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Abstract

Although transformer decoders are quickly be-
coming the most prominent NLP models, little
is known about how they embed text in vector
space and make decisions on downstream tasks.
In this study, we evaluate the impact of fine-
tuning on how GPT-2 represents text in vector
space. In particular, we demonstrate that fine-
tuning refines the last half of the network, and
that task specific information is encoded into
what the literature refers to as “rogue dimen-
sions”. In contrast to previous work, we find
that rogue dimensions that emerge when fine-
tuning GPT-2 are influential to the model deci-
sion making process. By using a linear thresh-
old on a single rogue dimension in space, we
can complete downstream classification tasks
with an error of 1.6% relative to the full 768-
dimensional representations of GPT-2.

1 Introduction

Several studies have been dedicated to understand-
ing what types of knowledge are encoded in BERT
(Devlin et al., 2018) embeddings, from discovering
patterns in attention matrices to demonstrating that
BERT embeddings naturally perform word sense
disambiguation (Rogers et al., 2020; Mickus et al.,
2019; Kovaleva et al., 2019; Coenen et al., 2019).
However, there have been far fewer studies inves-
tigating transformer-decoder-based models, such
as GPT-1,2,3 (Radford et al., 2018, 2019; Brown
et al., 2020). Previous studies examining the GPT-x
family of models typically focus on bias contained
in short passages produced by a language model
(Bender et al., 2021; Bordia and Bowman, 2019), or
on how small perturbations to input text can cause
the quality of the output text to quickly degrade
(Heidenreich and Williams, 2021).

Thus far, studies examining GPT-2 fail to inves-
tigate how the model embeds text in vector space.
Further, there is a lack of literature on what features
of the embedding space are important in determin-
ing how GPT-2 makes decisions when fine-tuned
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Figure 1: CKA similarity scores among fine-tuned SST-
2 & QNLI GPT-2 models and the original GPT-2 model.

to complete a downstream task. In this paper, we
examine: 1) the impact of fine-tuning on GPT-2
sentence embeddings and; 2) where task specific
information is encoded during the process of fine-
tuning. The contributions of this study are as fol-
lows:

* Using Centered Kernel Alignment, we demon-
strate that fine-tuning gives rise to a “bow-tie”
pattern among decoder blocks where the last 6
decoder blocks specialize on the given tasks.

* We find that rogue dimensions emerge in the
same location when fine-tuning for different
tasks, and encode task specific knowledge.

* By comparing representations of fine-tuned
GPT-2 and BERT, we show that rogue dimen-
sions do not encode task specific information
to the same degree in all models .

2 Distribution of Information Over
Decoder Blocks

2.1 Methods & Related Works

We examine how GPT-2 representations change as
a result of fine-tuning by 1) computing centered

"Program code is publicly available at: Removed for anony-
mous review



kernel alignment (CKA) of activations for each
decoder-block; 2) visualizing sentence embeddings
using t-SNE and; 3) exploring “outlier” (Kovaleva
et al., 2021) or “rogue dimensions” Timkey and
van Schijndel (2021) that exhibit high levels of
variance compared to the rest of the vector space.
We fine-tune GPT-2 on two GLUE tasks: SST-2
(Socher et al., 2013) and QNLI (Wang et al., 2018).
SST-2 contains short movie reviews that a model
must label as either positive or negative. QNLI
tasks models to determine whether or not a given
answer can be entailed from specified question. In
both cases, we fine-tune the model for 10 epochs
and achieve an accuracy of 92.8% and 88.2% on
the hidden validation data for SST-2 and QNLI,
respectively.

Intuitively, CKA is a dot-product-based, model
agnostic tool that measures how similar represen-
tations are across different layers or networks (Ko-
rnblith et al., 2019). A CKA score of 0 indicates
that representations are independent, while a score
of 1 implies perfect correlation. Formally, CKA is
based on the Hilbert Schmidt Independence Crite-
rion (HSCI) (Gretton et al., 2005), which computes
the square of the Frobenius norm between the cross-
covariance matrix of two Gram matrices.

Previous works have used CKA to compare the
outputs of layers in ViTs and CNNs to provide
insights as to whether these two models learn sig-
nificantly different representations for a given input
image (Raghu et al., 2021). However, CKA anal-
ysis has not yet been applied to study the impact
of fine-tuning language models. We compute CKA
scores to evaluate the impact of fine-tuning on GPT-
2 representations on both SST-2 and QNLI. Note
that, to more easily interpret model outputs, we
only compute CKA for activation maps on decoder
blocks instead of every layer in the network. We
compute CKA scores for each model on the hidden
validation data for the respective task the models
are fine-tuned on, and compare representations to a
pre-trained GPT-2.

The literature overwhelmingly agrees that con-
textualized embedding models are anisotropic,
meaning that they do not uniformly utilize the vec-
tor space they occupy (Ethayarajh, 2019; Rudman
et al., 2022; Cai et al., 2021). Anisotropy in point
clouds induced by contextualized embedding mod-
els stems from “rogue dimensions” that exhibit
high levels of variance relative to other dimen-
sions in space and dominate model representations
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Figure 2: Last token t-SNE embeddings for fine-tuned
SST-2 & QNLI GPT-2 models, respectively.

(Timkey and van Schijndel, 2021). In this study,
we examine the impact of fine-tuning on rogue di-
mensions and characterize their role in the model’s
downstream decision making process. We visual-
ize the impact of rogue dimensions by plotting the
dimension index on the x-axis and the value of the
specific dimension on the y-axis.

2.2 Results

2.2.1 Locality of Information

Computing CKA scores for GPT-2 provides us with
a baseline of model behavior. In the original GPT-2
model, we see a block diagonal structure where
early network layers are similar to one another,
middle layers are similar to one another and the
final layer is distinct from all other layers in the
network (Figure 1). Fine-tuning GPT-2 causes the
emergence of a bow-tie pattern in CKA matrices
where the first 6 decoder blocks are similar to one
another and the last 6 decoder blocks are similar
to one another. We find that layers 7-12 produce
similar activations to one another as they begin to
encode task-specific knowledge. Figure 2 shows
that, while none of the first 6 decoder blocks in the
fine-tuned GPT-2 are able to separate input texts,
layers 7-12 have clearly learned distinct subspaces
that separate points by class label.

Previous work has used probing methods to ar-
gue that the process of fine-tuning encoder models
primarily specializes the last few layers of the net-
work (Merchant et al., 2020). Figure 1 empirically
supports this intuition for transformer decoders.
However, our results show that the process of fine-
tuning in GPT-2 has a significant impact, not only
on the last, but also on intermediate network layers
which have been thought to be the “most transfer-
able” for different tasks in BERT (Kovaleva et al.,
2019). Figure 1 shows that the first 3 layers in all
three models considered in this study exhibit CKA
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Figure 3: We visualize rogue dimensions for last-token representations across decoder blocks on the SST-2 validation
data after fine-tuning. The horizontal axis tracks the dimension’s index and the vertical tracks the value in the given
dimension. The rogue dimensions can be clearly seen as “spikes” in the graph.

scores near 1, demonstrating that information in
the first 3 decoder blocks is preserved across all
fine-tuning tasks.
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Figure 4: Rogue dimensions of GPT-2 on QNLI with
no fine-tuning.

2.2.2 Rogue Dimensions

We extend the understanding in the literature on
rogue dimensions in several ways: 1) rogue di-
mensions emerge in later blocks of the network;
2) fine-tuning exacerbates existing rogue dimen-
sions; 3) the same dimensions dominate the vector
space in SST-2 and QNLI fine-tuned models; and
4) rogue dimensions encode far more class specific
information in GPT-2 than BERT.

In Figure 3, we visualize how rogue dimensions
change/emerge over time. Representations from
earlier decoder blocks do not exhibit any promi-
nent dimensions that deviate significantly from the
distribution mean or exhibit exceedingly high vari-
ance. However, as we progress further through
the network, the last token representations become
dominated by rogue dimensions. In both the SST-
2 and QNLI fine-tuned models, variance in the
most prominent rogue dimensions increases. How-
ever, the mean in these dimensions is much closer
to zero in the fine-tuned models compared to the
pre-trained GPT-2 representations, as shown in Fig-
ure 4. Remarkably, fine-tuning impacts the same
dimensions for GPT-2 in both SST-2 and QNLI.
Eight of the top ten rogue dimensions are the same

in both fine-tuned models.

Several authors have argued that the presence
of anisotropy in the form of rogue dimensions is
detrimental to model performance, and that by re-
moving or mitigating rogue dimensions, we can im-
prove performance on downstream tasks (Mu et al.,
2017; Zhou et al., 2020; Timkey and van Schijndel,
2021; Liang et al., 2021; Zhang et al., 2022). How-
ever, studies examining the impact of rogue dimen-
sions on model performance tend to focus either on
static word embeddings or transformer encoders,
such as BERT. In contrast to previous works that
argue rogue dimensions “disrupt” model represen-
tations (Kovaleva et al., 2021), we find that rogue
dimensions encode crucial task specific informa-
tion in GPT-2. Further, Figure 5 shows that while
class specific information is concentrated in rogue
dimensions in GPT-2, task specific information is
distributed across multiple dimensions in BERT.

3 Locality of Task-Specific Information

3.1 Methods

The purpose of this section is to determine where
in the model task-specific information is encoded
during the process of fine-tuning. We first compute
what we refer to as the principal rogue dimension
in space, i.e., the single dimension with the highest
variance. Next, we use a simple linear 1-D SVM
to find the optimal threshold value that linearly
separates classes in the principal rogue dimension
on the training data. We then make predictions for
both SST-2 and QNLI based solely on the value
of the principal rogue dimension on the hidden
validation data for GPT-2 and BERT.
Additionally, we conduct a simple ablation ex-
periment to determine how class specific informa-
tion is distributed across multiple dimensions in
GPT-2. Following a similar ablation strategy to
Kovaleva et al. (2021), we ablate a dimension by
setting the representations of GPT-2 in a given di-



mension to zero. Removing the k-bottom/top di-
mensions equates ablating the k-dimensions with
the lowest/highest variance in the embedding space
of GPT-2. After ablating the specified dimensions,
we input the ablated representations of GPT-2 into
the trained linear classification head for each task
and evaluate performance.

3.2 Results

Using a simple linear threshold, we can predict
the sentiment of a given input text in SST-2 with
91.3% accuracy (compared to 92.8% for the full
model) and achieve a QNLI accuracy of 86.6%
(compared to 88.2% for the full model). We re-run
our threshold experiment on BERT fine-tuned on
QNLI and SST-2 and find that rogue dimensions in
transformer encoders do not encode task-specific
information. The optimal decision boundary in the
principal rogue dimension for BERT yields a mere
76.03% accuracy on SST-2 (compared to a 92.22%
using the full representations) and 81.9% (com-
pared to 89.69% using the full representations).
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Figure 5: SST-2 sentence embedding representations
from decoder block 12 for GPT-2 and BERT.

Figure 6 shows that ablating the 765 dimensions
with the smallest variance minimally decreases ac-
curacy. On QNLI, performance abruptly drops
from ~85% to ~50% when we ablate all except
the top 3 dimensions. We posit the classification
head has learned to rely on information from the
top 3 dimension, since QNLI is an inherently more
difficult task than SST-2. Although model perfor-
mance minimally increases when removing the top

92 dimensions on SST-2, performance quickly de-
cays if we ablate more than 300 dimensions. This
finding indicates that class specific information is
stored in less than half of the top dimensions after
fine-tuning GPT-2. Further, on QNLI, accuracy
steadily decreases as we remove top dimensions.
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Figure 6: Performance after ablating dimensions from
sentence embeddings in GPT-2.

4 Conclusions & Future Works

This paper examines the impact of fine-tuning on
GPT-2 embeddings. Bow-tie patterns in CKA simi-
larity heat maps demonstrate that fine-tuning spe-
cializes the last half of the network to adapt to a
given task. We find that task specific knowledge ac-
quired during the process of fine-tuning is encoded
into what the literature refers to as rogue dimen-
sions. In contrast to prior studies, we demonstrate
that ablating rogue dimensions removes task spe-
cific information and can hurt model performance.

There are many promising directions for future
work. Several studies have suggested that rogue
dimensions may be detrimental for model perfor-
mance. However, we posit that encouraging the for-
mation of rogue dimensions may be beneficial for
transformer decoder models. Given that the largest
transformer decoder models rely on prompts, we
will further examine how our methods can be ap-
plied to understand why certain prompts condi-
tion a model to perform well on few-shot tasks.
We hope that this study will encourage other re-
searchers to examine transformer-decoder architec-
tures and give a more complete understanding of
how these models represent text in space.



5 Limitations & Ethical Considerations

Although our study provides key insights on the
impact that fine-tuning has on how GPT-2 repre-
sents text in space, there are several limitations.
Firstly, increasingly large language models such
as GPT-3 (Brown et al., 2020), Megatron-Turing
NLG (Smith et al., 2022) and PALM (Chowdh-
ery et al., 2022) have surpassed the capabilities
of GPT-2 in recent years. Our methods can eas-
ily be adapted to larger, more advanced models,
however, we are forced to restrict our analysis to
GPT-2 given that the weights of these models are
not publicly available. Secondly, we only analyze
the impact that fine-tuning has on GPT-2 for clas-
sification tasks and not for the more common ap-
plications of transformer decoders such as natu-
ral language generation. Even though fine-tuning
for classification tasks is less common for trans-
former decoders, our fine-tuned GPT-2 models are
competitive with early transformer encoder mod-
els such as BERT. Thus, it is worth studying how
transformer decoder models adapt when fine-tuned
for classification tasks. Lastly, we restrict analysis
to a single model: GPT-2. Our methodology can
be applied to any transformer decoder and can be
easily adapted to transformer encoders (by analyz-
ing CLS tokens instead of last token representa-
tions). Future work should consider the presence
of rogue dimensions in more advanced transformer
encoder models such as ROBERTa (Liu et al., 2019)
or sequence-to-sequence architectures such as TS
(Raffel et al., 2019).
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