Weight Tying Biases Token Embeddings Towards the Output Space

Antonio Lopardo', Avyukth Harish?, Catherine Arnett!, Akshat Gupta?
'EleutherAl, 2University of California Berkeley

Correspondence: antonio.lopardo@outlook.com

Abstract

Weight tying, i.e. sharing parameters between
input and output embedding matrices, is com-
mon practice in language model design, yet
its impact on the learned embedding space re-
mains poorly understood. In this paper, we
show that tied embedding matrices align more
closely with output (unembedding) matrices
than with input embeddings of comparable un-
tied models, indicating that the shared matrix
is shaped primarily for output prediction rather
than input representation. This unembedding
bias arises because output gradients dominate
early in training. Using tuned lens analysis, we
show this negatively affects early-layer compu-
tations, which contribute less effectively to the
residual stream. Scaling input gradients during
training reduces this bias, providing causal evi-
dence for the role of gradient imbalance. This
is mechanistic evidence that weight tying opti-
mizes the embedding matrix for output predic-
tion, compromising its role in input represen-
tation. These results help explain why weight
tying can harm performance at scale and have
implications for training smaller LLMs, where
the embedding matrix contributes substantially
to total parameter count.

1 Introduction

Weight tying has become standard practice in lan-
guage model design since Press and Wolf (2017)
showed that sharing parameters between the in-
put embedding matrix and the output projection
matrix improves performance while reducing pa-
rameter count in recurrent models. This practice is
often motivated by parameter efficiency, implicit
regularization, and the intuitive symmetry between
reading and predicting tokens.

However, more recent work has challenged the
applicability of these findings to modern architec-
tures. Chung et al. (2020) showed that weight
tying can be harmful to performance in deeper
transformer-based language models (Vaswani et al.,
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Figure 1: Per-token cosine similarity (after linear align-
ment) between the tied embedding matrix and the untied
input (blue) and output (orange) matrices for two OLMo-
1B training runs (tied and untied). Dashed lines indicate
means. The tied matrix is substantially more aligned
with the untied output (mean: 0.719) than the untied
input (mean: 0.525).

2017), where the benefits observed in shallow net-
works no longer hold.

This finding is reflected in contemporary model
design choices: the Qwen3 family (Qwen Team,
2025) explicitly ties embeddings for smaller mod-
els but unties them for larger ones, suggesting that
the costs of weight tying outweigh its benefits as
models grow. Similarly, OLMo 2 and 3 (Team
OLMo et al., 2024; Team Olmo et al., 2025) explic-
itly untie embeddings for all model sizes. Beyond
these architectural trends, Machina and Mercer
(2024) found evidence that Pythia models, which
use untied embeddings, exhibit less anisotropy in
their representation spaces compared to tied mod-
els, suggesting that untying may yield more uni-
form representations, a property shown to improve
downstream performance (Gao et al., 2019; Etha-
yarajh, 2019; BiS et al., 2021; Rajaee and Pilehvar,
2022; Wang et al., 2019, 2020; Stollenwerk and
Stollenwerk, 2025).

These observations collectively suggest untying
is beneficial at scale. However, the underlying
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mechanism behind why this is the case remains
poorly understood. In this paper, we provide an ex-
planation to this exact question, grounded in train-
ing dynamics. We show that in weight-tied models,
the shared matrix is dominated early in training by
gradients from the output layer and thus receives
stronger learning signals from the next-token pre-
diction objective. As a consequence, the shared
embedding matrix is shaped primarily for out-
put projection, leaving early transformer lay-
ers to operate with input embeddings optimized
for a different purpose (Figure 1). We support
these findings with embedding similarity analysis,
analysis with the tuned lens (Belrose et al., 2023),
gradient flow tracking, and gradient manipulation
experiments. Together, these experiments show
that the tied embedding matrix is largely shaped by
its role in the output layer, due to gradient imbal-
ances early in training.!
In summary:

* We show that tied embedding matrices align
more closely with output (unembedding) ma-
trices than with input embeddings for compa-
rable untied models.

» This unembedding bias affects early-layer
computations, as shown by elevated KL di-
vergence in tuned lens analysis.

* We show that output-layer gradients dominate
input-layer gradients early in training, result-
ing in the unembedding bias in weight-tied
models.

* Finally, we show that scaling input gradients
during training reduces this bias, confirming
the causal role of gradient imbalance.

2 Background & Related Work

In transformer-based language models, the input
embedding matrix Wg € RY >4 (where V is the vo-
cabulary size and d is the hidden dimension of the
model) maps discrete token indices to continuous
vector representations that serve as input to the first
transformer layer. These initial representations en-
code semantic and syntactic information in a form
that subsequent layers can process (Jawahar et al.,
2019). The unembedding matrix Wy € RV
serves a different function: it projects the final
hidden states back to vocabulary-sized logits for

'Code and artifacts: https://github.com/
Antoniolopardo/weight-tying-bias

next-token prediction. This matrix is tasked with
transforming the refined representations from the
last layer into logits over the vocabulary, where
each logit reflects the likelihood of the correspond-
ing token given the context.

The input embedding matrix should thus produce
representations useful for the model’s internal com-
putations, while the output matrix must discrimi-
nate between tokens based on the final hidden state,
optimizing directly for cross-entropy loss. With
tied embeddings, a single set of parameters must
satisfy both objectives simultaneously (Bertolotti
and Cazzola, 2024). We show that in this scenario
one objective dominates: that of the output.

2.1 Weight Tying in Language Models

Weight tying for embedding and unembedding ma-
trices was introduced by Press and Wolf (2017)
and Inan et al. (2017), who showed that sharing
the input embedding matrix with the unembedding
matrix, such that Wy = Wg , improves perplexity
while reducing parameter count in Recurrent Neu-
ral Networks (RNNs; Elman, 1990). The technique
became standard practice in transformer language
models, adopted by GPT-2 (Radford et al., 2019),
BERT (Devlin et al., 2019), RoBERTa (Liu et al.,
2019), and Gemma (Gemma Team et al., 2024),
inter alia.

The parameter savings from weight tying are
substantial, particularly for smaller models. For
example, for Pythia 70M, the embedding matrices
account for over 73.4% of all parameters; even at
2.8B scale, they still represent approximately 9.2%
of the model, so tying can still yield meaningful
savings. See Appendix A for elaboration. How-
ever, Chung et al. (2020) demonstrated that weight
tying can harm performance: decoupling input and
output embeddings improves average performance
on the XTREME benchmark (Hu et al., 2020;
more details in Appendix F). This shows models
benefit from specialized input and output embed-
ding spaces. Currently, untying is more common
for models at multi-billion parameters scale, e.g.
Llama 3 (Grattafiori et al., 2024), OLMo 2 (Team
OLMo et al., 2024), DeepSeek-V3 (DeepSeek-Al,
2024), and Qwen3 (Qwen Team, 2025). In this
work, we aim to understand the effect of weight
tying on learned representations, as this becomes a
more common design choice.
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2.2 Embedding Space Alignment

The alignment of embedding spaces has a long his-
tory in NLP, starting with work on cross-lingual
word embeddings. Mikolov et al. (2013) first
showed that crosslingual embedding spaces share
similar geometric structure, enabling alignment via
simple linear transformations. Xing et al. (2015)
demonstrated that constraining this mapping to be
orthogonal significantly improves alignment qual-
ity, and Artetxe et al. (2016) further refined this
approach with principled bilingual mappings that
preserve monolingual structure. Conneau et al.
(2020) applied these techniques to contextual repre-
sentations, demonstrating that even independently
trained monolingual BERT models can be aligned
post-hoc with linear mappings. We adopt a similar
approach, using different transformations, to mea-
sure alignment difficulty between matrices across
tied and untied models.

2.3 The Logit Lens and the Tuned Lens

The logit lens, introduced by nostalgebraist (2020),
projects hidden states from intermediate layers into
vocabulary distributions by applying the model’s
unembedding matrix Wy;. For a model with L
total layers, the logit lens operator transforms an
intermediate layer representation hy € R? (¢ < L)
as shown below:

LogitLens(hy) = LayerNorm(h,) Wy

This technique revealed that transformer predic-
tions converge roughly monotonically across layers
as the residual stream accumulates updates from
each layer. However, the logit lens assumes inter-
mediate representations are in the same basis as the
final layer, which is often not the case. The tuned
lens (Belrose et al., 2023) addresses this limitation
by learning an affine transformation for each layer:

TunedLensy(hy) = LogitLens(Aghy + by)

where A, € R%*? is a learned linear map and
by € R%is a bias term. The translators compensate
for cross-layer representational differences. The
difficulty of learning these translators, measured by
the residual KL divergence between the tuned lens
prediction and the model’s final output distribution,
indicates how compatible each layer’s representa-
tions are with the final layer. In our experiments,
therefore, we use the tuned lens over logit lens.

3 Models

Our analysis uses open-weights models with
both tied and untied configurations at the billion-
parameter scale.

OLMo-1B The Open Language Model (Groen-
eveld et al., 2024) provides fully open-source
models with publicly released training code, data,
and intermediate checkpoints. Two independent
OLMo-1B runs are available: OLMo-1B? (tied,
February 2024) and OLMo-1B-0724> (untied, July
2024), sharing the same core architecture but
trained on different snapshots of the Dolma dataset
(Soldaini et al., 2024). The data-version mismatch
is a confound, but the pair remains the clean-
est open comparison for isolating weight tying at
billion-parameter scale.

Qwen3 The Qwen3 family uses scale-dependent
weight tying: smaller models (0.6B, 1.7B, and 4B)
tie embeddings while larger models (8B and above)
untie them. All models share training methodol-
ogy, tokenizer, and architectural design principles,
varying only in parameter count*. We compare
Qwen3-4B (tied) with Qwen3-8B (untied) to repli-
cate our OLMo findings across different model fam-
ilies. While model size is a confound, the shared
training setup helps isolate the effect of weight

tying.

GPT-Neo and Pythia We have found no open-
weight, billion-scale model families that were de-
signed to isolate weight tying, though OLMo-1B
comes closest with its tied and untied releases. The
next closest pair matching parameter size is GPT-
Neo-2.7B (Black et al., 2021) and Pythia-2.8B (Bi-
derman et al., 2023). Both have 32 layers, hidden
size 2560, FFN width 10240, and context 2048,
so their transformer blocks contain essentially the
same parameter count. They differ in positional
encoding (learned absolute vs. partial RoPE), at-
tention pattern (alternating sparse/dense vs. fully
dense), and transformer block structure (sequential
vs. parallel). Both are trained on the Pile (Gao et al.,
2020), both ship intermediate checkpoints, and cru-
cially, GPT-Neo ties its embeddings while Pythia
does not. The ~130M parameter gap between the
two models corresponds to the size of the untied

2ht’cps: //huggingface.co/allenai/OLMo-1B-hf

3https://huggingface.co/allenai/
OLMo-1B-0724-hf

“We note that unlike GPT-Neo, Pythia, and OLMo, training
data are closed and may not be the same across models.
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output matrix. We report this less-controlled com-
parison because the central pattern largely holds
despite these differences.

4 Embedding Space Alignment Analysis

4.1 Representational Alignment

To test whether tied embeddings more closely re-
semble input or output representations, we com-
pare the tied embedding matrix to both input and
output embedding matrices from corresponding un-
tied models. Following prior work (Conneau et al.,
2020), we learn transformations to align embed-
dings between matrix pairs and evaluate alignment
quality using mean cosine similarity between cor-
responding token vectors after alignment.

We consider three transformation types of in-
creasing expressiveness:

* Identity: Without transformations, we mea-
sure whether embeddings are already aligned.

* Orthogonal: With a Procrustes analysis
(Schonemann, 1966), which preserves dis-
tances and angles, we test whether the spaces
differ only by a rotation transformation.

* Linear: Using an unconstrained linear map-
ping via least squares and allowing arbitrary
rescaling, we ask if a linear relationship exists
between the spaces.

Table 1 shows the alignment results for OLMo-
1B and GPT-Neo/Pythia. Because Qwen models
have different embedding dimensions, we instead
use KNN overlap and spectral distance analysis
(Appendix B); the same output-bias pattern holds,
with the tied matrix sharing 71.0% of its nearest
neighbors with the untied output versus only 36.6%
with the untied input.

For each transformation, we align embedding
matrices pairwise: Input (U) — Output (U) aligns
the untied input and output matrices, Output (U)
— Tied aligns the untied output to the tied matrix,
and Input (U) — Tied aligns the untied input to the
tied matrix. We compare OLMo-1B (tied) against
OLMo-1B-0724 (untied), and GPT-Neo-2.7B (tied)
against Pythia-2.8B (untied). If output-layer gra-
dients dominate the shared matrix, we expect that
aligning the untied output matrix to the tied ma-
trix should yield higher similarity than aligning the
untied input matrix to the tied matrix. We find:

The tied embedding matrix is more aligned with
the output embedding matrix of corresponding
untied models than the input embedding matrix.
For both OLMo and Pythia models, the cosine sim-
ilarity score for Qutput (U) — Tied is much larger
than the similarity scores for Input (U) — Tied for
all three transformations (Table 1). This shows that
the shared embedding matrix in tied models resem-
ble what an untied output matrix would look like
much more than an untied input matrix. Supple-
mental KNN overlap and spectral distance analyses
corroborate this finding across all three model fam-
ilies (see Appendix B).

Comparison Identity Orthogonal Linear
OLMo-1B (tied) vs OLMo-1B-0724 (untied)

Input (U) — Output (U) 0.012 0.440 0.574
Output (U) — Tied 0.014 0.669 0.719
Input (U) — Tied 0.001 0.420 0.525
GPT-Neo-2.7B (tied) vs Pythia-2.8B (untied)

Input (U) — Output (U) -0.001 0.456 0.518
Output (U) — Tied 0.001 0.507 0.637
Input (U) — Tied 0.000 0.376 0.507

Table 1: Geometric alignment between embedding
spaces under identity, orthogonal (rotation), and lin-
ear (unconstrained least squares) transformations. We
report mean cosine similarity between corresponding
token embeddings from tied and untied models.

Untied input and output matrices exhibit lim-
ited similarity The alignment between untied
embeddings yields only moderate similarity even
after learning a linear transformation between the
two spaces (0.574 for OLMo, 0.440 for GPT-
Neo/Pythia; Input (U) — Output (U) rows in Ta-
ble 1). This suggests that input and output embed-
ding representations do not converge when embed-
dings are untied. Thus, we argue that tying forces
a compromise between representational demands.

4.2 Tuned Lens Reveals “First Layer Penalty"

The alignment analysis above reveals that tied em-
beddings structurally resemble output embeddings.
But does this structural similarity have mechanistic
consequences for how the model processes infor-
mation? To investigate, we turn to the tuned lens.
The tuned lens (Section 2.3) trains an affine trans-
lator at each layer to minimize the KL divergence
between the translated hidden state’s prediction dis-
tribution and the model’s final output distribution.
The residual KL divergence after training indicates
how well each layer’s representations align with
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the output space, lower values suggest better align-
ment, making this metric particularly informative
for our analysis.

Method We specifically focus on the residual
KL-divergence after training translators in early
layers. Because weight tying makes the input and
output embedding matrices identical, one might ex-
pect reduced input—output mismatch and therefore
lower tuned-lens KL divergence at early layers. On
the contrary, if weight tying forces the embedding
matrix to prioritize output prediction, we instead
can expect early layers in tied models to produce
representations that are less compatible with the
output space, since these early layers must work
with input embeddings optimized for a different
purpose. This would manifest as higher KL di-
vergence at early layers compared to untied mod-
els. We train per-layer translators on WikiText-103
(Merity et al., 2017) with step budgets matched
within each comparison pair (full training details
in Appendix C).

10
. —e— OLMo-1B-untied (Tuned Lens)
2 8 —s— OLMo-1B-tied (Tuned Lens)
L2
[
O 6
c
@
o
o 4
=
)]
0 2
4

Oputl 2 3 4 5 6 7 8 9 101112131415 16
Layer

Figure 2: Tuned lens KL divergence for tied vs untied
OLMo-1B. Lower values indicate better alignment be-
tween a layer’s representations and the output space.
The clearest separation appears in the early layers,
where the tied model shows higher KL divergence.

Results The results for residual KL-divergence
after training translators, for the same number of
steps, for OLMo-1B (tied vs untied) are shown in
Figure 2. We additionally report results for Pythia-
2.8B vs GPT-Neo-2.7B and Qwen3-4B vs Qwen3-
8B in Appendix C. We see that tied models exhibit
systematically higher KL divergence than un-
tied counterparts in the early layers. For OLMo-
1B, the tied model starts at approximately 9.2 bits
at the input layer compared to 7.0 bits for the un-
tied model, a gap of over 2 bits. This gap persists
across the early layers before gradually narrowing,
indicating that the first few layers of the tied model
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Figure 3: For OLMo-1B-0724 (untied). Top: cosine
similarity to initial embeddings (step 0), measuring
cumulative drift. Bottom: cosine similarity between
neighbouring checkpoints (sampled every 2000 training
steps).

operate with representations that are harder to align
with the output space.

This elevated divergence suggests that early-
layer activations in tied models are harder to align
with the output space. The first transformer layer,
which operates on representations produced by the
tied embedding matrix, contributes less effectively
to the residual stream. Later layers must compen-
sate for this initial mismatch rather than building
predictions incrementally from the start.

5 Output Gradient Dominance

Our alignment analysis reveals a clear unembed-
ding bias: tied embeddings more closely resemble
untied output embeddings than untied input em-
beddings. And our tuned lens analysis shows the
implications of this mismatch, where the early lay-
ers in tied models contribute less effectively to the
residual stream. In this section, we explore the
reason behind the dominance of the tied output em-
beddings in learning the shared embedding vectors
by examining gradient flow in both untied and tied
models.

5.1 Output-Embedding Evolve Faster than
Input-Embeddings in Untied Models

In untied models, the input and output embed-
ding matrices are separate and receive gradients
independently. Due to the direct connection be-
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tween the output layer and the cross-entropy loss,
the output embedding matrix may change more
rapidly during training. By tracking how each ma-
trix evolves across model checkpoints, we can es-
tablish whether this asymmetry exists even when
the matrices are not tied.

This analysis requires access to model weights
at multiple points during training. Pythia (Bider-
man et al., 2023) released many checkpoints for all
models, saved at regular intervals during training;
OLMo (Groeneveld et al., 2024) releases check-
points every 1000 training steps, too. Both families
have models with untied embeddings, allowing us
to track input and output matrices independently.

Method To analyze embedding evolution dynam-
ics, we compute two complementary metrics: (1)
the mean cosine similarity between each check-
point and the initial (step 0) embeddings, which
measures cumulative drift from initialization, and
(2) the mean cosine similarity between each to-
ken’s embedding vector at neighbouring check-
points, which measures how rapidly the matrix is
changing. Figure 3 shows these metrics for OLMo-
1B-0724 (untied) across the first 20000 steps. The
plots for Pythia can be found in Figure 9 (Appendix
D). We sample checkpoints at intervals of 2000
steps for OLMo to ensure meaningful differences
between samples.

Results Across both models, we observe a con-
sistent pattern: the output embedding matrix un-
dergoes substantially larger updates than the input
embedding matrix, especially early in training.

For OLMo-1B-0724 (untied), by step 20K the
output matrix cosine similarity with its initializa-
tion is approximately 0.56, while for the input ma-
trix it is 0.87 (Figure 3). The bottom panel reveals
that this difference originates in the first few thou-
sand steps. The output matrix shows cosine simi-
larity of 0.96 between neighbouring checkpoints,
indicating substantial change over each 2000-step
interval. By contrast, that of the input matrix re-
mains near 1.0, indicating minimal change. Both
matrices converge to similar rates later in training,
but the early asymmetry permanently transforms
the output matrix. For Pythia-1B, this is even more
pronounced (Figure 9). The output matrix shifts
dramatically from the first checkpoint, with cosine
similarity between neighbouring checkpoints as
low as 0.78 in early training.

We hypothesize that this early-training asymme-
try is critical for tied models: when input and

output embeddings share parameters, the domi-
nant output-layer gradients in the early phases
of training shape the shared matrix, potentially
at the expense of early-layer compatibility.

5.2 Norm-Frequency Relationship

We also qualitatively compare the tied and untied
embedding vectors using norm-frequency plots,
which show how embedding norms vary with token
frequency. Here we calculate the norm-distribution
of the embedding vectors as a function of the
frequency of occurrence of tokens in a 300MB
English-text sample from OSCAR-2301 (Abadji
etal., 2022).

Figure 4 plots the L2 norm of each token’s em-
bedding against its log-frequency for OLMo-1B af-
ter 10k steps (20B tokens). With fixed y-axis scales
across all three panels, it is easy to see that the un-
tied input embedding matrix (left) has not moved
far from initialization, with norms clustered tightly
around 0.8-1.0. In contrast, the untied output (cen-
ter) and tied (right) matrices have evolved substan-
tially and closely resemble each other, both show-
ing a characteristic pattern where norms increase
with token frequency up to approximately 10* oc-
currences before exhibiting a downward-sloping
trend for very high frequency tokens. The visual
resemblance between the tied and untied output ma-
trices, at this early stage of training, supports our
finding that the tied matrix is shaped predominantly
by output-layer gradients from the start. This serves
as additional support for our quantitative alignment
and model checkpoints analyses above.

5.3 Output Gradients Dominate Training in
Weight-Tied Models

The checkpoint analysis in Section 5.1 demon-
strates that output embeddings evolve faster than
input embeddings when they are separate param-
eters. But does this gradient asymmetry persist
when the matrices are tied? To answer this directly,
we measure where gradients originate in weight-
tied models. In weight-tied architectures, the same
matrix serves both as input embeddings and out-
put projection, with gradients from both pathways
accumulating into the shared parameters. To disen-
tangle these contributions without altering training
dynamics, we use gradient hooks that observe—but
do not modify—the separate gradient flows. We

SWe use the pre-assembled file eng_Latn_300mb. txt
from https://huggingface.co/datasets/
catherinearnett/monolingual-tokenizer-data.
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Figure 4: Norm-frequency relationship for OLMo-1B after 10k steps (20B tokens). Left: untied model’s input (blue)
and output (orange) matrices. Right: tied model’s shared matrix (pink).

log the L2 norms of gradients through each path-
way during early training, quantifying how much
learning signal originates from each side.

Method We train OLMo-1B with tied embed-
dings from scratch® using standard OLMo training
configuration and record gradient norms at every
training step for the first 1000 steps. To reduce
noise, we apply rolling average with a window of
20 steps. We do not modify the original training
recipe and just track the contributions of gradient
flows from output and input embedding paths.

Results Figure 5 shows the results. The left panel
(log scale) reveals a persistent gap between the two
pathways: output-layer gradients (orange) consis-
tently exceed input-layer gradients (blue) through-
out the first 1000 training steps. The right panel
shows the relative contribution of each pathway (in
percent of gradient norm). Output-layer gradi-
ents account for approximately 70% of the total
signal during early training, with input-layer con-
tributions making up the remaining 30%.

This persistent imbalance confirms that in
weight-tied architectures, the shared embedding
matrix receives the majority of its learning signal
from the output layer, particularly during the criti-
cal early phase of training when representations are
first being shaped. This explains the embedding
alignment results from Section 4 and sheds light on
the source of the weight tying penalty: the shared
matrix in weight-tied models is optimized pri-
marily for output prediction from early training
stages, leaving the early transformer layers to work
with a less compatible representational space.

6https://github.com/allenai/OLMo/tree/main/
configs

6 Causal Ablation : Selective Gradient
Scaling in Tied Models

Our analysis so far has established that (1) tied
embeddings structurally resemble untied output
embeddings (Section 4.1), (2) early layers in tied
models contribute less effectively to the residual
stream (Section 4.2), and (3) output-layer gradients
dominate the shared embedding matrix during train-
ing (Section 5.3). In order to establish a causal link
showing that gradient flows from output embedding
dominate training in tied models, we intervene di-
rectly on the shared embedding gradients during
training. If output-gradient dominance causes the
tied matrix to develop output-like structure, then
artificially amplifying input-layer gradients should
shift the resulting embeddings toward input-like
structure. Conversely, if the gradient imbalance
is merely a side effect, scaling should have little
impact on the final representations.

We train OLMo-1B with tied embeddings from
scratch with the original training configuration, us-
ing gradient hooks to multiply input-layer gradients
by a scaling factor before they accumulate into the
shared embedding matrix. We compare a baseline
model with no scaling against one with input gra-
dients scaled by 5x. Since training these models
from scratch is expensive, we pause our training for
both models after 10000 steps (20B tokens) when
the results become evident. We then measure co-
sine similarity (after alignment) between each tied
model’s embedding matrix and the input/output
matrices from OLMo-1B-0724 (untied) at the same
training step. The results are in Table 2. We report
additional results in Appendix E.

Scaling input gradients shifts embedding struc-
ture predictably towards untied input embed-
dings and away from untied output embeddings.
With 5x input gradient scaling, the resulting em-
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Figure 5: Gradient flow to the shared embedding matrix in tied OLMo-1B during the first 1000 training steps. Left:
L2 norm of gradients from the input embedding (blue) and output projection (orange) pathways on a log scale.
Right: relative contribution of each pathway as a percentage of total gradient norm.

Model vs Untied Input  vs Untied Output
Tied (no scaling) 0.216 0.384
Tied (input x5) 0.222 0.369

Table 2: Cosine similarity (after alignment) between tied
OLMo-1B embedding matrices and the input/output ma-
trices of OLMo-1B-0724 (untied) at step 10K. Higher
gradient scaling shifts mean more input-like structure.

bedding matrix becomes more aligned with the
untied input matrix (0.216 — 0.222) but is less
aligned with the untied output matrix (0.384 —
0.369). Additional scaling factors and earlier check-
points show the same trend (Appendix E).

This trade-off is inherent to weight tying. Shift-
ing the shared matrix toward one role necessarily
moves it away from the other, and the gradient
balance causally determines which role dominates.
Under this simple constant-scaling intervention,
there is no “free” equilibrium, improving input
compatibility comes at the cost of output compati-
bility. Downstream evaluation shows no consistent
performance gains from this structural shift (Ap-
pendix E), which is in line with the zero-sum nature
of this trade-off. Whether more sophisticated in-
terventions can navigate this trade-off remains an
open question.

7 Discussion

7.1 When to Tie vs. Untie

The decision to tie or untie embeddings ultimately
reduces to a trade-off between parameter efficiency
and representational capacity. Above, we high-
lighted that in smaller models, embedding param-
eters may constitute over 70% of total parameters
(Pythia 70M; see Table 4). At this scale, these pa-
rameter savings are substantial and justify the rep-
resentational cost we have documented. At billion-

parameter scale, the efficiency advantage largely
disappears while the representational disadvantage
remains. This trade-off is reflected in contemporary
models. The Qwen3 developers explicitly cite this
as a consideration: smaller models (0.6B, 1.7B, and
4B parameters) use tied embeddings, while larger
models (8B and above) untie them. Here, we pro-
vide a mechanistic justification for this threshold:
at scale, the cost of adding a separate output matrix
is negligible, but the benefit of allowing the input
embeddings to evolve independently is present.

7.2 Gradient Rebalancing as a Training
Intervention

Our causal intervention experiments (Section 6)
establish that gradient imbalance causally deter-
mines the structure of the tied embedding matrix.
We also evaluated whether rebalancing gradients
improves downstream performance and find that
it does not: the scaled model shows no consistent
gains over the baseline. This is in line with the
trade-off we document, as shifting the shared ma-
trix toward input-like structure necessarily reduces
its effectiveness as an output projection.

Future work could explore whether more tar-
geted interventions, beyond simple constant scal-
ing, can navigate this trade-off. If such strategies
exist, they could offer a practical middle ground:
tied embeddings with intervention-corrected train-
ing dynamics that mitigate the representational cost
we have documented while retaining the parameter
efficiency of weight tying. This can have important
implications for smaller language models where
embeddings form a large portion of the parame-
ters.
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8 Conclusion

We have presented evidence that weight tying in
language models incurs a hidden cost. By analyz-
ing training dynamics through gradient flow, we
show that the shared embedding matrix in tied mod-
els is shaped predominantly by output-layer gradi-
ents during early training, leaving input represen-
tations optimized for output prediction rather than
for compatibility with early-layer computations.

This gradient imbalance manifests as a represen-
tational mismatch. We show that tied embedding
matrices are structurally closer to untied output ma-
trices than to untied input matrices, confirming that
output-layer optimization dominates the shared rep-
resentation. Furthermore, in our tuned lens analy-
sis across three model families, tied models exhibit
systematically higher KL divergence in their early
layers compared to untied counterparts, indicating
that the first layers contribute less effectively to
the residual stream, a pattern consistent with input
embeddings that have been trained suboptimally
compared to the untied models. Untying allows
the input matrix to evolve more slowly than the
output matrix, free from the dominant output-layer
gradients that would otherwise shape it.

Our findings provide a mechanistic explanation
for the empirical observation that untying embed-
dings improves performance at scale. At billion-
scale and beyond, the parameter savings from
weight tying become negligible while the represen-
tational cost remains. For practitioners designing
large language models, we recommend untying em-
beddings when parameter budget permits, as the
representational benefits outweigh the modest in-
crease in model size. For smaller models where
parameter savings matter most, our work motivates
training interventions that could preserve the effi-
ciency benefits of weight tying while reducing its
representational cost.

Limitations

Our analysis relies on several assumptions that
merit discussion. While the tuned lens reveals that
tied models exhibit systematically higher KL di-
vergence in early layers compared to untied mod-
els, we cannot be certain this difference reflects
a meaningful representational cost. The elevated
divergence may be compensated for in later layers.

For each setting, we test only a single training
run, as training runs at the billion-parameter scale
are very costly, therefore we were not able to con-

duct statistical tests across multiple training runs,
random seeds, etc.

Our experiments are also constrained to specific
model families (OLMo, Pythia, and Qwen3), cho-
sen for their availability of tied/untied variants or
intermediate checkpoints. While these models span
different training configurations and scales, our
findings may not generalize to architectures with
substantially different designs, such as mixture-
of-experts models or non-autoregressive language
models.

Finally, we do not quantify the magnitude
of the representational penalty in downstream-
performance terms, nor do we identify a parameter-
count or training-budget threshold above which
untying becomes preferable. Practical guidance
therefore remains qualitative: at billion-parameter
scale and beyond, parameter savings from tying
shrink while the representational cost persists, but
the precise crossover point is left to future work.
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Appendix
A Parameter Counts

Table 4 shows the proportion of total parameters
contained in the embedding matrices for the Pythia
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Model Total (Untied) Total (Tied) Saved Comparison KNN@10 (1) Spectral Dist (])
Pythia-70M 70.4M 447M  25.8M OLMo-1B (tied) vs OLMo-1B-0724 (untied)
Pythia-160M 162.3M 123.7M  38.6M Input (U) <+ Output (U) 0.455 1.349
Pythia-410M 405.3M 353.8M  51.5M Output (U) <+ Tied 0.733 0.588
Pythia-1B 1011.8M 908.8M  103.0M Input (U) <+ Tied 0.496 1.373
Pythia-2.8B 2775.2M 2646.4M  128.8M Owen3-4B (tied) vs Qwen3-SB (untied)
) . . Input (U) <+ Output (U) 0.366 1.421
Table 3: Total parameter counts with and without weight Output (U) > Tied 0.710 0.809
tying for Pythia models. For an untied model, tying Input (U) <> Tied 0.366 1.441
removes one em.bedding maFrix, saving V'd parameters GPT-Neo-2.7B (tied) vs Pythia-2.8B (untied)
(half of the untied embedding total 2V/d). Totals are Input (U) + Output (U) 0.611 0.949
computed by summing checkpoint parameter counts. Output (U) > Tied 0.408 1.035
Input (U) <> Tied 0.372 1.462

Model Hidden Embed Params % of Total
Pythia-70M 512 51.4M 73.4%
Pythia-160M 768 77.2M 48.3%
Pythia-410M 1024 103.0M 25.1%
Pythia-1B 2048 206.0M 20.6%
Pythia-2.8B 2560 257.4M 9.2%

Table 4: Embedding parameters for the Pythia suite
(untied). Embed Params shows the combined input and
output matrices (2 x V x d where V' = 50,257). Weight
tying would halve these values, saving over 35% of
parameters at small scale but less than 5% at billion-
scale.

model family (Biderman et al., 2023). This family
of models does not use weight tying. For the 70M
parameter model, the embedding matrices account
for over 70% of all parameters; even at 2.8B scale,
they still represent approximately 9% of the model,
so tying can still yield meaningful savings.

Table 3 reports total parameter counts with and
without weight tying, computed by subtracting V'd
parameters from the untied checkpoints.

Table 4 shows that embedding matrices consti-
tute a substantial fraction of total parameters at
smaller scales, but this proportion decreases as
models grow. At 70M parameters, embeddings
account for 73.4% of the model, making weight
tying highly impactful for parameter efficiency. By
2.8B parameters, this drops to 9.2%.

B KNN Overlap and Spectral Distance
Analysis

As complementary metrics to cosine similarity, we
measure (1) KNN@10 overlap: the fraction of
shared nearest neighbors between token embed-
dings in two matrices (higher = more similar), and
(2) spectral distance: the operator-norm distance
between the jointly embedded k-NN graphs via the
omnibus adjacency spectral embedding of Duder-
stadt et al. (2023) (lower = more similar).

Table 5: KNN@ 10 overlap (higher = more similar) and
spectral distance (lower = more similar) between embed-
ding spaces. Bold indicates the most similar pair within
each family. GPT-Neo/Pythia uses aligned vocabulary
(36,938 tokens).

Both metrics tell a consistent story. For OLMo-
1B, the tied matrix shares 73.3% of its nearest
neighbors with the untied output versus only 49.6%
with the untied input; spectral distances are 0.588
versus 1.373. Qwen3 shows an even starker con-
trast: 71.0% overlap with output versus 36.6% with
input; spectral distances are 0.809 versus 1.441.
The pattern holds for GPT-Neo/Pythia (KNN@10:
0.408 vs. 0.372; spectral distance: 1.035 vs. 1.462),
though the effect is smaller, likely because of the
bigger differences between the two models.

C Additional Results — Tuned Lens
Analysis

Section 4.2 presented tuned lens results for OLMo-
1B (tied vs untied). Here we extend this analysis
to Pythia-2.8B vs GPT-Neo-2.7B and Qwen3-4B
vs Qwen3-8B. The methodology remains identical:
we train per-layer affine translators that map hidden
states at each layer to the final layer’s representa-
tion space, minimizing KL divergence. All transla-
tors are trained on WikiText-103 (raw, v1) (Merity
et al., 2017); step budgets are matched within each
comparison pair but differ across pairs (OLMo-1B:
500 steps; Pythia-2.8B / GPT-Neo-2.7B: 100 steps;
Qwen3-4B / 8B: 50 steps).

Figure 6 shows results for Pythia-2.8B (untied)
and GPT-Neo-2.7B (tied). Both models have 32
layers. GPT-Neo-2.7B (tied) starts at approxi-
mately 17 bits at the input layer compared to 7 bits
for Pythia-2.8B (untied), a gap of 10 bits. This gap
subsequently increases to 15 bits and then narrows,
with the curves starting to converge around layer
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Figure 6: Tuned lens KL divergence across layers for
Pythia-2.8B (untied) vs GPT-Neo-2.7B (tied). Both
models have 32 layers. GPT-Neo-2.7B shows elevated
KL divergence in the early layers.

10. Both models show a spike in KL divergence
early on followed by a smooth, monotonic reduc-
tion until convergence. Pythia-2.8B (untied) also
exhibits a slight increase from the input layer to
layer 1, though much smaller than the tied model’s
spike. The elevated early-layer KL divergence in
GPT-Neo-2.7B suggests that early layer activations
in tied models are harder to align with the output
space and the first layer is contributing less effec-
tively to the residual stream.
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Figure 7: Tuned lens KL divergence for Qwen3-4B
(tied) vs Qwen3-8B (untied). Qwen3-4B (tied) displays
significantly higher early-layer KL divergence before
starting to converge with Qwen3-8B (untied).

Figure 7 presents results for Qwen3-4B (tied,
36 layers) and Qwen3-8B (untied, 36 layers). We
again observe tied models exhibiting higher early-
layer KL divergence. Qwen3-4B (tied) begins at
approximately 25 bits, while Qwen3-8B (untied)
starts at 12 bits, a 13-bit gap. Qwen3-8B (untied)
also shows a slight increase from the input layer to
layer 1, though the gap relative to the tied model re-
mains large. This gap narrows quickly, with the tied
model maintaining elevated divergence through
layer 10, where the curves start to converge. In

the final layers, both models show increasing KL,
divergence.

The consistency of elevated early-layer KL di-
vergence across three independent model family
comparisons in OLMo (same family, different train-
ing runs), Pythia/GPT-Neo (similar architecture,
same dataset), and Qwen3 (same family, different
sizes), provides evidence that weight tying creates
an early-layer representational penalty. This pat-
tern holds across different model scales (from 1B
to 8B parameters), different training datasets, and
different architectural details, even though the ex-
act depth profile beyond the earliest layers varies
across architectures.

D Additional Results — Untied Models
Matrices Updates

Section 5.1 presented embedding evolution dynam-
ics for OLMo-1B-0724 (untied). Here we extend
this to OLMo-7B and Pythia-1B. For each model,
we compute cumulative drift (cosine similarity to
initial embeddings) and similarity between neigh-
bouring checkpoints. OLMo checkpoints are avail-
able every 1000 steps; Pythia has 154 checkpoints
spanning the full training run with denser sampling
early in training.
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Figure 8: Embedding matrix dynamics for OLMo-7B
(untied). Top: cosine similarity to initial embeddings
(step 0), measuring cumulative drift. Bottom: cosine
similarity between neighbouring checkpoints.

Figure 8 shows OLMo-7B (untied) dynamics.
The top panel (similarity vs initial) shows the cu-
mulative effect: by step 50,000, the output matrix
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drifts to cosine similarity of approximately 0.38
with initialization, while input only drifts to 0.75.
The bottom panel reveals that output embeddings
change much more rapidly than input embeddings,
particularly in the first 10,000 steps where output
similarity drops to approximately 0.78 while input
remains above 0.96. This shows that the output
embedding matrix undergoes significantly larger
updates than the input embedding matrix in the
early stages of training.
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Figure 9: Embedding matrix dynamics for Pythia-1B
(untied). Top: cosine similarity to initial embeddings
(step 0), measuring cumulative drift. Bottom: cosine
similarity between neighbouring checkpoints.

Figure 9 shows Pythia-1B (untied). The top
panel shows that output embeddings drift dramati-
cally from initialization in the very first checkpoint,
dropping to cosine similarity of approximately 0.79
(21% change) while input only drops to 0.92 (8%
change). The bottom panel confirms this explosive
early update: output reaches as low as 0.79 cosine
similarity between the first two checkpoints, indi-
cating massive restructuring, while input remains
relatively stable. Both matrices then stabilize after
approximately step 4000. By the end of training
(top panel), output has drifted to cosine similarity
of 0.21 with initialization, while input has only
drifted to 0.32.

The consistent pattern across OLMo-1B-0724
(Section 5.1), OLMo-7B, and Pythia-1B estab-
lishes that output embeddings undergo substantially
larger updates than input embeddings during early
training, even when matrices are untied and re-
ceive gradients independently. This reflects the

inherent structure of the training objective where
output-layer gradients are naturally stronger than
input-layer gradients.

E Additional Results — Gradient Scaling

Section 6 presented gradient scaling results at step
10,000 for tied OLMo-1B models trained with in-
put gradient scaling factors of 1x (baseline) and
5x. Here we present additional results at step 1000
with scaling factors of 2x and 10x to demonstrate
the robustness of the intervention effect. The exper-
imental setup remains identical: we train OLMo-
1B with tied embeddings from scratch using the
standard configuration, applying gradient hooks to
multiply input-layer gradients by a constant factor
before they accumulate into the shared embedding
matrix. At checkpoints, we measure cosine simi-
larity (after Procrustes alignment) between the tied
model’s embedding matrix and the input/output
matrices from OLMo-1B-0724 (untied) at matched
training steps.

Model vs Untied Input  vs Untied Output
Tied (no scaling) 0.172 0.197
Tied (input x2) 0.173 0.197
Tied (input x 10) 0.173 0.190

Table 6: Cosine similarity after Procrustes alignment of
tied OLMo-1B models trained with scaled input gradi-
ents at step 1000. Even early in training, higher input
gradient scaling slightly increases alignment with the
untied input matrix and decreases alignment with the
untied output matrix.

Table 6 shows alignment results at step 1000,
much earlier in training than the step 10,000 results
in Table 2 (Section 6). Even at this early stage, the
intervention has a measurable effect. With baseline
training (no scaling), the tied matrix achieves 0.172
cosine similarity with untied input and 0.197 with
untied output, already showing the expected output
bias. With 2x input gradient scaling, alignment
with untied input increases slightly to 0.173 while
alignment with untied output remains at 0.197.
With 10x scaling, input alignment remains at 0.173
while output alignment decreases to 0.190.

The effect size is modest at step 1000, reflecting
that only 2B tokens have been processed. However,
the directionality is already correct: amplifying
input gradients shifts the matrix toward input struc-
ture and away from output structure. The gradient
scaling results across two checkpoints (step 1000
and step 10,000) demonstrate that gradient balance
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causally determines embedding structure, and this
effect accumulates over training. The modest ef-
fect sizes reflect a fundamental constraint: improv-
ing input compatibility necessarily reduces output
compatibility, confirming that weight tying forces
a compromise between distinct representational de-
mands.

Downstream evaluation. A natural follow-up
is whether the structural shift from gradient scal-
ing translates into downstream performance gains.
We evaluate the baseline tied model and the 5x-
scaled model using lm-evaluation-harness (Gao
et al., 2023) on WikiText-2 (Merity et al., 2017),
PIQA (Bisk et al., 2020), HellaSwag (Zellers et al.,
2019), Winogrande (Sakaguchi et al., 2020), ARC
(Clark et al., 2018), BoolQ (Clark et al., 2019),
OpenBookQA (Mihaylov et al., 2018), and BLiMP
(Warstadt et al., 2020), both at step 10,000.

Benchmark Tied Tied (input x5)
WikiText-2 PPL |  35.71 36.64
PIQA 0.620 0.631
HellaSwag 0.329 0.326
Winogrande 0.514 0.509
ARC-Easy 0.396 0.402
ARC-Challenge 0.233 0.241
BoolQ 0.576 0.548
OpenBookQA 0.256 0.278
BLiMP 0.755 0.757

Table 7: Downstream evaluation of tied OLMo-1B mod-
els with and without input gradient scaling at step 10K
(20B tokens). Higher is better for all benchmarks except
WikiText-2 (perplexity, lower is better). No consistent
performance difference is observed.

Table 7 shows that although gradient scaling
measurably shifts embedding structure (Table 2),
this does not translate into consistent downstream
improvements. Perplexity slightly worsens (35.71
— 36.64), consistent with the trade-off identified in
Section 6: shifting the shared matrix toward input-
like structure reduces its effectiveness as an output
projection. Downstream results are mixed—the
scaled model gains on PIQA, ARC-Challenge, and
OpenBookQA, but loses on BoolQ, HellaSwag,
and Winogrande, with no clear overall winner.
BLiMP, a linguistic minimal-pair benchmark that
directly tests grammatical competence, shows the
two models are essentially identical (75.5% vs
75.7%). A naive constant scaling factor rebalances
gradient contributions but does not resolve the un-
derlying compromise.

F Chung et al. XTREME Benchmark
Results

Section 2.1 references Chung et al. (2020) as key
prior work demonstrating that weight tying can
harm performance in transformer-based models.
Table 8 displays their central finding from experi-
ments on multilingual BERT-style models. They
trained two configurations: coupled (tied embed-
dings, 177M parameters for both pre-training and
fine-tuning) and decoupled (untied embeddings,
269M parameters during pre-training but pruned
to 177M for fine-tuning to ensure fair compari-
son at evaluation time). Both models were pre-
trained on multilingual data and evaluated on the
XTREME benchmark, which tests cross-lingual
transfer across diverse tasks.

The decoupled model achieves 62.7% average
performance compared to 62.3% for the coupled
model. While the overall gain is modest (0.4
percentage points), improvements appear consis-
tently across most tasks. XNLI (cross-lingual nat-
ural language inference) improves by 0.6 points
(71.3 vs 70.7). The largest gains appear in
question-answering tasks: XQuAD improves by
0.7/0.6 EM/F1 points (46.9/63.8 vs 46.2/63.2) and
TyDi QA by 2.1/1.4 EM/F1 points (42.8/58.1 vs
40.7/56.7). These tasks may particularly benefit
from improved input representations that support
compositional reasoning.

Chung et al. (2020) established that untying
helps but did not explain why. Our work provides
the mechanistic explanation: decoupling allows
input embeddings to specialize for semantic repre-
sentation rather than being forced into an output-
optimized space shaped by dominant output-layer
gradients. Our tuned lens analysis (Section 4.2,
Appendix C) connects directly to these empirical
results: elevated KL divergence in early layers of
tied models indicates less effective compositional
representations, which would particularly impact
deep semantic understanding required for question
answering.

G License Information

GPT-Neo is released under an MIT license and
Pythia, OLMo 3, and Qwen3 are all released under
Apache 2.0 licenses. The Dolma dataset is released
under an ODC-by license. All of these licenses
permit use for scientific research and our use of
these artifacts is consistent with their licenses.
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#PT #FT XNLI NER PAWS-X XQuAD TyDi Avg
params params  Acc F1 Acc EM/F1 EM/F1

Coupled 177M 177TM 70.7 69.2 85.3 46.2/63.2  40.7/56.7 62.3
Decoupled  269M 177TM 71.3 68.9 85.0 46.9/63.8 42.8/58.1 62.7

Table 8: Effect of decoupling input and output embedding matrices on XTREME benchmark (Hu et al., 2020)
performance (Chung et al., 2020). PT: Pre-training. FT: Fine-tuning. Decoupling adds parameters during pre-
training but improves average downstream performance.
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