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Abstract: Transformer-based Large Language Models excel through self-attention mechanisms
that capture complex dependencies across sequences, but their quadratic computational scaling
is inefficient. State Space Models (SSMs) offer an alternative approach with linear scaling, yet
they are limited by their fixed-size latent state, which limits their memory abilities. Hybrid ar-
chitectures like RecurrentGemma emerge as a promising alternative, combining the efficiency
of SSMs with the performance of attention. All architectures are faced with a common chal-
lenge for quantization: outlier channels. While these have been studied in pure transformer and
SSM architectures, their distribution and impact in hybrid models remains underexplored. This
study investigates outlier channels in RecurrentGemma-2B using statistical analysis and con-
trolled clipping experiments across six benchmarks. We identified that most outlier channels are
concentrated in MLP blocks and deeper layers, with late layers containing 44.4% more outliers
than early layers. Clipping experiments revealed that aggressive outlier suppression caused severe
performance degradation, while conservative thresholds maintained near-baseline performance.
Mathematical reasoning tasks showed greatest sensitivity to outlier removal, whereas common-
sense reasoning tasks were more robust. Results demonstrate that outlier channels are essential

for model functionality.

1 Introduction

1.1 Background

Transformer-based architectures have been leading
the language-modeling revolution, dominating the
space due to the effectiveness of the self-attention
mechanism (Vaswani et al., 2023). However, this
mechanism comes at a cost, specifically in terms of
computation. The computational cost of the self-
attention mechanism scales quadratically, O(n?),
with the sequence length n, which severely limits
their scalability for applications with extended in-
put sequences (H. Ren et al., 2021).

State Space Models (SSMs), such as Mamba (Gu
& Dao, 2023), RWKV (Peng et al., 2023), and
HGRN (Qin et al., 2024), have recently gained trac-
tion, presenting an alternative architecture whose
computational cost scales linearly with sequence
length. This makes them a very appealing choice
for large-scale sequence data, given that they could
theoretically support very long context windows
(Gu & Dao, 2023). However, the potential of SSMs
has not yet achieved the competitive performance

seen in attention-based models (Merrill et al.,
2024).

For this reason, to make up for the shortcom-
ings of SSMs, whilst taking advantage of their
strengths, Hybrid-LLM architectures like Recur-
rentGemma (Botev et al., 2024), Jamba (Lieber
et al.,, 2024), and Samba (L. Ren et al., 2024a)
have emerged. These combine the recurrent com-
ponents from SSMs with the attention mechanism
of Transformers, allowing for improved computa-
tional efficiency while minimizing representational
power trade-offs.

This has allowed Hybrid-LLM architectures to
achieve competitive performance with superior ef-
ficiency compared to either model type alone, per-
forming particularly well in throughput and mem-
ory efficiency for long sequences (Lieber et al.,
2024), making them a promising solution for com-
plex sequence-modeling tasks.

RecurrentGemma, based on the Griffin archi-
tecture, (De et al., 2024a) demonstrates this ap-
proach by integrating recurrent blocks with tra-
ditional multi-head attention layers (Figure 1.1).



The architecture alternates between Griffin blocks,
which provide efficient linear-scaling sequence pro-
cessing through their recurrent state space formu-
lation, and attention layers, which maintain the
model’s ability to capture complex long-range de-
pendencies and contextual relationships.
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Figure 1.1: RecurrentGemma (Griffin) architec-
ture showing the alternating pattern of recur-
rent blocks and local attention layers

1.2 Outlier Channels

Common to both transformer and SSM founda-
tion models are outlier channels—neurons whose
activation magnitudes significantly exceed the av-
erage over a neural network’s (NN) width. Research
shows that these outlier channels emerge early dur-
ing training and appear most frequently in layers
that process the residual stream (Nrusimha et al.,
2024).

The underlying cause involves signal propagation
dynamics: when input correlations grow large dur-
ing training and approach rank collapse, the mathe-
matical relationship between input and feature cor-
relations forces activation variance to concentrate
in fewer channels, increasing feature-wise kurtosis.
This problem worsens with network depth, as ac-
tivation distributions become increasingly heavy-
tailed in deeper layers, making extreme outlier val-
ues more probable. The optimization process fur-
ther accelerates outlier formation through adaptive
learning rates in optimizers like Adam, where sub-
leading order terms in gradient updates that are
quadratic in the learning rate consistently drive in-
creases in activation kurtosis, which explains why
larger learning rates and higher optimizer adaptiv-
ity favor outlier development (He et al., 2024).

Outlier channels have also been proven to be es-
sential for the correct functioning of transformer-

based architectures (Liu et al., 2023) and SSM ar-
chitectures (Pierro & Abreu, 2024). Formally, for a
layer’s activations a € R?, a channel i is considered
an outlier if:

la;| >p+o-7

where a; is the activation value in channel ¢, p =
d . A
LS, a; is the mean activation across all chan-

1 Z?Zl(ai — )2 is the standard devia-
tion, and 7 is a scaling factor that determines the
threshold for identifying outliers, typically set to
7 = 6 (Pierro & Abreu, 2024), (Liu et al., 2023).
We used the standard deviation approach described
above as it has been used in previous studies in both
transformer (Bondarenko et al., 2023) and SSM ar-
chitectures (Pierro & Abreu, 2024), thereby facili-
tating direct comparisons between model architec-
tures. Although alternative methods for identifying
outlier channels exist in the literature, such as us-
ing activation kurtosis measures (Nrusimha et al.,
2024), percentile-based thresholding (Dettmers et
al., 2022), or frequency-based correlation analyses
(Puccetti et al., 2022), we chose the standard devi-
ation method for consistency with prior work.

The importance of outliers is relevant for both
model understanding and model performance op-
timization, particularly for quantization strategies
where extreme activations can significantly impact
precision and efficiency.

From an interpretability perspective, because of
their larger dynamic range, which seemingly allows
them to capture complex patterns and variations in
data compared to the other channels, these outlier
channels could reveal important insights into how
neural networks encode and process information.
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1.3 Quantization Challenges

Understanding outlier channels is relevant for the
quantization of models. Quantization has become
fundamental for optimizing machine learning mod-
els, especially when using resource-limited hard-
ware (Li et al., 2024). By reducing the precision of
model parameters from 32-bit floating-point values
to lower-precision representations (such as 8-bit in-
tegers), quantization helps decrease memory usage,
as well as speed up computation.

Let us consider a tensor X € RE*XT*C contain-
ing scalar values z; ;; € R. . For uniform symmet-
ric quantization to b-bit integers, the quantization



function @), : R — Z; maps each real value x to
an integer value in the range [—2071, 2071 — 1] as
follows:

Qv(z) = clip ([sx - @ + 0.5), -2 2071 — 1)

where |-] denotes the floor operation (trunca-
tion), clip(z,a,b) = max(a, min(z,b)) constrains
the value to the representable range, and sx is the
scaling factor.

The dequantization function Q;l : Zp — R re-
constructs an approximation Z of the original value:

Qi) =i ==
SxX
One of the main challenges when quantizing
models is the presence of outlier channels. For
channel-wise quantization, where each channel ¢ €
{1,...,C} is quantized independently, the scaling
factor becomes:

2071 —1

Se= ———
© max, |zl

When an outlier channel contains values with
magnitudes significantly larger than typical chan-
nels, it leads to two distinct problems. For tensor-
wise quantization, the large dynamic range forces a
small scaling factor:

2v-1 1

SX = ————
max; j |, jk

which causes most non-outlier values to be quan-
tized to a narrow range of integers, thereby re-
ducing their precision. For channel-wise quantiza-
tion, the disparate scaling factors between channels
can lead to computational inefficiencies, as different
multipliers must be applied per channel.

The quantization error €, = & — x is directly af-
fected by the scaling factor. Smaller scaling factors
(resulting from the outliers) produce larger errors
across the distribution of values.

1.4 Research Gap and Questions

Efforts in handling outlier channels have mainly
been focused on transformer-based Large Language
Models (LLMs), where various techniques have
been developed to try and circumvent and/or mit-
igate the drawbacks induced by outliers on quan-
tization. An example of this is found in the paper

by Wei et al. (2023), where a method to shift and
scale outlier channels makes them more amenable
to low-bit quantization without sacrificing perfor-
mance. Another example is the paper by Heo et
al. (2023), where the reconfiguration of the channel
dimensions to isolate outliers and quantize them
separately improves quantization efficiency and re-
duces information loss.

In State Space Models, the paper by Pierro &
Abreu (2024) looks into the presence of outlier
channels in recurrent architectures, identifying pat-
terns in outliers similar to those found in trans-
former models. Just like in transformer-based archi-
tectures, the paper indicates that the difficulty in
quantizing SSMs stems from the activation outliers,
which disrupt the precision of remaining channels
and affect post-training quantization.

However, the behavior of outlier channels in hy-
brid architectures that combine both attention and
recurrent mechanisms remains unexplored. Recur-
rentGemma (Botev et al., 2024) represents one such
hybrid model, integrating Griffin’s recurrent blocks
(De et al., 2024b) with traditional attention lay-
ers to take advantage of the linear scaling proper-
ties of SSMs while maintaining the representational
power of transformers. This new architectural com-
bination raises questions about how outlier pat-
terns show across different component types, and
whether existing outlier management strategies ap-
ply to hybrid systems.

This gap in the literature motivates our research
questions:

1. Do outlier channels exist in the Hybrid-LLM
model RecurrentGemma2B?

2. Does the removal of these outlier channels af-
fect overall model performance?

In this Bachelor’s Project, we successfully iden-
tify outlier channels in RecurrentGemma2B, and
analyze their impact on model performance.

2 Methodology

Our methodology consists of two main phases: (1)
collecting activation statistics to identify the loca-
tion and extent of outlier channels, and (2) evalu-
ating the impact of outlier clipping on model per-
formance across a variety of benchmarks.



2.1 Model and Dataset Selection

For our experiments, we used the
RecurrentGemma-2B  model, accessed via the
Hugging Face Transformers library (Wolf et al.,
2020). This model was chosen because of its
small size and relatively good general performance
(Botev et al., 2024). We ran inference on the model
with the WikiText-2 dataset (Merity et al., 2016)
to collect activation statistics. We used 80% of the
WikiText-2 dataset, in order to use sufficient data
for reliable statistical collection while lowering
computational costs. For activation monitoring, we
deliberately chose PyTorch hooks over recorders.
This was because recorders typically store com-
plete copies of activation tensors for later analysis.
Hooks, on the other hand, can compute statistics
on-the-fly and discard raw values after processing,
which reduces memory requirements. This was
particularly important when monitoring numerous
activation points across many layers.

2.2 Activation Statistics Collection

We positioned PyTorch Hooks at 26 distinct loca-
tions within each layer of the model. These record-
ing points included:

e Layer inputs and outputs

e Normalization layers (temporal and channel
pre-normalization, both inputs and outputs)

e Attention block components (query/key/value
projection outputs, o-projection input, and fi-
nal output)

e Recurrent block components (linear_x/linear_y
outputs, convld output, RG-LRU output, lin-
ear_out input/output)

e MLP block components (gate/up projection
outputs, down projection input, and final out-

put)
e Final normalization layer (input and output)

This allowed us to analyze activation patterns
throughout the entire network architecture, and
to observe how values propagate and transform
through each computational step.

2.3 Online Statistics Calculation

We implemented Welford’s online algorithm
(Welford, 1962) for computing running statistics
with memory-efficient streaming updates. For each
activation tensor at recording point p, we main-
tained both per-channel and layer-level aggregate
statistics.

For each channel ¢, we tracked running statistics
using:

Tn,c = MUn—1,c

Hn,e = Hn—1,c + (21)
n
M2,n,c = MQ,nfl,c + ((En,c - ,unfl,c)(xn,c - Mn,c)
(2.2)

where fi,, . is the running mean and Ms ,, . is used
to compute variance. The standard deviation o, is
then:

MZ,nA,c

n—1

O = (2.3)
Additionally, we tracked minimum and maxi-
mum values per channel:

e min. = min{zq ., To.c,...,Tnec}

e max, = max{Ti,c, T2.c,---,Tn,c}

We also computed layer-level aggregate statistics
across all channels to understand the overall acti-
vation distribution at each recording point.

2.4 Outlier Channel Identification

Our outlier detection employed a statistical ap-
proach based on the distribution of channel means.
For each recording point, we first calculated the
grand mean of all channel means as:

1 C
Ngrand == 6 czzl He

which provides a central reference point for the
overall activation distribution. We then computed
the standard deviation of channel means using:

1 C
ﬁ Z(uc - Mgrand)2

c=1

Ogrand =

to quantify the variability across channels.



Using these statistical measures, we identified
outlier channels by determining where individ-
ual channel means deviated significantly from the
grand mean. Specifically, a channel c is classified as
an outlier when its mean satisfies the condition:

Channel ¢ is an outlier <=

|,u(: — K rand| > koutlierg rand
g g

where koyutlier 18 @ configurable threshold factor that
controls the sensitivity to outlier detection. This
approach ensures that only channels exhibiting sta-
tistically significant deviations from the typical ac-
tivation pattern are targeted for clipping interven-
tion.

3 Clipping System

Our clipping method targets outlier channels while
preserving normal channels intact. We use ki, to
set the upper and lower bounds that constrain the
activation values.

For an activation tensor X € REXTXC where B
denotes batch size, T sequence length, and C' chan-
nels, we first define channel-specific clipping bounds
L, U € R® where:
kclipgc

Lc = lbe — and Uc = U¢ + kclipac (31)

The clipping operation ® : REXT*C _, REXTXC
is then defined as:

ifee O

P(X)ote = ifeg O

aly

{Chp(xb,t,chc; Uc)7 (3 2)

Th,t,c»

where O = {C : |,LL(» - ,ugrand| > koutlier : Ugrand} rep-

resents the set of outlier channels identified during

statistics collection, and the clipping function is de-
fined as:

clip(z, l,u) = max(l, min(z, u)) (3.3)

This selective approach ensures that the trans-

formation @ is identity-preserving for non-outlier

channels, maintaining the majority of the model’s
computational pathways unchanged.

3.1 Hook Implementation Strategy

The clipping system uses PyTorch hooks that can
be attached either before or after a module’s com-
putation, depending on whether we want to clip the
input or output activations. For a module M with
forward pass M : X — Y, we can apply clipping
in two ways:

for input clipping

v {M<<I><X>>, (3.0

®(M(X)), for output clipping

The clipping bounds remain constant throughout
inference, eliminating redundant calculations dur-
ing the forward pass.

The system also enables tensor shape detection
and broadcasting mechanisms to handle hetero-
geneous activation formats. For a tensor T with
shape S(T), we define a shape-adaptive broadcast-
ing function B : R® x & — RS that reshapes
channel-wise statistics to match activation dimen-
sions.

For  standard  three-dimensional  tensors
with shape (B,T,C), the broadcasting oper-
ation expands channel statistics v € R to
B(v,(B,T,C)) € R**C enabling element-wise
operations through automatic broadcasting.

For convolutional outputs with shape (B,C,T),
the system transposes the tensor to (B,T,C) be-
fore applying statistics, thereby providing consis-
tent channel alignment: X’ = permute(X, (0,2, 1)).

The shape adaptation function maintains a cache
C:S — (R¥ RS BS) that maps tensor shapes to
pre-computed broadcast forms of lower bounds, up-
per bounds, and outlier masks, which contributes
to reducing computational requirements during in-
ference.

The outlier mask M € {0,1}¢ identifies which
channels require clipping based on their deviation
from the grand mean of channel means:

M. — 17 if |Mc - ,U/grand| > koutlier * Ogrand
¢ 0, otherwise



where:

and

Ogrand = c lugramd)2

The actual clipping transformation leverages
conditional selection to minimize computational
impact. For an activation tensor X and outlier
mask M € {0,1}%, the operation proceeds as:

X =M O camp(X,L,U) + (1 -M) o X (3.6)
where ® denotes element-wise multiplication with
broadcasting, 1 is a tensor of ones, and clamp per-
forms element-wise bounding. This formulation al-
lows for vectorized execution without explicit con-
ditional branching.

3.2 Clipping Thresholds

The system supports iterative evaluation across
various threshold combinations (Koutiier, kclip ). For
each parameter pair (Koutlier,i; Kclip,i), the evalua-
tion proceeds through the following pipeline:

1. The outlier identification threshold and clip-
ping range factors are set independently: the
channel outlier criterion uses |fc — fgrand| >
Koutlier,i - Ogrand While the clipping bounds use
te £ Kelip,i0c. This allows independent opti-
mization of outlier detection sensitivity and
clipping aggressiveness.

2. Statistics are reprocessed to generate a new
outlier mask MFouieri) ¢ {0,1}¢ for each
recording position, where the superscript de-
notes threshold-specific identification.

3. Hooks are instantiated with updated parame-
ters:

Oy

outlier,i; cllp 2

creating a threshold-specific clipping configu-
ration.

_ {L kclip,i) U(kclip,l),M(koutlier,i)}

4. Model performance P(koutiier,s, Kclip,i) 1S evalu-
ated, yielding a performance surface that char-
acterizes the clipping-accuracy trade-off across
both parameter dimensions.

When monitoring is enabled, the system tracks
clipping statistics through accumulator functions.
For each hook h at position p, we maintain:

Z | Xk

h
(Eh[);\ped Z ZHA Xk b t,c 7& (Xk)b,t,c] (38)

k=1b,t,c

(3.7)

total

where JF[] is the indicator function and |Xj| de-
notes the number of elements in tensor Xj. The
clipping rate

h) _ (h)
p( ) chppcd /Ntotal

provides insight into the intervention frequency at
each network position.

4 Results
4.1 Benchmark Selection and De-
scriptions

To evaluate the impact of outlier clipping across di-
verse language/reasoning abilities, we selected six
benchmarks that cover key aspects of language
model performance:

This benchmark composition was chosen to
attempt to represent a spectrum of capabilities
typically evaluated in language models: mathe-
matical reasoning (GSMS8K), factual knowledge
(TriviaQA, ARC-Easy), commonsense reasoning
(HellaSwag, Winogrande), and broad multidomain
understanding (MMLU). The allowed us to assess
whether outlier sensitivity varies across different
cognitive functions.

e ARC-Easy (Clark et al., 2018): Contains
grade-school level science questions requiring
basic reasoning and factual knowledge.

e GSMBSK (Cobbe et al., 2021): Presents grade
school math word problems that test multi-
step mathematical reasoning and problem de-
composition.



o HellaSwag (Zellers et al., 2019): Evalu-
ates commonsense reasoning through sentence
completion tasks requiring understanding of
everyday situations.

e MMLU (Hendrycks et al., 2020): (Massive
Multitask Language Understanding) spans 57
academic subjects from elementary to profes-
sional levels, testing broad knowledge and rea-
soning across domains.

o TriviaQA (Joshi et al., 2017): Combines
trivia questions with reading comprehension,
requiring both factual knowledge retrieval and
text understanding.

¢ WinoGrande (Sakaguchi et al., 2019): Tests
commonsense reasoning through pronoun res-
olution tasks that require understanding im-
plicit relationships and world knowledge.

All evaluations were conducted using one A100
GPU with 40GB VRAM, requiring approximately
45 compute hours total across all benchmark eval-
uations.

4.2 Outlier Channel Distribution
Analysis

To understand the impact of outlier clip-

ping on model performance, we first ana-

lyzed the distribution of outlier channels

across the RecurrentGemma-2B architecture.

RecurrentGemma-2B consists of 26 layers alter-
nating between Griffin recurrent blocks (De et al.,
2024b) and multi-head attention layers (Vaswani
et al.,, 2023), with a hidden dimension of 2,560
and MLP intermediate dimension of 7,680 (Botev
et al., 2024) . Using activation statistics collected
from a calibration dataset, we identified channels
whose mean activations deviate by more than 6
standard deviations from the grand mean of all
channel means within each tensor position.

4.2.1 Component-Level Distribution

Our analysis reveals a highly non-uniform distribu-
tion of outlier channels across architectural compo-
nents. Table 4.1 presents the total outlier channels
identified in each component type:

The MLP blocks contain over half (52.3%) of all
outlier channels, demonstrating their dominant role

in producing extreme activations. This concentra-
tion is particularly striking when compared to at-
tention mechanisms, which account for only 4.3% of
outliers despite being central to the model’s archi-
tecture. The recurrent blocks, unique to this hybrid
architecture, contribute 22.6% of outliers, suggest-
ing they also rely on extreme activation patterns
for their computational function.

4.2.2 Layer-wise Distribution Patterns

The distribution of outlier channels across layers
reveals a clear pattern of increasing concentration
in deeper layers. Figure 4.1 and Table 4.2 detail
this:

Number of Outliers per Layer

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25

Figure 4.1: Distribution of outlier channels
across layers

Table 4.2: Layer-wise outlier channel statistics

Layer Group Average Outliers per Layer Total Outliers

Early (0-8) 811 730
Middle (9-17) 82.7 744
Late (18-25) 17.1 937

The late layers (18-25) contain 44.4% more out-
lier channels per layer compared to early and mid-
dle layers, with a particularly dramatic spike in the
final layer. This pattern suggests that the model in-
creasingly relies on extreme activations for its final
processing stages, potentially for making decisive
predictions or aggregating information across the
sequence.

4.2.3 Visualization of Outlier Patterns

We provide three-dimensional visualizations that
reveal the spatial distribution of outlier channels



Table 4.1: Distribution of Outlier Channels by Component Type

Component Type Total Channels

Outlier Channels

% of Component % of Total Outliers

MLP 732,160 1,284 0.18% 52.11%
Recurrent 322,560 555 0.17% 22.52%
Normalization 271,360 349 0.13% 14.16%
Layer Boundary 133,120 170 0.13% 6.90%
Attention 86,016 106 0.12% 4.30%
Total 1,545,216 2,464 100.00%

across key architectural components. These visu-
alizations provide an intuition into how the out-
lier channels cluster within the specific layers and
channel ranges. The position shown are the ones
that across all layers, per position type (attention,
recurrent, MLP) show the highest number of out-
liers. We selected these for visualization given that
they are the most essential components of the Re-
currentGemma2B Architecture (further graphs can
be found in Appendix A).

Figure 4.2a shows the outlier distribution in at-
tention components, specifically at the query pro-
jection (q-proj) outputs position. The query projec-
tion transforms input embeddings into query vec-
tors that determine what information each token
should attend to. The lower concentration confirms
that attention mechanism relies less heavily on ex-
treme activation patterns compared to the other
components.

Figure 4.2b shows the MLP up-projection out-
puts, which represent a subset of the MLP blocks.
The up-projection layer expands the hidden dimen-
sion to create higher-capacity representations for
complex feature learning. The visualization shows
higher outlier density with in deeper layers, em-
pirically noticeable in the dramatic concentration
toward layers 20-25. This distribution directly sup-
ports our quantitative finding that MLP blocks
contain 52.3% of all outliers.

Figure 4.2c presents the outlier pattern at the
input to the final linear output layer. The final lin-
ear layer projects the model’s internal representa-
tions into the output vocabulary space for token
prediction. With the outlier density being the high-
est among our visualized components. This posi-
tion shows how recurrent blocks aggregate and am-
plify certain activation patterns before final output
generation. The visualization shows outlier chan-
nels scattered across the channel dimensions, with
higher density in deeper layers. This demonstrates

how recurrent blocks contribute 22.6% of outliers
despite being architecturally distinct from tradi-
tional transformer blocks.

4.3 Global
Analysis

Clipping Performance

We evaluated the effect of global outlier clipping
using standard deviation thresholds ranging from
2.0 to 6.0 across the six benchmark tasks described
above. In order to isolate the impact of outlier
removal from quantization effects, all experiments
were conducted using full-precision (32-bit) numer-
ics with outlier channels clipped to the specified
thresholds, rather than performing actual quan-
tization to lower bit-widths. Table 4.3 presents
the comprehensive results, revealing consistent pat-
terns in how different clipping thresholds affect
model performance.

4.3.1 Threshold Sensitivity Analysis

The most striking observation is the severe per-
formance degradation at the strictest threshold
(std=2.0), where accuracies drop dramatically
across all benchmarks. For instance, ARC-Easy ac-
curacy plummets from the baseline of 0.7189 to
0.4827 (a 32.8% relative decrease), while TriviaQA
experiences an even more catastrophic reduction
from 0.3086 to 0.0152 (a 95.1% relative decrease).

As the threshold increases to 3.0, we observe sub-
stantial recovery across most benchmarks. ARC-
Easy improves to 0.6730 (93.6% of baseline), and
HellaSwag recovers from 0.4323 to 0.6807 (95.9%
of baseline). This sharp improvement suggests that
the channels identified as outliers at the 2.0 thresh-
old include many that are essential for model func-
tionality.

The performance continues to improve with
higher thresholds, approaching baseline levels at



Figure 4.2: Three-dimensional visualization of outlier channel distribution across key architectural
components. Height represents absolute mean activation magnitude, with red bars indicating

channels exceeding the 60 outlier threshold.
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Table 4.3: Model performance across different global clipping configurations with varying standard
deviation thresholds. All values represent accuracy scores (proportion of correct answers)

Clipping Config.

ARC-Easy GSMS8K HellaSwag MMLU TriviaQA Winogrande

baseline 0.7189 0.0561 0.7094 0.3137 0.3086 0.6756
std=6.0 0.7104 0.0516 0.6957 0.3044 0.3005 0.6456
std=5.0 0.7130 0.0455 0.6932 0.3064 0.2920 0.6511
std=4.0 0.7193 0.0394 0.6974 0.3017 0.2730 0.6582
std=3.0 0.6730 0.0212 0.6807 0.2849 0.1915 0.6535
std=2.0 0.4827 0.0167 0.4323 0.2520 0.0152 0.5359

std=4.0 and beyond. Notably, at std=4.0, ARC-
Easy achieves 0.7193, marginally exceeding the
baseline performance, while other benchmarks
reach 95-98% of their baseline accuracies.

4.3.2 Task-Specific Sensitivity Patterns

Different benchmark tasks exhibit varying sensitiv-
ity to outlier clipping:

Mathematical Reasoning (GSMS8K): This
task shows the most gradual recovery pattern, with
performance improving from 0.0167 at std=2.0 to
0.0516 at std=6.0, still below the baseline of 0.0561.
This suggests that mathematical reasoning capabil-
ities are particularly dependent on activation pat-
terns that deviate significantly from the mean, re-
quiring higher thresholds to preserve functionality.

Factual Retrieval (TriviaQA): TriviaQA
demonstrates extreme sensitivity to aggressive clip-
ping, with accuracy dropping to near-zero (0.0152)

at std=2.0. However, it shows steady recovery with
increasing thresholds, reaching 0.3005 at std=6.0
(97.4% of baseline). This pattern indicates that fac-
tual knowledge retrieval relies heavily on specific
outlier activation patterns that are disrupted by
strict clipping.

Commonsense Reasoning (HellaSwag,
Winogrande): These benchmarks show relatively
robust recovery, achieving over 95% of baseline
performance at std=3.0 and maintaining stable
performance at higher thresholds. This suggests
that commonsense reasoning capabilities are more
distributed across the network and less dependent
on extreme outlier activations.

Multi-task  Understanding (MMLU):
MMLU follows a similar pattern to commonsense
reasoning tasks, with performance recovering to
90.8% of baseline at std=3.0 and reaching 97.0% at
std=6.0, indicating moderate sensitivity to outlier



clipping.

4.3.3 Optimal Threshold Analysis

The results suggest an optimal threshold range
between 4.0 and 5.0 standard deviations, where
we define optimality as achieving at least 95% of
baseline performance across the majority of bench-
marks while providing meaningful outlier control.
At std=4.0, five out of six benchmarks reach at
least 95% of baseline accuracy, with only GSM8K
lagging at 70.2% of baseline.

4.4 Implications for Model Quanti-
zation

These findings have significant implications for
quantization strategies in RecurrentGemma and
similar architectures. The severe performance
degradation at low thresholds (std=2.0) indicates
that many channels classified as statistical outliers
are, in fact, carrying critical information for model
functionality.

The gradual performance recovery with increas-
ing thresholds suggests a continuum of outlier im-
portance, where channels with more extreme devi-
ations (beyond 4-5 standard deviations) may rep-
resent less critical activation patterns that can be
constrained without significant performance loss.
This could help adaptive quantization, which ap-
plies different precision levels based on the statisti-
cal properties of activation channels.

The task-specific sensitivity patterns observed
across benchmarks show that different capabilities
within the model rely on outlier activations to vary-
ing degrees. Mathematical and factual reasoning
tasks seem particularly dependent on preserving
extreme activation patterns, whereas the common-
sense reasoning tasks show greater robustness to
outlier constraints.

4.5 Architectural Component Sensi-
tivity

The component-specific analysis reveals interesting

parallels:

Transformer Components: Bondarenko et al.
(2023) identified that outliers in transformer mod-
els are particularly concentrated in residual connec-
tions and affect attention pattern formation. This

aligns with our observation that attention compo-
nents in RecurrentGemma show moderate sensitiv-
ity to outlier clipping, though they are more robust
than MLP blocks.

SSM Components: The analysis of Mamba
models by Pierro & Abreu (2024) showed that W4
quantization leads to near-complete model failure
(for Mamba-1.4B), while W8 quantization main-
tains reasonable performance. This mirrors our
findings where aggressive clipping (o = 2.0) causes
dramatic failures, while more conservative thresh-
olds preserve functionality.

MLP Blocks: Both architectural paradigms
show that MLP components are particularly sen-
sitive to quantization.Pierro & Abreu (2024) re-
port significant degradation when quantizing MLP
blocks in Mamba (Mamba-2.8B drops from 66.16%
to 48.74% on Arc-Challenge with W8AS8 quantiza-
tion of MLPs). Our results similarly indicate that
MLP blocks in RecurrentGemma require careful
handling of outliers.

4.6 Implications for Hybrid Model
Quantization

The comparison reveals that hybrid models like
RecurrentGemma inherit quantization challenges
from both their constituent architectures. The fact
that RecurrentGemma achieves 95-100% of base-
line performance at ¢ = 4.0-5.0 thresholds indi-
cates that the outlier patterns, while present in
both attention and recurrent components, can be
managed with a consistent approach.

This convergence of findings across architectural
paradigms strengthens the case for outlier-aware
quantization as a fundamental requirement for de-
ploying large language models, whether they em-
ploy attention, recurrence, or hybrid mechanisms.
Future work should explore whether architecture-
specific optimizations (such as Bondarenko et al.’s
per-embedding-group approach for transformers)
could be adapted to further improve quantization
outcomes in hybrid models.

This Bachelor’s Project investigated the presence
and impact of outlier channels in hybrid foundation
models, specifically focusing on RecurrentGemma-
2B. Our research has made several important con-
tributions to understanding how these statistical
anomalies function within hybrid architectures that
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combine attention mechanisms and recurrent com-
ponents.

4.7 Summary of findings

Our analysis shows outlier channels exist in hybrid
foundation models, similarly to their presence in
transformer and SSM architectures. We confirmed
that, just like in the aforementioned architectures,
outlier channels are not mere statistical artifacts
but rather fundamental components that signifi-
cantly contribute to model performance across var-
ious reasoning tasks.

The analysis of outlier distribution yielded im-
portant insights. First, MLP blocks contained the
highest concentration of outlier channels, account-
ing for 52.11% of all 2,464 identified outliers de-
spite representing only 0.18% of channels within
MLP components. This concentration was particu-
larly noticeable when compared to attention mech-
anisms, underlining the different activation dynam-
ics across architectural components.

Secondly, our layer-wise analysis showed the ex-
istence of a clear pattern of increasing outlier den-
sity in deeper layers. Late layers (18-25) exhibited
44.4% more outlier channels per layer compared to
early and middle layers, with layer 25 showing par-
ticularly dramatic concentrations. This pattern in-
dicates that the model increasingly relies on ex-
treme activation patterns for its final processing
stages, potentially for decisive predictions or infor-
mation aggregation.

Thirdly, global clipping experiments with stan-
dard deviation thresholds ranging from 2.0 to 6.0
revealed severe performance degradation at aggres-
sive thresholds. At ¢ = 2.0, ARC-Easy accuracy
dropped by 32.8% while TriviaQA experienced a
catastrophic 95.1% reduction. Performance recov-
ered substantially at ¢ = 3.0, with most bench-
marks achieving over 90% of baseline, and reached
near-optimal levels at thresholds between 4.0 and
5.0 standard deviations.

Finally, different reasoning tasks exhibited dis-
tinct sensitivity patterns to outlier restriction.
Mathematical reasoning (GSMS8K) showed the
most gradual recovery, achieving only 70.2% of
baseline performance even at ¢ = 4.0. Factual
retrieval (TriviaQA) demonstrated extreme initial
sensitivity but robust recovery at higher thresh-
olds. On the other hand, commonsense reasoning

tasks (HellaSwag, WinoGrande) showed greater re-
silience, achieving over 95% of baseline performance
at o = 3.0.

4.8 Implications

For quantization strategies, the identification of op-
timal clipping thresholds between 4.0 and 5.0 stan-
dard deviations can provide guidance for preserv-
ing model functionality while, at the same time,
enabling outlier control. The degradation at lower
thresholds shows that many statistically-identified
outliers carry critical information that must be pre-
served in quantization schemes.

From an architectural perspective, the concen-
tration of outliers in MLP blocks (52.11%) versus
attention mechanisms (4.30%) shows fundamental
differences in how these components process infor-
mation. This seems to indicate that quantization
approaches should apply component-specific strate-
gies, with MLP blocks requiring more careful out-
lier preservation than attention layers.

4.9 Limitations and Future Work

While the project focused on RecurrentGemma-
2B, examining other hybrid architectures (such
as Jamba (Belinkov et al., 2024) or Samba
(L. Ren et al., 2024b)) would provide more insights
into whether our findings generalize across differ-
ent hybrid implementations. Furthermore, testing
RecurrentGemma-9B would help us see how the
presence of outlier channels in the same model ar-
chitectures scales with more parameters.

Our use of standard deviation-based thresholds
(1 + 60) for outlier detection follows established
practices but may not capture all patterns of outlier
behavior, particularly in distributions with mul-
tiple modes or heavy tails. Additionally, expand-
ing to generation, translation, or other capabilities
benchmarks would provide a more complete picture
of outlier impacts.

Future work should explore using absolute devi-
ation around the median rather than standard de-
viation around the mean for outlier detection (Leys
et al., 2013). This is believed to be more robust to
extreme values and potentially provide a more ac-
curate identification of functionally significant out-
lier channels.
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A direct comparative analysis of outlier patterns
in pure transformer, pure SSM, and hybrid archi-
tectures of comparable size would yield valuable in-
sights into architectural differences and potentially
inform better hybrid design principles. The devel-
opment of quantization techniques that preserve
the functionality of identified outlier channels while
optimizing resource usage elsewhere in the network
could lead to more efficient deployment of hybrid
models.

Finally, looking into how outlier channels emerge
during training and whether their occurrence can
be predicted or controlled would help our under-
standing of these phenomena.

4.10 Final Remarks

Our research has demonstrated that outlier chan-
nels, far from being statistical anomalies, are fun-
damental components of hybrid foundation models
with significant impacts on model performance. By
identifying where these outliers occur and quantify-
ing their effects across different architectural com-
ponents and reasoning tasks, we have contributed
to both the theoretical understanding of hybrid ar-
chitectures and practical knowledge for their opti-
mization.

As model architectures continue to evolve, under-
standing the fundamental aspects of their internal
dynamics will be important for advancing the field.
The insights from our study provide a foundation
for future work in hybrid-foundation model inter-
pretation and optimization.
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A Appendix: Activation Analysis Barplots

Attention Block Analysis
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Channel and Layer Normalization Analysis
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MLP Analysis
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Recurrent Block Analysis
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Temporal Pre-Normalization Analysis

Absolute Mean Activati ivation: Output of
(temporal_pre_norm) (Layer vs Channel)

Absolute Mean Input to
(temporal_pre_norm) (Layer vs Channel)

Absolute Mean Activation

Absolute Mean Activation

Svany
e
ARSI
000
8900
Goyer e, S #9555,

S
XS
“Neag
SIVOro 6,
Ve,
Layer ingg, * Y

g2

(a) Temporal Pre-Norm Input (b) Temporal Pre-Norm Output

19



	Introduction
	Background
	Outlier Channels
	Quantization Challenges
	Research Gap and Questions

	Methodology
	Model and Dataset Selection
	Activation Statistics Collection
	Online Statistics Calculation
	Outlier Channel Identification

	Clipping System
	Hook Implementation Strategy
	Clipping Thresholds

	Results
	Benchmark Selection and Descriptions
	Outlier Channel Distribution Analysis
	Component-Level Distribution
	Layer-wise Distribution Patterns
	Visualization of Outlier Patterns

	Global Clipping Performance Analysis
	Threshold Sensitivity Analysis
	Task-Specific Sensitivity Patterns
	Optimal Threshold Analysis

	Implications for Model Quantization
	Architectural Component Sensitivity
	Implications for Hybrid Model Quantization
	Summary of findings
	Implications
	Limitations and Future Work
	Final Remarks

	Appendix: Activation Analysis Barplots

