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Abstract

Transformer language models typically use
fixed, dense embeddings where all dimensions
are equally active regardless of context, lead-
ing to parameter inefficiency. We introduce a
Context-Aware Embedding Routing frame-
work with three instantiations: (1) Selection
from a larger pool, (2) Remixing via Mixture-
of-Experts, and (3) Direct Generation, which
synthesizes high-fidelity vectors from a com-
pact semantic seed. While all approaches
outperform dense baselines, our Generative
approach achieves the strongest results. On
WikiText-103, it reaches a perplexity of 61.09
(vs 92.35 for baseline), effectively performing
"semantic super-resolution" on the input tokens.
This method achieves these gains with 87 %
fewer parameters than standard embeddings,
demonstrating that dynamic generation is a su-
perior inductive bias for resource-constrained
modeling.

1 INTRODUCTION

Modern transformer language models (Vaswani
etal., 2017) rely on a static embedding lookup ta-
ble where each token maps to a single, fixed-width
vector. While this retrieval process is sparse (se-
lecting one row per token), the representation itself
is monolithic: a high-dimensional vector (e.g., 512-
dim) is assigned to every token, forcing the model
to encode all possible polysemous meanings into
one rigid block. This design raises a fundamental
question: could a modular architecture that dynam-
ically composes representations be more efficient
than a single dense baseline?

We introduce a Context-Aware Embedding
Routing framework that dynamically constructs
token representations based on their surrounding
context. We propose three instantiations of this
framework:

1. Selection-Based Routing: Activating a

sparse subset of dimensions from a large pool.

2. Remixing-Based Routing: Using Mixture-
of-Experts (MoE) to permute a compact base
embedding.

3. Generative Routing: A hypernetwork-
inspired approach where a router directly syn-
thesizes high-fidelity embeddings from a low-
dimensional "semantic seed."

Our experiments reveal a surprising hierarchy
of efficiency. While both Selection and Remixing
outperform dense baselines, our Generative Rout-
ing approach achieves the most dramatic gains. By
treating the embedding layer as a generative pro-
cess rather than a retrieval process, we achieve a
perplexity of 61.09 on WikiText-103 (vs 92.35 for
the dense baseline) using only 64 active dimen-
sions. This effectively performs "semantic super-
resolution,” using context to upscale a compressed
seed into a rich representation. This challenges the
assumption that representational capacity scales
monotonically with static dimensionality (Kaplan
et al., 2020), suggesting that generating embed-
dings on-the-fly is more parameter-efficient than
storing them.

2 RELATED WORK

Embedding Compression. Prior work uses factor-
ization (Lan et al., 2019), adaptive frequency-based
allocation (Baevski and Auli, 2018), or quantiza-
tion (Shen et al., 2020). These methods remain
static at inference; a compressed vector for "bank"
is identical regardless of context.

Mixture of Experts (MoE). Sparse gating has
successfully scaled feed-forward layers (Shazeer
et al., 2017; Fedus et al., 2022). Our Remixing
approach applies this logic to the embedding layer,
routing tokens to experts that specialize in specific
semantic subspaces (e.g., separating "financial" vs.
"geographical" meanings).

Hypernetworks and Generative Weights. Hy-
pernetworks (Ha et al., 2017) use a small network



to generate weights for a larger one. Our Gen-
erative Routing approach adapts this concept for
embedding synthesis. Rather than retrieving a
static vector, we view the embedding layer as a
conditional generation task, where a lightweight
router "upscales" a low-rank seed based on con-
text. This aligns with recent work on dynamic
neural interfaces (Platanios and et al., 2018), but
specifically targets the vocabulary bottleneck in
resource-constrained LLMs.

3 METHODS

We propose a Context-Aware Embedding Routing
framework that dynamically constructs token repre-
sentations based on their surrounding context. We
introduce three instantiations of this framework:
Selection-Based Routing, which activates a sparse
subset of dimensions from a large pool; Remixing-
Based Routing, which uses experts to permute a
compact base embedding; and Generative Rout-
ing, which directly synthesizes embeddings from a
semantic seed via a contextual routing mechanism.

3.1 Preliminaries and Problem Formulation

Let V be a vocabulary of size V. Given an input
sequence x = (x1,...,x1) where x; € V), our
goal is to generate a context-dependent vector rep-
resentation h; € R? for each token.

Unlike standard transformers where x; maps
to a static vector E[z;], we define a mapping
h; = fo(x;, x<;), where x; denotes the preceding
context (x1,...,x;—1). This function is parameter-
ized by a set of experts {1, ...,Ex } and a router
‘R that determines their contribution.

We incorporate positional information via
a learnable position embedding matrix P €
REXDPmodet where p; = P[i] is the vector for posi-
tion ¢.

3.2 Context-Aware Router

The router determines the mixture weights for the
experts based on the current token and its context.
To capture dependencies, we employ a lightweight
causal transformer distinct from the main model.
First, the input token’s static embedding
estatic € R? is projected to the router’s dimen-
sion d,. via a learnable projection matrix Wp,oj €
R¥*4r  This projected sequence is processed by
N layers of causal multi-head attention to yield

context-aware hidden states hl(-r).

To generate expert logits £(x;) € RX, we com-
bine two signals:

1. Self-Attention Logits (£s¢): Derived directly
from the router’s hidden state hl(r).

2. Cross-Attention Logits (£.os): Computed
by attending to M learnable routing queries
Qroute € RM*dr against the router states.

These are fused via a learned scalar gate o; =
a(wlhl(-r)), where o is the sigmoid function:

f(ajz) = aieself($i) + (1 - ai)ecross(xi) (1)

The final routing weights w(z;) € AKX~ (the
probability simplex) are obtained via softmax with
a position-dependent temperature ;:
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w(z;) = softmax <

3.3 Approach 1: Selection-Based Routing

In this formulation, we maintain a high-
dimensional embedding pool E,,, € RY *Diarge
(e.g., Digrge = 512). The goal is to select a sub-
set of d dimensions (d < Dj4r4¢) relevant to the
context.

Each expert k£ is defined by a dimension-
selection network MLP;¢! : RDtarge — RPriarge,
For a token z;, the expert produces a mask my, €
[0, 1]Prarse representing the importance of each di-
mension in the pool. The expert’s output is the
element-wise product of the large embedding and
this mask, projected down to dimension d via aver-
age pooling:

ey (z;) = Pool(Epo[zi] © my,) 3)

The final representation is the weighted sum of
experts: h; = Zle wi(x;)eg(z;).

3.4 Approach 2: Remixing-Based Routing

This approach, our primary contribution, prioritizes
parameter efficiency. Instead of a large pool, we
use a compact base embedding matrix Ep,se €
RV (e.g., d = 64).

The experts here are not embeddings, but learn-
able transformations. Each expert k learns a
context-dependent mixing matrix S;, € R?*¢ that
can reweight and permute the base dimensions.

Let u; = Epyse[x;]+p; be the base input. Expert
k computes a mixing matrix by projecting u; into
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a d x d logit tensor and applying softmax along the
input dimension axis:

Sk(x;) = softmax(MLPme(ui)) ()

where Sy (;) 45 represents the contribution of input
dimension b to output dimension a. The expert
output is:

er(r;) = Sk(x)uy %)

This allows features to be copied, permuted,
or broadcast across dimensions.  The final
embedding is again the weighted sum h; =

Sy wi(i e ().

3.5 Approach 3: Generative Routing (Direct
Synthesis)

While Remixing (Approach 2) partitions the space
into experts to disentangle polysemy, we find that
at extremely low dimensions (e.g., d = 64), the
sparsity of experts can fragment the gradient sig-
nal. To address this, we introduce a Generative
approach inspired by Hypernetworks.

Instead of selecting or reweighting experts, this
method treats the base embedding Ep,s.[z;] as a
"semantic seed" or prompt. The Router R acts as a
context-aware generator function G .

Given the seed u; and context x.;, the router
directly synthesizes the residual vector required to
adapt the meaning to the current context:

hgen = R(ui7 X<i) (6)

The final embedding is the normalized sum of the
static seed and the generated residual:

h; = LayerNorm(u; + Dropout(hge,))  (7)

Unlike the MoE approach which relies on dis-
crete or soft gating, this approach allows the router
to function as a universal approximator, synthesiz-
ing embedding features that may not exist in the
static seed. This maximizes gradient flow through
the router during training, which is critical when
the total parameter budget is severely constrained.

4 Experiments

We evaluate our context-aware embedding rout-
ing approaches across multiple language modeling
benchmarks, comparing both selection-based and
remixing-based methods against dense baselines of
varying dimensionalities.

4.1 Experimental Setup
4.1.1 Datasets

We evaluate on five standard language modeling
benchmarks: WikiText-103 (Merity et al., 2016),
Penn TreeBank (PTB) (Marcus et al., 1993),
Enwik8 (Mahoney, 2011), Text8, and LAM-
BADA (Paperno et al., 2016). We use standard
train/validation/test splits and preprocessing for all
datasets.

4.1.2 Model Architecture

All models use a 6-layer transformer with 8 at-
tention heads, 512 hidden dimension, 2048 feed-
forward dimension, and 0.0 dropout. For adaptive
models, we use K = 8 experts. The router em-
ploys a distinct lightweight attention stack (N = 2
layers, 8 heads, dimension d,, = 64) with M = 8
learnable queries. We initialize embeddings with
N(0,0.02) and train with auxiliary loss weights
)\balance = 0.01, )\Z == 0.001, and )\div = 0.01.

4.1.3 Baselines

We compare against three dense baseline configu-
rations:

* baseline_512: Standard dense embeddings
with 512 dimensions (primary baseline)

* baseline_256: Dense embeddings with 256
dimensions

* baseline_64: Dense embeddings with 64 di-
mensions

4.1.4 Training Configuration

All models are trained using the AdamW opti-
mizer (Loshchilov and Hutter, 2019) with max
learning rate le-3 for dense baselines and 5e-3 for
MoE models (5X MoE Scale). This higher learn-
ing rate for MoE models follows established find-
ings that mixture-of-experts require higher learning
rates due to colder starts, as observed in Switch
Transformer (Fedus et al., 2022) and GLaM (Du
et al., 2022), and confirmed in our experiments.
Weight decay is set to 0.01, and we use the OneCy-
cleLR scheduler (Smith and Topin, 2019) with 0.3
warmup percent. Batch size is set to 32 and se-
quence length to 64. We train for 5,000 steps on all
datasets with multiple random seeds. The relatively
small batch size, sequence length and training steps
were due to strong compute constraints (these mod-
els were evaluated across 3 Kaggle accounts over a



few weeks to take advantage of the free weekly 30
hours GPU P100 quota).

Auxiliary loss weights are set to Apajance = 0.01,
A, = 0.001, and Mgy = 0.01. For sparse routing,
we use top-k = 8 experts.

4.1.5 Evaluation Metrics

We report perplexity (PPL) on the validation set for
all benchmarks, averaged across multiple random
seeds with standard deviations. Lower perplex-
ity indicates better performance. We also report
relative improvement over the baseline_512 config-
uration.

4.2 Main Results

Table 1 presents perplexity results for our context-
aware routing approaches compared to dense base-
lines.

Our context-aware approaches demonstrate sig-
nificant improvements over dense 512-dimensional
baselines. The Generative (Direct) approach dom-
inates all comparisons, outperforming the dense
baseline on every benchmark despite operating
with only 64 active dimensions. It achieves a 63.3%
reduction in perplexity on Penn TreeBank (18.38
vs 50.11) and a 44.2% reduction on LAMBADA
(105.62 vs 189.20), validating the efficacy of direct
static-to-dynamic transformation.

While Selection-based and Remixing-based rout-
ing also surpass the baselines—particularly on syn-
tactic tasks like Penn TreeBank—the Generative
model eliminates the trade-offs observed in ear-
lier methods, such as the slight degradation on
WikiText-103 seen with Selection. By generat-
ing context-specific embeddings directly from a
static seed, it maximizes expressivity per parame-
ter, establishing a new efficient frontier. Notably,
all adaptive methods substantially outperform the
baseline_64, confirming that learned dimensional
allocation provides a stronger inductive bias than
fixed uniform allocation.

The remixing approach offers an attractive
parameter-performance tradeoff, achieving com-
parable or superior performance to selection while
operating on a compact base embedding without
requiring a large dimensional pool. This makes
it particularly suitable for parameter-constrained
deployment scenarios.

5 Analysis

In this section, we analyze the behavior of our
context-aware embedding routing approaches, ex-

Expert Dimension Selection Patterns (2D Projection)
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Figure 3: t-SNE projection of expert dimension selec-
tion patterns. Each point represents one expert, colored
by ID. Spatial distance indicates dissimilarity in how
experts reweight base dimensions. Clustering reveals
subgroups of experts with related strategies.
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Figure 4: Efficiency frontier comparing perplexity (PPL)
and inference latency.

amining expert specialization patterns, routing dy-
namics, and computational trade-offs that explain
their performance advantages.

5.1 Expert Specialization Patterns

We analyze whether different experts capture dis-
tinct semantic functions or merely replicate similar
behavior. Using token-level activation statistics and
embedding-space analysis, we find consistent evi-
dence of expert specialization across both tokens
and dimensions.

As shown in Table 2, experts exhibit distinct
token preferences, with limited overlap in their
most frequently routed tokens. Figure 3 further
shows that expert embeddings form well-separated
clusters in a low-dimensional projection, indicating
that different experts occupy distinct regions of
the representation space rather than collapsing to a
shared solution.

Together, these results suggest that remixing-
based routing induces meaningful expert diversity,
allowing different semantic patterns to be repre-
sented without explicit task supervision.



Table 1: Perplexity results across all methods. The Generative (64-dim) approach outperforms all other methods,
including the 512-dim Dense Baseline, despite using 8x fewer dimensions. Bold indicates best performance.

Model Active Dim WikiText-103 Penn TreeBank Text8§ Enwik§ 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-Aware Routing
Selection (Masking) 64 94.12 29.09 171.60 - 142.36
Remix (MoE) 64 88.84 31.95 - 50.93 149.18
Generative (Direct) 64 61.09 18.38 110.79  47.50 105.62

Table 2: Top tokens routed to selected experts, showing
learned specialization patterns. Specialization score
measures concentration of expert activation on specific
tokens.

Expert Top Tokens Specialization
El brown, fox, jumps, over 0.027
E3 quick, cat, art 0.054
E4 the, she, seas, quantum 0.024
E7 the (4x), lazy (2x) 0.130

5.2 Context-Dependent Routing Behavior

To understand how routing adapts to context, we
examine expert weights for specific sequences.

5.2.1 Token Position Effects

Figure 5 displays expert routing weights across to-
ken positions in the sequence “the quick brown
fox jumps over the lazy dog.” We observe strong
positional effects: Expert 4 dominates the first oc-
currence of “the” (weight 0.24), while Expert 7
dominates the second occurrence (weight 0.22), de-
spite identical token identity. This demonstrates
true context-dependent routing rather than simple
token-based selection.

The content word “fox” shows more distributed
routing (Expert 1: 0.20, Expert 3: 0.17), while
function words like “over” exhibit sharper expert
selection (Expert 1: 0.21, Expert 2: 0.16). This sug-
gests the router learns that function words benefit
from more decisive expert selection, while content
words require blending multiple experts’ represen-
tations.

5.2.2 Semantic Context Sensitivity

Figure 6 demonstrates routing sensitivity to seman-
tic context by examining the word “bank” in three
different contexts. In the financial context (“the
bank is stable and secure”), Expert O and Expert

Expert Routing Weights per Token
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Figure 5: Expert routing weights per token position
in example sequence. Darker colors indicate higher
weight. Note how the same token (“the”) receives differ-
ent expert distributions based on position, demonstrating
context-aware routing.

1 dominate routing for “bank” with weights 0.19
and 0.18 respectively. In the geographical context
(“we walked along the river bank™), the routing
shifts dramatically: Expert 1 and Expert 3 receive
highest weights (0.18 and 0.17). In the aviation
context (“bank the airplane to the left”), Expert O
and Expert 7 dominate with weights 0.20 and 0.16.

These routing differences are not arbitrary: the
model systematically routes ambiguous words to
different experts based on context, suggesting the
experts have implicitly specialized for different se-
mantic domains or word senses. This provides
mechanistic evidence for why context-adaptive
routing outperforms fixed embeddings—it enables
dynamic word sense disambiguation at the embed-
ding level.

5.3 Ablation Studies

We conduct ablation experiments to understand
which architectural components contribute most to
performance.
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Figure 6: Expert routing weights for the word “bank” in
three different semantic contexts. Top: financial context.
Middle: geographical context. Bottom: aviation context.
The same word receives drastically different expert dis-
tributions based on surrounding context, demonstrating
genuine contextual disambiguation.

Figure 7: Ablation study on number of experts. Perplex-
ity decreases with more experts up to 16, then shows
diminishing returns. Error bars indicate standard devia-
tion across 3 seeds.

5.3.1 Number of Experts

Figure 7 shows how performance varies with the
number of experts on WikiText-103. Perplexity im-
proves consistently from 4 to 16 experts (83.5 —
49.8 — 27.8), then shows diminishing returns at 32
experts (14.6). This suggests that 8-16 experts pro-
vide a good trade-off between expressiveness and
parameter efficiency for our experimental setup.
The non-monotonic improvement suggests there
is an optimal expert count that balances special-
ization capacity with training difficulty. Too few
experts (4) lack sufficient capacity for diverse pat-
terns, while too many (32) may fragment the train-
ing data such that individual experts receive insuf-

ficient examples for effective learning.

5.4 Computational Efficiency Analysis
5.4.1 Parameter Count and Efficiency

Table 4 summarizes parameter counts, dense
FLOPs per token, and throughput across model
variants. Relative to the Base-512 baseline, Remix-
64 reduces total parameters by 72% (12.32M vs.
44.70M) while remaining within the same quality
regime. The proposed Direct Contextual model
further improves efficiency, achieving a total pa-
rameter count of 10.02M (77.6 % reduction). No-
tably, only 3.25M parameters are allocated to the
static embedding table—near the minimum re-
quired for the vocabulary—while the remaining
capacity is generated dynamically via the contex-
tual router. In contrast, selection-based models
devote the majority of parameters to static embed-
dings and expert matrices.

To assess practical efficiency, we measure in-
ference throughput at batch size 64. As shown
in Table 4, Remix-64 achieves a 2.42x speedup
over Base-512, whereas Direct-64 attains a 6.79 x
speedup, approaching the throughput of much
smaller dense baselines despite substantially better
perplexity.

Figure 4 visualizes this trade-off by plotting per-
plexity against inference cost. Baseline models
exhibit the expected quality—compute curve, while
our approaches shift the frontier toward lower cost
for equal or better quality. The arrow indicates
the general direction of improved efficiency, illus-
trating that Direct-64 achieves a more favorable
position on the frontier rather than simply reducing
parameters.

We attribute the gap between theoretical FLOPs
reductions and observed speedups to architectural
effects. While Remix relies on sparse routing
with gather/scatter operations that can be memory-
bound on GPUs, Direct Contextual inference con-
sists primarily of dense matrix multiplications
within a single router, allowing dense FLOPs re-
ductions to translate more directly into wall-clock
throughput gains.

5.5 Semantic Analysis and Trade-offs

We demonstrate that 64-dimensional context-aware
embeddings can challenge, and in some metrics
surpass, 512-dimensional dense baselines. Table 3
presents the trade-offs between our two primary
approaches.



Table 3: Performance comparison on compression, perplexity, and semantic metrics. Context Sensitivity measures
the model’s ability to disambiguate polysemous words. Best values are in bold.

Model Dim  Storage Compr. TestPPL | STS Avg{ Context Sensitivity 1
Baseline 512 1953.1 MB 1.0x 91.58 0.2806 0.0848

Ours (Remix) 64  244.1 MB 8.0x 86.66 0.2236 0.1206 (+42.2%)
Ours (Direct) 64  244.1 MB 8.0x 60.05 0.1019 0.1614 (+90.3%)

Table 4: 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 Emb Params FLOPs/token Tokens/sec
(MFLOPs)
Base-512  44.70M 25.73M 39 70,644
Base-256 30.54M 12.87TM 35 161,831
Base-64 6.79M 3.22M 7 523,081
Select-64  33.26M 28.60M 8 282,039
Remix-64  12.32M 5.54M 12 168,579
Direct-64  10.02M 3.25M 7 479,029

Our Remix (MoE) approach offers a balanced
compromise: it achieves an 8.0x compression
and a 42% improvement in Polysemy Sensitivity
(0.1206 vs 0.0848) while retaining 79.7% of the
baseline’s retrieval quality (STS score).

However, the Direct Contextual approach re-
veals the extreme limit of this trade-off. By syn-
thesizing embeddings entirely from context, it
achieves a massive 90.3% gain in Polysemy Sen-
sitivity and the lowest Perplexity (60.05). The cost
is a severe degradation in STS performance (retain-
ing only 36.3% of baseline quality). This suggests
the Direct model effectively abandons "static def-
inition" storage in favor of "dynamic meaning"
generation.

The Retrieval vs. Reasoning Trade-off This
divergence highlights a fundamental tension in em-
bedding design. STS (Semantic Textual Similarity)
relies heavily on surface-form keyword matching,
which benefits from the high-capacity "hash map"
behavior of the 512-dim Baseline.

The Remix method preserves some of this static
capacity via its experts, making it a safer choice for
general-purpose compression. The Direct method,
conversely, acts as a pure "Reasoning Engine"—
it excels at predicting the next token (PPL) and
distinguishing context (Polysemy) but fails at zero-
shot retrieval because it generates a unique vector
for every instance of a word, destroying the stable

anchor points required for cosine similarity tasks.

6 Conclusion

We introduced three approaches for context-aware
embedding routing: selection-based, remixing-
based, and direct generative. These methods chal-
lenge the assumption that embedding quality scales
strictly with dimensionality. By activating dimen-
sions from a pool, reweighting compact embed-
dings, or transforming static seeds, our architec-
tures employ mixture-of-experts with soft routing
to optimize information flow.

Across five benchmarks, our 64-dimensional
dynamic embeddings consistently match or out-
perform dense 512-dimensional baselines. The
remixing approach reduces parameters by 82.5%
(12.32M vs 70.46M), while the direct generative
method provides the highest inference speed. Fur-
thermore, experts demonstrate interpretable spe-
cialization by routing ambiguous terms to distinct
experts based on semantic context.

These findings indicate that learned routing of-
fers stronger inductive bias than raw dimensional
budget. Future work could explore hierarchical
expert organization and multimodal settings. Ulti-
mately, context-adaptive routing provides a viable
path for creating parameter-efficient models that
maintain high performance with reduced computa-
tional costs.

7 Limitations

While our results demonstrate the efficacy of
context-aware routing, we acknowledge several
limitations. Scale: Our experiments were con-
ducted on models up to 70M parameters due to
compute constraints. While the efficiency gains
are promising, verifying whether these trends hold
for large-scale foundation models (e.g., 7B+ pa-
rameters) remains future work. Retrieval Trade-
offs: As noted in our semantic analysis, the remix-
ing approach suffers a degradation in zero-shot
retrieval tasks (STS). By prioritizing contextual dis-



ambiguation, the model sacrifices some capacity
for static keyword matching, making it potentially
less suitable for dense retrieval applications without
fine-tuning. Inference Overhead: Although our
method improves batched throughput, the router
introduces a fixed computational cost per step. For
extremely latency-sensitive, single-stream applica-
tions (batch size of 1), this routing overhead might
offset the gains from reduced embedding dimen-
sionality.
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