across the sequence, while minimiz-018
ing stored capacity. Empirical results demon-019
strate that CCL significantly improves perplex-020
ity–parameter trade-offs. A 10.3M parameter021
model achieves lower perplexity than a 70.5M022
dense baseline , representing a 6.8x reduction023
in size with superior performance, all while pre-024
serving hardware-friendly dense linear algebra.025

1 Introduction026

Linear transformations account for a substantial027

fraction of both parameters and computation in028

Transformer-based language models. As models029

scale, these layers increasingly dominate infer-030

ence cost, motivating parameter-efficient alterna-031

tives such as low-rank factorization and mixture-032

of-experts (MoE) architectures. However, existing033

approaches expose a trade-off: static low-rank lay-034

ers restrict all inputs to a fixed subspace, while035

MoE methods rely on sparse routing that can be036

memory-bound and inefficient on modern accelera-037

tors.038

We address this limitation by introducing039

Context-Conditioned Linear Layers (CCL), which040

make linear transformations explicitly dependent041

on input context. Instead of learning a single static042

weight matrix or routing tokens to experts, CCL 043

constructs token-specific effective projections by 044

gating a small set of shared basis components using 045

a continuous context signal. This allows each to- 046

ken to induce a distinct linear transformation while 047

reusing a compact parameterization. 048

Although each effective projection is low-rank, 049

we show that the set of transformations realized 050

across a sequence exhibits high effective rank, pro- 051

viding substantially greater capacity than static low- 052

rank baselines. Importantly, CCL uses only dense 053

matrix multiplications and elementwise operations, 054

avoiding sparse indexing and enabling efficient ex- 055

ecution on GPUs. 056

Experiments on Transformer language models 057

demonstrate that CCL improves perplexity under 058

matched parameter budgets and achieves favorable 059

FLOPs–performance trade-offs. These results sug- 060

gest that context-conditioned linear operators of- 061

fer a simple and hardware-efficient alternative to 062

expert-based and static low-rank designs. 063

2 Related Work 064

Efficient Transformers and Sparsity. The domi- 065

nant approach to scaling Transformer capacity with- 066

out proportional computational cost is the Mixture- 067

of-Experts (MoE) paradigm (Shazeer et al., 2017; 068

Lepikhin et al., 2021). MoE models route tokens 069

to discrete expert subnetworks, enabling massive 070

parameter counts with constant inference FLOPs. 071

However, MoE introduces significant challenges: 072

routing instability, expert collapse, and hardware 073

inefficiency due to sparse memory access patterns. 074

Our work shares the goal of decoupling parame- 075

ter count from FLOPs but diverges in mechanism. 076

Unlike MoE, CCL uses a single dense pathway 077

without discrete routing, preserving the hardware 078

efficiency of dense matrix multiplications while 079

achieving dynamic capacity via basis modulation. 080
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Dynamic Weights and Hypernetworks. Hyper-081

networks (Ha et al., 2017) generate the weights of082

a target network based on context. While powerful,083

standard hypernetworks are prohibitively expen-084

sive for large language models, as generating a085

full d × d matrix requires O(d2) operations per086

token. Fast Weight Programmers (Schlag et al.,087

2021) and linear attention variants explore simi-088

lar dynamic principles but often focus on attention089

mechanisms. CCL is related to rank-constrained090

hypernetworks. By generating only O(d) gating091

coefficients to modulate a static basis, we achieve092

the expressivity of dynamic weights with negligible093

computational overhead.094

Parameter-Efficient Fine-Tuning (PEFT).095

Methods like LoRA (Hu et al., 2022) use low-rank096

decompositions to adapt pre-trained models097

efficiently. However, these decompositions are098

static—once learned, the rank-constrained matrices099

are fixed for all inputs. CCL extends this principle100

to the dynamic regime. We employ a similar101

low-rank structure but modulate the subspace for102

every token. This allows the model to access a103

high-dimensional manifold of effective operators104

across a sequence, overcoming the expressivity105

bottleneck of static low-rank factorization.106

Gated Linear Units (GLU). Gated Linear107

Units and their variants (e.g., GLU, GELU-GLU,108

SwiGLU) introduce multiplicative gates that mod-109

ulate neuron activations within feed-forward net-110

works (Dauphin et al., 2017; Shazeer, 2020). While111

superficially similar, CCL operates at a different112

level of abstraction. GLU-style mechanisms gate113

individual neuron outputs after a fixed linear trans-114

formation, whereas CCL gates shared basis fea-115

tures and output dimensions to dynamically con-116

struct token-specific effective linear operators. In117

this sense, GLUs modulate activations under a118

static weight matrix, while CCL modulates the119

structure of the linear map itself, enabling a family120

of context-dependent transformations rather than a121

single gated projection.122

3 Method123

We introduce the Context-Conditioned Linear124

Layer (CCL), a drop-in replacement for the stan-125

dard dense linear layers found in Transformer Feed-126

Forward Networks (FFNs).127

3.1 Standard vs. Context-Conditioned 128

Formulation 129

A standard linear layer computes y = xW + b, 130

where W ∈ Rdin×dout is a static parameter ma- 131

trix. This forces W to capture a compromise of all 132

possible semantic transformations required by the 133

model. 134

In CCL, we replace W with a dynamic composi- 135

tion of a static Basis Dictionary. For an input token 136

representation x ∈ Rdin , the computation proceeds 137

in three stages: 138

1. Basis Projection. We project the input into a 139

latent basis space using a static matrix Wbasis ∈ 140

Rdin×dbasis , where dbasis is a hyperparameter (typ- 141

ically dbasis ≪ din). 142

hbasis = LayerNorm(xWbasis) (1) 143

Normalization is applied to ensure stable signal 144

propagation before modulation. 145

2. Context-Aware Modulation. A lightweight 146

Global Context Manager C computes a context 147

vector ct for the token. A modulator network ϕ 148

then generates a gating vector gbasis ∈ [0, 1]dbasis : 149

gbasis = σ(ϕ(ct)) (2) 150

where σ is the sigmoid function. This gate dy- 151

namically selects active basis features (ingredients) 152

relevant to the current semantic context. The modu- 153

lated representation is computed via element-wise 154

multiplication: 155

h̃ = hbasis ⊙ gbasis (3) 156

3. Template Mixing and Output. The mod- 157

ulated basis features are mapped to the output 158

dimension via a static template matrix Wmix ∈ 159

Rdbasis×dout . To further refine the output, a second 160

gate gout ∈ [0, 1]dout (generated by ϕ) filters the 161

activations: 162

y = (h̃Wmix + b)⊙ gout (4) 163

3.2 Expressed Capacity Analysis 164

Although the operation involves low-rank matrices 165

(dbasis < din), the effective linear operator W (t)
eff 166

applied to token t is: 167

W
(t)
eff = Wbasis · diag(g(t)basis) ·Wmix · diag(g(t)out)

(5) 168
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Figure 1: Architecture Overview of the Context-Conditioned Linear Layer (CCL). A shared context signal modulates
all linear layers without sparse routing.

Figure 2: Global Context Manager
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class CCL(nn.Module):
def __init__(self, d_in, d_out, d_ctx, k=64):

self.basis = Linear(d_in, k, bias=False)
self.mix = Parameter(d_out, k)
self.gate = MLP(d_ctx, k + d_out)
self.bias = Parameter(d_out)
self.norm = LayerNorm(k)

def forward(self, x, c):
h = self.norm(self.basis(x)) # basis projection
g = sigmoid(self.gate(c)) # context gates
g_b, g_o = split(g) # basis / output gates
h = h * g_b
y = linear(h, self.mix) # static mixing
return y * g_o + self.bias

Figure 3: Simplified implementation of the Context-
Conditioned Linear layer. Context modulates only low-
dimensional gating vectors, while all matrix multiplica-
tions remain static and dense.

Since the gating vectors g(t) vary for every to-169

ken, W (t)
eff changes dynamically. While any sin-170

gle W
(t)
eff is rank-constrained by dbasis, the union171

of operators {W (1)
eff , . . . ,W

(T )
eff } across a sequence172

spans a high-dimensional subspace. This allows173

CCL to exhibit high expressed capacity without the174

memory cost of storing a full-rank matrix.175

3.3 Complexity176

The parameter cost of CCL is dominated by Wbasis177

and Wmix, totaling roughly din×dbasis+dbasis×178

dout. For dbasis ≪ din, this yields significant com-179

pression. The computational overhead is limited to180

the generation of gate vectors (O(d)), maintaining181

the hardware efficiency of dense matrix multiplica-182

tion.183

3.4 Relation to Low-Rank and Expert Models184

CCL can be viewed as a generalization of low-185

rank linear layers. A static low-rank projection186

restricts all inputs to a fixed subspace defined by187

Wbasis and Wmix. In contrast, CCL modulates both188

basis activations and output mixing as a function of189

context, producing token-specific effective weight190

matrices.191

Unlike mixture-of-experts models, CCL does not192

route tokens to discrete experts or rely on sparse ex-193

ecution. Instead, all tokens share the same parame-194

ters while inducing different linear transformations195

via continuous gating. This avoids gather–scatter196

operations and preserves efficient dense execution197

on modern accelerators.198

3.5 Effective Rank Perspective 199

Although each effective transformation is low-rank, 200

the set of transformations realized across a se- 201

quence varies with context. As a result, the induced 202

operators span a substantially higher-dimensional 203

space than static low-rank layers. We empirically 204

validate this property via effective-rank analysis in 205

Section 4. 206

4 Experiments 207

4.1 Experimental Setup 208

We evaluate Context-Conditioned Linear Layers 209

(CCL) by replacing the feed-forward linear projec- 210

tions in a standard Transformer language model. 211

All models are trained from scratch on the same 212

corpus with identical optimization settings. Model 213

quality is measured using validation perplexity 214

(PPL). Computational efficiency is evaluated us- 215

ing dense FLOPs per token and throughput (to- 216

kens/sec), measured at batch size 64 and sequence 217

length 64. All models are trained from scratch with 218

identical token budgets, the AdamW optimizer, and 219

a OneCycle learning rate schedule over 5,000 steps. 220

We observe that CCL models are more stable and 221

performant at moderately higher learning rates. 222

4.2 Baselines 223

We compare against dense Transformer baselines 224

with hidden sizes {64, 256, 512}, trained under 225

identical settings. We additionally report results for 226

selection-based and remixing-style variants where 227

applicable. These baselines isolate the effects of 228

static width scaling, expert selection, and dynamic 229

basis composition. 230

4.3 Efficiency and Performance 231

Table 2 reports parameter counts, FLOPs per token, 232

and inference throughput. CCL models achieve 233

substantially better efficiency–performance trade- 234

offs than dense baselines. In particular, CCL-64 235

matches or outperforms larger dense models while 236

operating at similar FLOPs per token as Base-64, 237

demonstrating that context-conditioned linear oper- 238

ators provide additional expressive capacity beyond 239

static width scaling. 240

Figure 4 visualizes this effect. While dense mod- 241

els follow a predictable trade-off between FLOPs 242

and perplexity, CCL shifts the frontier, achieving 243

lower perplexity at comparable or lower computa- 244

tional cost. As shown in Table 1, the CCL architec- 245

ture achieves lower perplexity across all datasets. 246
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Table 1: Perplexity results across all methods. The CCL (64-dim) approach outperforms all baselines, including the
512-dim Dense Baseline, despite using 8x fewer dimensions. Bold indicates best performance.

Model Active Dim WikiText-103 Penn TreeBank Text8 Enwik8 LAMBADA

Dense Baselines
Baseline (512-dim) 512 92.35 50.11 187.83 54.66 189.20
Baseline (64-dim) 64 238.30 57.64 448.13 111.07 301.47

Ours: Context-Conditioned Linear Layer
CCL(64-dim) 64 55.83 26.47 150.49 49.65 70.88

Table 2: Efficiency analysis. Comparison of parameter
count, dense FLOPs per token, and throughput in tokens
per second under full-sequence parallel inference (batch
size 64, sequence length 64). FLOPs are estimated via
THOP and represent dense execution upper bounds.

Model Params FLOPs/token Tokens/sec
(MFLOPs)

Base-512 44.70M 89 70,644
Base-256 30.54M 35 161,831
Base-64 6.79M 7 523,081

CCL-64 10.29M 7 364,155

Figure 4: Perplexity vs. FLOPs per token. Lower is
better on both axes. The arrow indicates the direction of
improving efficiency. CCL models occupy a more favor-
able region of the Pareto frontier than dense baselines.

We achieve a 38% reduction in perplexity247

while using 6.8X fewer parameters than the248

standard high-capacity baseline. Furthermore, as249

shown in Table 1, CCL maintains the FLOPs pro-250

file of a much smaller model (Base-64), confirming251

that the dynamic gating mechanism introduces neg-252

ligible computational overhead (< 0.1% increase253

in FLOPs).254

4.4 Effective Rank Analysis255

To understand the source of these gains, we analyze256

the effective rank of the induced linear operators.257

Although each token-level operator is low-rank,258

Figure 5: Singular value decay of effective linear opera-
tors across a sequence. The slow decay indicates high
expressed rank despite low-rank parameterization.

the collection of operators across a sequence ex- 259

hibits a slow singular value decay, indicating a 260

high-dimensional span. 261

Figure 5 reveals a “long tail” in the singular 262

value spectrum. While the first few components 263

capture core syntax, the spectrum remains active 264

well beyond the rank of the static basis. This con- 265

firms our hypothesis: the expressed capacity of 266

the model—the manifold spanned by its operators 267

across time—is significantly higher than its stored 268

capacity. 269

This confirms that CCL overcomes the expressiv- 270

ity bottleneck of static low-rank layers by varying 271

the active subspace with context. 272

4.5 Gate Utilization 273

We further analyze gate behavior to assess utiliza- 274

tion and specialization. Gates exhibit balanced 275

activity, with the majority operating in a mid-range 276

regime rather than saturating. Basis gates consis- 277

tently activate for semantically related tokens, indi- 278

cating reusable lexical and semantic components. 279

We investigate whether the model learns static scal- 280

ing or actively switches modes. We analyze the 281

distribution of gate activation values on the valida- 282

tion set. Figure 6 visualizes the distribution of gate 283
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Figure 6: Distribution of gate activations. Most gates
operate in an active, non-saturated regime.

Figure 7: Context fingerprints for different input se-
quences, illustrating token-dependent modulation of lin-
ear operators.

activation.284

• Bimodal Distribution: The gate values fol-285

low a U-shaped distribution (Entropy ≈ 0.43),286

with peaks near 0 and 1. This indicates the287

Context Manager learns a discrete-like rout-288

ing strategy, making “hard” decisions to fully289

activate or suppress features.290

• Active Modulation: Over 55% of gates fall in291

the active decision range, refuting the notion292

that the gates simply saturate or collapse to a293

static mean.294

Together, these analyses indicate that CCL295

increases expressed capacity without increasing296

stored capacity. By preserving dense execution297

and avoiding sparse routing, CCL translates theo-298

retical FLOPs reductions into practical throughput299

gains.300

4.6 Gate Specialization and Interpretability301

To assess whether basis gates learn meaningful302

functional roles rather than acting as uniform303

scaling factors, we analyze the tokens that most304

strongly activate individual gates. Table 3 shows305

the top-ranked tokens routed to selected basis gates.306

Each gate exhibits clear semantic coherence. For307

example, Gate 3 primarily activates on past-tense308

verbs, Gate 4 captures proper nouns and institu-309

tional entities, and Gate 7 responds to adjectival310

Table 3: Top tokens routed to selected Basis Gates,
showing learned specialization patterns. The middle
column wraps to prevent overflow.

Expert Top Tokens Specialization

Gate 3 gained, instructed, performed,
raised, transported

1.00

Gate 4 mates, performed, Oregon,
Wright, university

1.00

Gate 7 real, American, Ol’, Willow,
Australian

1.00

and demonym-like terms. This indicates that gates 311

specialize in reusable semantic or lexical functions 312

rather than encoding token identity. 313

Importantly, this specialization emerges without 314

discrete routing or expert partitioning. All tokens 315

share the same parameters, while continuous gating 316

induces soft, interpretable subspaces. This supports 317

the view that CCL increases expressed capacity by 318

context-dependent operator selection, rather than 319

by duplicating parameters. This interpretability 320

suggests that CCL disentangles linguistic factors 321

into discrete basis vectors, which are then recom- 322

posed as needed. 323

4.7 Ablation Study 324

To verify that these gains stem from dynamic con- 325

text conditioning rather than architectural artifacts, 326

we perform an ablation study (Table 4). 327

• Static Baseline: Removing the Global Con- 328

text Manager (setting gates to identity) causes 329

performance to degrade sharply (PPL 151.39). 330

This confirms that the low-rank basis alone 331

is insufficient; the dynamic modulation is the 332

primary driver of performance. 333

• Gate Contribution: Removing the output 334

modulation (gout) degrades performance to 335

63.54, while removing basis gates degrades it 336

to 69.99, demonstrating that filtering activa- 337

tions is as critical as selecting features. 338

5 Discussion 339

Dynamic Capacity without Sparsity. The cen- 340

tral trade-off in modern Transformer design has 341

been between the hardware efficiency of dense lay- 342

ers and the scaling potential of sparse MoE models. 343

CCL resolves this by introducing a new category 344

of layer: the dynamic dense layer. By retaining a 345

dense computational graph, CCL avoids the mem- 346

ory fragmentation and communication overheads 347
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Table 4: Ablation of dynamic components. “Static”
removes context conditioning entirely. Lower perplexity
is better.

Configuration Perplexity

Static Linear (No Context) 151.39
No Output Gate 63.54
No Basis Gate 69.99
Full CCL 59.19

associated with token routing in MoE (Fedus et al.,348

2022). Our throughput results confirm this: despite349

the additional logic of the Context Manager, CCL350

achieves real-world latency comparable to standard351

dense layers, translating theoretical FLOPs reduc-352

tions into actual speedups.353

Beyond Static Low-Rank Adaptation. While354

techniques like LoRA (Hu et al., 2022) have popu-355

larized low-rank factorization for adaptation, they356

remain static during inference. Our Effective Rank357

analysis demonstrates why this is insufficient for358

pre-training: a static bottleneck permanently limits359

the model’s expressivity. CCL demonstrates that360

the rank of a layer need not be a static property of361

its geometry but can be a dynamic property of its362

forward pass. This suggests that future architec-363

tures should optimize for expressed capacity (the364

manifold of operators) rather than stored capacity365

(parameter count).366

6 Conclusion367

We introduced Context-Conditioned Linear Layers368

(CCL), a simple drop-in replacement for dense lin-369

ear projections that dynamically constructs token-370

specific linear operators from a compact shared371

basis. By conditioning linear transformations on372

context, CCL decouples expressed capacity from373

stored parameters, overcoming the expressivity374

limitations of static low-rank layers without relying375

on sparse expert routing.376

Empirical results show that CCL achieves strong377

perplexity improvements under matched parame-378

ter and FLOPs budgets, while effective-rank and379

gate-specialization analyses confirm that the model380

realizes a diverse set of meaningful transformations381

across a sequence. Importantly, CCL preserves382

hardware-efficient dense execution, allowing the-383

oretical efficiency gains to translate directly into384

practical throughput improvements.385

These findings suggest that context-conditioned386

linear operators provide a promising alternative to 387

both static compression methods and mixture-of- 388

experts architectures for building efficient Trans- 389

former models. 390

7 Limitations 391

While our results demonstrate the efficacy of 392

context-conditioned linear layers, we acknowledge 393

several limitations. Scale: Our experiments were 394

conducted on models up to 70M parameters due to 395

compute constraints. While the efficiency gains are 396

promising, verifying whether these trends hold for 397

large-scale foundation models (e.g., 7B+ param- 398

eters) remains future work. However, since CCL 399

is fundamentally a drop-in replacement for linear 400

layers, we see no architectural barriers to scaling. 401

Although our method improves batched through- 402

put, the Global Context Manager introduces a fixed 403

computational cost per step. For extremely latency- 404

sensitive, single-stream applications (batch size of 405

1), this routing overhead might offset the gains from 406

reduced embedding dimensionality. CCL intro- 407

duces a new hyperparameter: the basis size dbasis. 408

While we found dbasis = 64 to be robust across our 409

experiments, optimal performance likely requires 410

scaling dbasis relative to the model width dmodel, 411

necessitating further study into optimal scaling ra- 412

tios. 413
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