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Abstract

The primacy effect is a well-established cognitive phenomenon in which
information presented early in a sequence is often weighted more strongly
than information presented later. Recent work suggests that large language
models (LLMs) exhibit analogous behavior across a range of settings, yet
the representation-level mechanisms underlying this bias remain underex-
plored. In this work, we provide a representation-level account of primacy
effects in LLMs using sparse autoencoders (SAEs). We propose the Ded-
icated Primacy Subspace (DPS) hypothesis: LLMs appear to preferentially
recruit a particular representational subspace to encode the semantics of
the first demonstration, which subsequently modulates the processing of
later context. Using few-shot classification as our testbed, we show that this
mechanism has two complementary forms: DPS-Affirmative features, which
encode support for the first-demonstration label, and DPS-Contrastive fea-
tures, which activate when subsequent inputs contradict that initial label,
thereby emphasizing competing alternatives. We further show that a subset
of these features exhibits primacy-driven causal effects under intervention,
providing direct causal support for the proposed mechanism. Taken to-
gether, these results provide a concrete representation-level account of how
primacy effects manifest in LLMs.1

1 Introduction

Large Language Models (LLMs) have become remarkably capable, yet they remain vulnera-
ble to important forms of brittleness. In this paper, we study one such phenomenon: the
primacy effect, namely the tendency for information presented early in a sequence to exert a
disproportionate influence on subsequent behavior. In cognitive science, primacy refers to
the tendency for early items to be remembered, weighted, or attended to more strongly than
later ones (Asch, 1946; Murdock Jr, 1968). Recent work suggests that LLMs exhibit analo-
gous behavior. For example, in multiple-choice settings, models often favor the first answer
option (Zheng et al., 2024; Raimondi & Gabbrielli, 2025), while related order-sensitive biases
have been observed in prompt-based classification and decision-making (Guo & Vosoughi,
2025; Guan et al., 2025; Liu et al., 2024). These effects are especially consequential for in-
context learning (ICL) (Brown et al., 2020), where not only the content of demonstrations,
but also their positions in the prompt, can materially shape model behavior.

Most existing work studies primacy effects at the behavioral level and seeks to mitigate them
through prompt-level interventions such as prompt engineering, reranking, and calibration
(Raimondi & Gabbrielli, 2025; Cho et al., 2024; Zhao et al., 2021; Guo & Vosoughi, 2025).
Although such approaches are often useful in practice, they provide limited insight into
why primacy effects arise inside the model. More broadly, recent work has argued that order
independence—the property that a model should ideally produce the same answer under
semantically equivalent reorderings of demonstrations, answer choices, or other prompt

1Code available at https://github.com/ihcho2/Primacy-Effects-COLM.
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elements—is desirable for reliable reasoning systems (Guan et al., 2025; Lu et al., 2022;
Pezeshkpour & Hruschka, 2024). Yet whether such invariance is reflected, or even attainable,
at the level of internal representations remains poorly understood.

In this work, we study primacy in the ICL setting from a mechanistic, representation-level
perspective. Using sparse autoencoders (SAEs) (Huben et al., 2024; Bricken et al., 2023;
Lieberum et al., 2024; Gao et al., 2025; Cho & Hockenmaier, 2025b; Cho et al., 2025b),
we propose the Dedicated Primacy Subspace (DPS) hypothesis: LLMs preferentially use a
particular subset of representation-space directions to encode the semantics associated
with the first demonstration. This initial representation subsequently influences how later
demonstrations and the final test query are represented, thereby shaping the model’s
eventual prediction. Under this view, changing demonstration order does more than alter
the surface arrangement of otherwise identical information: it changes which semantics are
bound to these primacy-sensitive directions. Consequently, complete order invariance may
be difficult to achieve at the representational level even when the semantic content of the
prompt is held fixed.

We provide both distributional and causal evidence for the DPS hypothesis across multiple
classification tasks (AGNews, TREC, Yahoo, and STS-B) and model families (Gemma2-2B-IT,
Gemma2-9B-IT, Llama3.1-8B-IT, and Qwen3-8B-IT). Our analyses reveal two complementary
families of primacy-sensitive SAE features. DPS-Affirmative features preferentially activate
when the semantics of a later input—including the final query—are consistent with those
associated with the first demonstration, thereby reinforcing the first-demonstration interpre-
tation. In contrast, DPS-Contrastive features become more active when subsequent inputs
are inconsistent with that interpretation, emphasizing competing semantic alternatives. Im-
portantly, interventions on DPS features produce corresponding first-demonstration-dependent
causal effects on the model’s output: the same fixed direction in activation space can exert
systematically different, and predictable, causal effects depending on the identity of the first
demonstration.

Taken together, our work makes two main contributions. First, we identify a dedicated
family of primacy-sensitive representation directions, providing a concrete mechanistic ac-
count of how the first demonstration can exert persistent influence over later representations
and final predictions. Second, we show that this mechanism is not monolithic: primacy
is mediated by at least two complementary representational modes—an affirmative mode
that reinforces semantic agreement with the first demonstration and a contrastive mode that
signals semantic disagreement. Together, these findings move the study of primacy beyond
behavioral-level effects and toward a mechanistic account of how prompt order is encoded
and propagated within LLM representations.

2 Related Work

2.1 Primacy Effects in LLMs

A growing body of work shows that LLMs are highly sensitive to the ordering and structural
placement of prompt elements. Early studies of in-context learning (ICL) showed that simply
permuting the order of few-shot demonstrations can dramatically change accuracy, with
some permutations yielding near-random performance and others yielding near state-of-
the-art results (Lu et al., 2022). Subsequent work made these sensitivities more explicit
in terms of primacy and serial-position biases. In prompt-based classification, Wang et al.
(2023b) show that ChatGPT is sensitive to label order and disproportionately selects labels
that appear earlier in the prompt. In multiple-choice question answering, Pezeshkpour &
Hruschka (2024) show that reordering answer options can produce substantial performance
shifts, indicating that option position alone can materially influence model predictions.
Broadening this picture, Guo & Vosoughi (2025) document serial-position effects—including
both primacy and recency biases—across a range of tasks and model families. Finally,
Cobbina & Zhou (2025) show that not only the order of demonstrations but also their
structural placement within the prompt can affect model outputs: relocating the same
demonstration block across different prompt regions changes both accuracy and prediction
stability, with early placements often yielding more stable behavior. Taken together, these

2



Published as a conference paper at COLM 2026

studies suggest that primacy and related order effects are not isolated artifacts, but recurring
properties of LLM behavior across tasks and prompting regimes.

2.2 Behavior-Level Mitigation Approaches

Given the practical importance of these effects, much of the existing literature has focused on
behavior-level mitigation strategies. An early and influential example is contextual calibration,
which shows that normalizing model outputs using content-free inputs can substantially
reduce prompt-induced bias and instability in few-shot prompting (Zhao et al., 2021). Lu
et al. (2022) propose selecting effective demonstration orders by constructing an artificial de-
velopment set and ranking candidate permutations using entropy-based statistics. Building
on this line of work, Guo et al. (2024) study what makes a good example order in ICL and
propose DEMO, an adaptive method for identifying effective example orders for individual
test instances without extra in-domain data. Complementing these order-selection methods,
Zhuo et al. (2024) introduce PROSA, a framework for systematically measuring prompt
sensitivity, and show that few-shot examples themselves can partially alleviate prompt
brittleness.

Mitigation has also been pursued through prompt redesign in more task-specific settings.
Cho et al. (2024) show that reformulating exemplar answers in a comparative format,
together with related prompt-structuring changes, can improve in-context classification
performance. Raimondi & Gabbrielli (2025) show that primacy can sometimes be exploited
rather than suppressed: by reordering answer options according to their semantic similarity
to the query, they improve performance in multiple-choice question answering. Taken
together, these studies establish a substantial literature on calibration, prompt construction,
and order selection or optimization.

However, despite this empirical and engineering progress, the dominant perspective re-
mains behavioral. Prior work typically characterizes primacy through changes in output
distributions, accuracy under reorderings, label preferences, or robustness to prompt per-
turbations (Wang et al., 2023b; Pezeshkpour & Hruschka, 2024; Guo & Vosoughi, 2025;
Zhuo et al., 2024). Even when mitigation is successful, these approaches generally do not
explain what changes inside the model when early prompt elements exert disproportionate
influence. Our work differs precisely in this respect: we use sparse autoencoders to investi-
gate how primacy is instantiated in internal representation space and to identify the specific
representational directions through which the first demonstration shapes later computation.

2.3 Sparse Autoencoders

Understanding the internal mechanisms of LLMs has long been a central goal of mechanistic
interpretability (MI). Recent work in MI has advanced the linear representation hypothesis,
which suggests that semantic concepts are often encoded as approximately linear directions
in the hidden representation space of LLMs (Jiang et al., 2024; Li et al., 2023). Building on this
idea, together with the superposition hypothesis—which proposes that LLMs represent more
concepts than their hidden dimensionality allows, causing multiple concepts to become
entangled within individual neurons—researchers have developed Sparse Autoencoders
(SAEs). By learning an overcomplete dictionary of directions, SAEs have been shown to
recover sparse and semantically meaningful directions (also called features) from LLM
hidden states (Sharkey et al., 2022; Templeton et al., 2026; Cho & Hockenmaier, 2025a).

A standard SAE consists of an encoder and a decoder. Each column of the decoder matrix
(Wdec ∈ Rd×s) defines an SAE feature in Rd, where d denotes the dimensionality of the LLM
hidden state. Given a hidden state, the encoder produces a sparse activation pattern over
these features. The exact level of sparsity depends on the training setup, but the SAEs used
in this work typically activate around a hundred features on average per token.

In general, SAEs are trained with a reconstruction objective together with a sparsity regular-
izer:

LSAE =
1
N

N

∑
i=1

∥∥∥xi − x̂i
∥∥∥2

2
+ λ · Lsparsity, (1)
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Figure 1: Overview of the Dedicated Primacy Subspace (DPS) Hypothesis. We hypothesize
that LLMs contain fixed representational directions whose semantic and causal roles are
strongly conditioned by the first demonstration. The semantics of the first demonstration
become bound to these DPS features, after which the same directions are reused to process
subsequent inputs, with their causal effects adapting accordingly. DPS features therefore
provide a representation-level account of how primacy can be established and propagated
within LLMs.

where xi is the original input and x̂i is the SAE reconstruction:

x̂i = Wdec
(
σ(Wenc(xi))

)
. (2)

Different choices of activation function have been used for σ, including JumpReLU (e.g.,
Gemma Scope (Lieberum et al., 2024)) and TopK-ReLU (e.g., GPT-4 SAE (Gao et al., 2025)
and Llama Scope (He et al., 2024)).

In this study, we leverage SAEs as the primary analytical tool for both formulating and
evaluating the proposed Dedicated Primacy Subspace (DPS) hypothesis.

3 Dedicated Primacy Subspace (DPS) Hypothesis

3.1 Overview

Our central claim is that LLMs preferentially recruit a particular representational subspace
to encode the semantic content of the first demonstration, and that sparse autoencoder
(SAE) decompositions are expressive enough to recover the corresponding directions as
distinct features. Crucially, this initial encoding is not confined to the representation of
the first demonstration itself. Instead, it propagates forward through the prompt, shaping
the representations of subsequent demonstrations and ultimately exerting influence on the
model’s final prediction.

We further show that this mechanism manifests in two complementary feature families: DPS-
Affirmative (DPS-A) and DPS-Contrastive (DPS-C). DPS-A features encode evidence aligned
with the semantics of the first demonstration, whereas DPS-C features encode evidence that
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a later input is inconsistent with those same semantics. For example, if the first demonstration
is labeled SPORTS, a DPS-A feature may capture a “this looks like SPORTS” signal, whereas
a DPS-C feature may capture a “this looks unlike SPORTS” signal, thereby representing
evidence against the first-demonstration label. This distinction is mechanistically natural:
effective classification requires not only accumulating evidence for a candidate label, but
also accumulating evidence against competing alternatives. Our findings suggest that the
model maintains both types of signals in dedicated feature families that are conditioned by
the first demonstration and subsequently reused when processing later demonstrations and
the final test query. Importantly, the same DPS features recur across multiple, semantically
distinct tasks, suggesting that LLMs reuse a shared set of primacy-sensitive representational
directions across tasks.

In our empirical evaluation, we analyze four instruction-tuned large language
models—Gemma2-2B-IT, Gemma2-9B-IT, Llama3.1-8B-Instruct, and Qwen3-8B-
IT—alongside their publicly released SAEs (Lieberum et al., 2024; He et al., 2024;
Karvonen, 2025). We assess these models across three well-established text classification
datasets: AGNews, which categorizes news articles into four distinct topics using their
headlines and summaries (Zhang et al., 2015); TREC, a benchmark focused on sorting
queries into broad semantic categories (Li & Roth, 2002); and Yahoo Answers, a ten-way
topic classification task derived from user-submitted questions and their corresponding best
answers (Zhang et al., 2015). Our primary analysis utilizes the representations extracted
from the middle layer of each evaluated model. In Appendix D, we extend our analysis
from discrete-label classification to the continuous score-prediction setting of STS-B and
observe highly similar behavior.

3.2 Hypothesis Definition

Dedicated Primacy Subspace (DPS) Hypothesis. There exists a largely predefined subset
of representation-space directions that the model preferentially recruits to process the semantic
content related to the first demonstration. This primacy-sensitive subspace is then reused
throughout the remainder of the prompt, affecting the representations of later demonstrations
and the final query, and thereby causally influencing the model’s final decision.

Figure 1 provides a visual overview of the hypothesis.

3.3 Verifying the DPS Hypothesis

Why Sparse Autoencoders? Verifying the DPS hypothesis is challenging because it
requires identifying a functionally meaningful subset of directions within a very high-
dimensional representation space, Rd. This is difficult for at least two reasons. First, d
is large (e.g., d = 3584 for Gemma2-9B-IT), so locating a specific subspace associated with
first-demonstration semantics is itself a nontrivial search problem. Second, individual neu-
rons are known to be highly polysemantic, often responding to multiple unrelated concepts
rather than cleanly encoding a single interpretable variable (Bricken et al., 2023; Elhage et al.,
2022). As a result, direct neuron-level analysis is often ill-suited for detecting the subtle,
context-dependent representational changes we study here.

To address this challenge, we leverage SAEs, an emerging analysis tool in the mechanistic
interpretability literature. SAEs provide an efficient way to detect such changes because
they decompose dense hidden states into sparse feature activations, allowing context-
dependent shifts to be measured directly through changes in feature activity. This also offers
an important advantage over methods such as probing: probing can recover directions that
are predictive of a property often without guaranteeing that those directions are actually
used by the model in its own computation (Belinkov, 2022; Hanna et al., 2023). By contrast,
SAE features are trained specifically to reconstruct the model’s hidden states, making them
more tightly coupled to the model’s internal representations and, in practice, more likely to
correspond to actionable computational directions. For these reasons, we adopt SAEs as the
representational language in which the DPS hypothesis is formulated and tested.
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Our approach We provide evidence for the DPS mechanism by identifying two families
of SAE features—DPS-AFFIRMATIVE (DPS-A) and DPS-CONTRASTIVE (DPS-C)—that ex-
hibit strong context-adaptivity with respect to the first demonstration. Through rigorous
statistical and causal intervention analyses, we show that these feature families emerge
consistently and satisfy the distributional patterns predicted by the DPS hypothesis. Their
existence provides direct evidence that the model recruits a dedicated representational
subspace, shaped by the first demonstration, across various tasks.

Formal definitions of DPS-A and DPS-C features Let Y denote the label set for a classifi-
cation task. For any two labels ℓ, ℓ′ ∈ Y , we construct a prompt collection SN

ℓ→ℓ′ , where the
subscript indicates that the first demonstration has label ℓ and the test query has label ℓ′, and
the superscript denotes an N-shot setting. By default, we set the number of demonstrations
equal to the total number of classes (i.e., N = |Y|). To effectively measure the influence
of the first demonstration, these collections are strictly parallel: the i-th prompt in SN

ℓ→ℓ′

is exactly identical to the i-th prompt in any other set SN
k→ℓ′ (k ̸= ℓ), except for the first

demonstration.

Let a f (p) denote the activation of SAE feature f under prompt p, evaluated and averaged
at the label-word tokens and their immediately preceding tokens, which have been identified as
the critical positions for ICL classification (Wang et al., 2023a; Cho et al., 2025a). We define
the mean response of feature f over a prompt set S as

A f (S) :=
1
|S| ∑

p∈S
a f (p).

Our search for DPS-AFFIRMATIVE (DPS-A) features is guided by the following intuition:

“An ideal primacy-encoding feature, if it exists, should track the semantics introduced by the first
demonstration. Consequently, during the processing of a test query with label ℓ, the feature’s
activation should peak if the first demonstration shares this label, and remain relatively suppressed if
it presents a competing label.”

Motivated by this intuition, an ideal DPS-A feature should attain its maximum mean
activation when the first demonstration also has label ℓ:

A f (SN
ℓ→ℓ) = max

k∈Y
A f (SN

k→ℓ), ∀ℓ ∈ Y (3)

That is, for a fixed test query of label ℓ, the matched condition SN
ℓ→ℓ should produce the

strongest response among all possible first-demo labels.

For each SAE feature, we then evaluate how many of these label-level conditions it satisfies
across all tasks. If there are M tasks and task m contains Lm labels, this yields a total of
∑M

m=1 Lm distributional conditions. A feature that functions as a strong first-demonstration
affirmative binder should satisfy nearly all of them.

We define DPS-CONTRASTIVE (DPS-C) features analogously, but with the reverse condition:

A f (SN
ℓ→ℓ) = min

k∈Y
A f (SN

k→ℓ), ∀ℓ ∈ Y (4)

Conceptually, these features function as a mismatch signal. They encode evidence against
the semantics of the first demonstration, acting as an internal flag that indicates: “This query
does not align with the initial demonstration.” Consequently, for a fixed test query of label
ℓ, these features remain suppressed when the first demonstration shares the query’s label,
but activate strongly when the demonstration belongs to a conflicting class.

Operationally, we classify a feature as DPS-A or DPS-C if it satisfies all 20 conditions
of Equation (3) or Equation (4), respectively, across our evaluated datasets (4 labels for
AGNews, 6 for TREC, and 10 for Yahoo). Satisfying all 20 conditions means that the
same SAE feature is repeatedly recruited as a first-demonstration-sensitive direction across
multiple semantically distinct classification tasks, providing strong empirical support for
our DPS hypothesis.
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(a) DPS-A Feature (AGNews) (b) DPS-A Feature (TREC)

(c) DPS-C Feature (AGNews) (d) DPS-C Feature (TREC)

Figure 2: Examples of DPS-A (top row) and DPS-C (bottom row) features in Gemma2-9B-
IT. Each sub-panel contains one group of bars for each fixed test query label ℓ ∈ Y ; within
each group, the bars show the feature’s mean activation for first-demonstration with label
ℓ′ ∈ Y . These features dynamically adapt their semantic role to the first demonstration:
DPS-A features attain their maximum activation when ℓ′ = ℓ, whereas DPS-C features
attain their minimum activation in that same condition. The sharp contrast between the
two rows suggests that primacy in LLMs is supported by at least two distinct representa-
tional mechanisms. Additional examples across other tasks and models are provided in
Appendix B.

3.4 Prevalence of DPS Features

Distributional prevalence Using Equations (3) and (4), together with a minimum
activation-frequency threshold of 0.01, we identify multiple features exhibiting this be-
havior across all evaluated models: 47 DPS-A and 50 DPS-C features for Gemma2-2B-IT, 46
and 55 respectively for Gemma2-9B-IT, and 26 and 6 for Llama3.1-8B-Instruct. Note that,
in the context of SAE-based analyses, where highly consistent cross-task feature families
are typically rare (Deng et al., 2025), these counts represent a nontrivial population. Taken
together, the existence of these two diametrically opposed feature classes yields an impor-
tant mechanistic insight: the primacy-relevant subspace is not merely a one-sided storage
mechanism. Rather, it forms a richer representational system that can encode both evidence
for and evidence against the semantics introduced by the first demonstration.

Figure 2 provides an illustrative example of DPS features. In the top row, a representative
DPS-A feature (G9B-L21-5393) from Gemma2-9B-IT exhibits substantial shifts in its activation
profile as the first-demonstration label changes: the same feature becomes maximally
responsive to whichever label appears first in the prompt. This pattern recurs across multiple
tasks and labels, suggesting that the model repeatedly recruits a shared representational
subspace to encode first-demonstration semantics across a wide range of classification
settings. In the bottom row, a representative DPS-C feature (G9B-L21-8559) exhibits the
complementary pattern, showing minimal activation when the first demonstration matches
the label of the test query, consistent with encoding evidence against that label.
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3.5 The Causal Role of DPS Features

We next ask whether DPS features exert a measurable causal influence on model predictions,
beyond their distributional association with first-demonstration semantics. Our main
finding is that a subset of DPS features exhibits a striking form of primacy-driven causal
influence: intervening along the same fixed SAE direction produces systematically different
causal effects depending on the identity of the first demonstration.

Methodology and evaluation. For an SAE feature f at layer L, let dL, f ∈ Rd denote its
decoder direction. For each prompt p, we intervene on the test-query token positions Tq(p)
by:

h̃( f ,α)
L,t (p) =

{
hL,t(p) + α dL, f , t ∈ Tq(p),

hL,t(p), t /∈ Tq(p),
(5)

where α controls the steering strength.

For a test query with gold label ℓ, let zθ(c | p; f , α) denote the next-token logit assigned to
candidate label c after intervening on feature f with strength α. We define the correct-label
decision margin as

m( f ,α)
ℓ (p) := zθ(ℓ | p; f , α)− max

c∈Y\{ℓ}
zθ(c | p; f , α). (6)

Recall that SN
k→ℓ denotes prompts whose first demonstration has label k and whose test

query has label ℓ. We measure the causal effect of feature f under this condition by the
change in the correct-label margin relative to the unsteered model:

δM f ,ℓ(k; α) :=
1

|SN
k→ℓ|

∑
p∈SN

k→ℓ

[
m( f ,α)

ℓ (p)− m( f ,0)
ℓ (p)

]
. (7)

Thus, for a fixed query label ℓ, the collection{
δM f ,ℓ(k; α) : k ∈ Y

}
(8)

describes how the same intervention affects the model as we vary only the first demonstration.

The Ideal Causal Profile Our causal analysis is designed to test whether the effect of inter-
vening along a fixed DPS direction is conditioned by the identity of the first demonstration.
For a fixed query label ℓ, recall that δM f ,ℓ(k; α) denotes the change in the correct-label (ℓ)
margin induced by steering feature f with strength α, when the first demonstration has
label k.

An ideal causal DPS-A feature should satisfy the same pattern as its distributional coun-
terpart. Intuitively, if the feature not only activates in accordance with first-demonstration
semantics but also causally carries those semantics, then amplifying it at the test query should
have the strongest effect when the first demonstration and the query share the same label.
In other words, for a fixed query label ℓ, the matched condition (i.e., k = ℓ) should yield the
largest causal effect among all possible first-demonstration labels:

δM f ,ℓ(ℓ; α) = max
k∈Y

δM f ,ℓ(k; α). (9)

Analogously, an ideal causal DPS-C feature should satisfy the reverse condition:

δM f ,ℓ(ℓ; α) = min
k∈Y

δM f ,ℓ(k; α). (10)

The intuition is complementary. If a DPS-C feature causally carries evidence against the
semantics introduced by the first demonstration, then amplifying it should have the most
detrimental effect when the first-demonstration label actually matches the query label. In
that case, steering the feature most strongly suppresses the correct-label margin.
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As in the distributional analysis, we obtain one causal-specificity condition per task label.
Across AGNews, TREC, and Yahoo, this yields 4 + 6 + 10 = 20 conditions for each feature.
We evaluate the top-20 activation-level DPS-A features individually and measure how many
of these 20 conditions are satisfied.

This formulation directly tests the central prediction of the DPS hypothesis: if the first
demonstration binds its semantics to a DPS direction, and if that direction is genuinely used
causally by the model, then intervening along the same fixed representational direction should
produce different causal effects depending on the identity of the first demonstration.

Empirical Findings Latent-space steering is highly sensitive to intervention choices, in-
cluding steering magnitude, intervention span, and the evaluation metric used to quantify
behavioral change (Zou et al., 2023; Arad et al., 2025). Moreover, phenomena such as in-
herent self-correction in LLMs can partially obscure a feature’s causal role under standard
intervention protocols (Rushing & Nanda, 2024). We therefore treat our steering setup as
a conservative baseline. Despite these challenges, we identify a concrete subset of DPS-A
and DPS-C candidates that satisfy most of the causal conditions defined in Equations (9)
and (10). Notably, for each model, we identify at least one feature that satisfies all 20 causal
conditions. This indicates that, for certain features, the first demonstration shapes not only
their activation patterns but also the downstream behavioral consequences of interven-
ing on them, providing direct causal support for the DPS hypothesis. Figure 3 illustrates
representative examples of how the causal roles of DPS features adapt to the semantics
established by the first demonstration.

Closing Remarks Although the causal signatures of DPS-A and DPS-C are not perfectly
clean, this is consistent with the known sensitivity and noise of latent-space interventions.
The central positive result is therefore not perfect causal consistency, but existence: across all
four models, we identify concrete features whose causal roles are strongly modulated by
the identity of the first demonstration (Figure 3; additional examples from other models are
provided in Figure 8). These results provide feature-level evidence that primacy is not merely
reflected in internal activation patterns, but can also determine the behavioral consequences
of intervening along the corresponding representational directions. In Appendix E, we show
that DPS features are substantially more sensitive to the first demonstration than to later
demonstration positions, confirming that their behavior is specifically driven by primacy.

4 Implications of the DPS Hypothesis

Why does the DPS hypothesis matter? We highlight three main implications.

(1) A finer-grained, representation-level account of primacy effects. To the best of our
knowledge, most prior work on primacy effects in LLMs has characterized the phenomenon
mainly at the behavioral level—for example, through output biases, performance changes
under prompt reordering, or prompt-engineering interventions. By contrast, our work
provides a more fine-grained, representation-level account. We show that primacy is not
simply an artifact of output behavior, but is realized in internal feature space through a
compact set of directions that are preferentially engaged by the first demonstration. In this
way, our work shifts the question from whether primacy exists to how it is mechanistically
implemented within the model.

More specifically, we identify at least two distinct representational routes through which
primacy operates in LLMs: an affirmative route, which encodes evidence in favor of the
first-demonstration label, and a contrastive route, which encodes evidence that disfavors that
same label. To our knowledge, this level of mechanistic specificity is new, and we believe it
provides a useful foundation for future work on primacy and in-context learning.

(2) An inherent obstacle to fully eliminating primacy without representation-level inter-
vention. Our findings also suggest that primacy effects may be fundamentally difficult to
remove through prompt-level methods alone. If the model systematically reuses a largely
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(a) Qwen3-8B-IT: Representative feature #8687 (b) Qwen3-8B-IT: Top-20 DPS-A features

Figure 3: Causal-DPS features exist. (a) Full causal-effect matrix (each cell reports
δM f ,ℓ(k; α)) for representative feature #8687 from Qwen3-8B-IT on Yahoo. The pronounced
diagonal structure shows that the same fixed intervention direction produces systematically
different effects depending on the first demonstration, providing causal support for the
DPS hypothesis. (b) Causal specificity of the top-20 activation-level DPS-A features. Each
cell reports δM f ,ℓ(ℓ; α)− maxk ̸=ℓ δM f ,ℓ(k; α), with positive values (blue) indicating that the
intervention has its strongest effect when the first-demonstration and query labels match.
Two features (#8687 and #8956) satisfy all 20 causal conditions in Equation 9, while several
others satisfy nearly all of them. Results on additional models are provided in Appendix C.

fixed set of feature directions to encode the semantics of the first demonstration, then
changing the order of demonstrations necessarily changes which semantics are bound to
those directions. In this sense, some degree of order dependence is built into the model’s
internal computation, rather than being only a superficial prompt-format artifact. This does
not imply that mitigation is impossible, but it does suggest that fully suppressing primacy
effects may require interventions at the representation level, rather than relying exclusively
on prompt engineering, reranking, or calibration.

(3) An important caveat for SAE-based interpretability research. Finally, our results have
a broader methodological implication for SAE-based research. SAE features are often treated
as relatively static concept detectors, and steering them is likewise expected to produce
consistent behavioral effects. DPS features show that this picture is incomplete: at least some
features are context-adaptive, with semantic roles and causal effects that change with prompt
context—in our case, the identity of the first demonstration. SAE analyses should therefore
avoid assuming that every feature admits a single, context-invariant interpretation. More
broadly, understanding LLM internals may require distinguishing static from context-adaptive
features, both of which can play important causal roles in model computation.

5 Conclusion

This paper investigates primacy effects in large language models (LLMs) from a
representation-level perspective. Leveraging sparse autoencoders (SAEs), a recent advance
in mechanistic interpretability, we propose the Dedicated Primacy Subspace (DPS) hypothesis,
which posits that LLMs preferentially recruit a compact representational subspace to encode
semantics associated with the first demonstration. Through both distributional and causal
evidence, we provide support for this hypothesis and show that the phenomenon is shared
across multiple models and tasks, suggesting that it reflects a broader and potentially gen-
eralizable mechanism. Overall, our findings offer a new representation-level account of
primacy effects in LLMs and further illustrate how SAEs can serve as an effective tool for
advancing our understanding of internal model computation.
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A Prompt Templates

We utilize a standard few-shot prompt template comprising a task instruction followed by
several demonstrations and a final test query. The demonstrations are randomly sampled
from the training set, ensuring a balanced distribution across all labels. Figure 4 provides
an implementation example of this prompt construction for the AGNews dataset using
Llama3.1-8B-Instruct.

B Additional Examples of DPS-A and DPS-C Features

Figures 5, 6 and 7 display DPS-A and DPS-C feature results for Gemma2-2B-IT, Llama3.1-
8B-Instruct, and Gemma2-9B-IT. The high degree of similarity across these models indicates
that the primacy effect is likely driven by a shared representational mechanism.
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Figure 4: Example of prompt construction for the AGNews dataset using Llama3.1-8B-IT.

(a) DPS-A Feature (AGNews) (b) DPS-A Feature (TREC) (c) DPS-A Feature (Yahoo)

(d) DPS-C Feature (AGNews) (e) DPS-C Feature (TREC) (f) DPS-C Feature (Yahoo)

Figure 5: Additional Examples of DPS-A (top row) and DPS-C (bottom row) features in
Gemma2-2B-IT.

C Extended Causal Results

Figure 8 provides additional causal evaluations of DPS-A and DPS-C features for Llama3.1-
8B-Instruct, Gemma2-2B-IT, and Gemma2-9B-IT.

D Extension to the STS-B Task

Our main experiments study few-shot classification, where the semantic content associated
with the first demonstration is naturally represented by a discrete class label. We additionally
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(a) DPS-A Feature (AGNews) (b) DPS-A Feature (TREC) (c) DPS-A Feature (Yahoo)

(d) DPS-C Feature (AGNews) (e) DPS-C Feature (TREC) (f) DPS-C Feature (Yahoo)

Figure 6: Additional Examples of DPS-A (top row) and DPS-C (bottom row) features in
Llama3.1-8B-Instruct.

(a) DPS-A Feature (AGNews) (b) DPS-A Feature (TREC) (c) DPS-A Feature (Yahoo)

(d) DPS-C Feature (AGNews) (e) DPS-C Feature (TREC) (f) DPS-C Feature (Yahoo)

Figure 7: Additional Examples of DPS-A (top row) and DPS-C (bottom row) features in
Gemma2-9B-IT.

examine whether the same phenomenon extends to a continuous prediction setting using
STS-B, where each sentence pair is assigned a semantic-similarity score between 0 and
5. This setting provides a useful complementary test of the DPS hypothesis: rather than
asking whether a feature preferentially represents one of several discrete labels, we can ask
whether its causal effect continuously adapts to the scalar semantics established by the first
demonstration.

Experimental setup. We construct few-shot STS-B prompts in which the first demonstra-
tion is systematically varied across score anchors

s1 ∈ {0, 1, 2, 3, 4, 5},

while holding the test query and the remaining demonstrations fixed. We use the model’s
expected score over candidate numeric outputs as its prediction. Let ŷbase denote the
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(a) Llama-3.1-8B-Instruct, DPS-A (b) Gemma2-9B-IT, DPS-A

(c) Gemma2-9B-IT, DPS-C (d) Gemma2-2B-IT, DPS-A

Figure 8: Across all models, we identify at least one DPS-A and one DPS-C feature that
satisfies all 20 causal conditions, corresponding to an all-blue first row in each heatmap. The
red cells further highlight that causal effects need not align perfectly with the corresponding
distributional patterns.

model’s baseline prediction for a given prompt and ŷsteer its prediction after amplifying a
DPS-A direction. We define the intervention-induced score shift as

∆ŷ = ŷsteer − ŷbase. (11)

If the causal role of a DPS direction is conditioned by the first demonstration, then the
same fixed intervention direction should not simply increase or decrease the predicted score
uniformly. Instead, its effect should vary with the score semantics established by the first
demonstration.

The same feature produces first-demonstration-dependent score shifts. Figure 9 illus-
trates this behavior for representative DPS-A feature #6629 in Qwen3-8B-IT. Each cell
reports the mean score shift ∆ŷ for a particular combination of test-query score anchor
and first-demonstration score anchor, using the same fixed SAE direction and intervention
strength α = 100 throughout. The intervention produces both positive and negative ef-
fects depending on the first-demonstration context. In particular, high first-demonstration
scores frequently induce substantial upward shifts in the model’s prediction, whereas suf-
ficiently low first-demonstration scores can induce downward shifts. Thus, the feature
does not behave as a context-independent “increase score” or “decrease score” direction.
Rather, its causal effect changes systematically with the score semantics supplied by the first
demonstration.

Steering pulls predictions toward the first-demonstration score. To quantify this effect
more directly, we measure whether the intervention moves the model’s prediction closer to
the score of the first demonstration. For first-demonstration score s1, we define

R = |s1 − ŷbase| − |s1 − ŷsteer| . (12)

Positive R indicates that steering reduces the distance between the model’s predicted test-
query score and the first-demonstration score.

Figure 10 shows a clear positive effect across all baseline-distance bins. More importantly,
the effect becomes substantially stronger when the first-demonstration score is far from the
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Figure 9: A fixed DPS direction produces first-demonstration-dependent causal effects on
STS-B. Mean intervention-induced score shift ∆ŷ for representative DPS-A feature #6629
in Qwen3-8B-IT with α = 100. Rows correspond to test-query score anchors and columns
to first-demonstration score anchors. Despite using the same fixed SAE direction in every
condition, the magnitude and sign of the resulting score shift vary substantially with the
semantics established by the first demonstration.

model’s original prediction. When |s1 − ŷbase| < 3.5, the mean reduction is comparatively
modest, approximately 0.15–0.27. This increases to 0.32 for distances between 3.5 and 4, 0.69
between 4 and 4.5, and 1.10 when the first-demonstration score differs from the baseline
prediction by at least 4.5 points. Hence, the causal effect is strongest precisely when the
semantic value established by the first demonstration differs most strongly from the model’s
otherwise preferred prediction.

Implication for the DPS hypothesis. These results provide a continuous-valued analogue
of our classification findings. In classification, a fixed DPS direction exhibits different causal
effects depending on the discrete semantics associated with the first demonstration. On
STS-B, the same phenomenon appears along a continuous semantic dimension: steering
the same fixed feature direction pulls the model’s subsequent prediction toward the scalar
score established by the first demonstration, with the strength of this pull increasing as the
first-demonstration score becomes more discrepant from the model’s baseline prediction.
This provides further evidence that the causal role of a DPS direction is not intrinsically tied
to a single fixed semantic interpretation, but is instead conditioned by the semantic content
bound to it by the first demonstration.

E Position-Specificity of DPS Features

To further verify that DPS features are specifically driven by the first demonstration, rather
than by demonstration position more generally, we examine how their characteristic acti-
vation pattern changes when the varied demonstration is moved to later positions in the
prompt. We use Qwen3-8B-IT and DPS-A features as representative examples, and evaluate
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Figure 10: Steering a DPS feature pulls the predicted STS-B score toward the first-
demonstration score. We report the reduction in distance to the first-demonstration score,
|s1 − ŷbase| − |s1 − ŷsteer|, for representative DPS-A feature #6629 in Qwen3-8B-IT with α =
100, grouped by the initial distance between the first-demonstration score and the model’s
baseline prediction. Positive values indicate movement toward the first-demonstration
score. The effect is positive across all bins and becomes particularly pronounced when the
first-demonstration score is far from the baseline prediction.

the same three classification tasks used in our main cross-task analysis: AGNews, TREC,
and Yahoo.

Experimental setup. Recall that a DPS-A feature satisfies, for each query label ℓ,

A f

(
SN
ℓ→ℓ

)
> max

k∈Y\{ℓ}
A f

(
SN

k→ℓ

)
, (13)

i.e., its activation is largest when the varied demonstration and the test query share the same
label. Across AGNews, TREC, and Yahoo, this yields 4 + 6 + 10 = 20 label-level conditions.

We first identify DPS-A features using the standard setting in which the varied demonstra-
tion occupies the first demonstration position. We then freeze this feature set and evaluate the
same features on held-out examples while moving the varied demonstration to positions
1, . . . , 9. We use the first nine positions to provide a broad position range that is shared
across all three task configurations.

Importantly, for a given test query, the identity of the varied demonstration, the remaining
demonstrations, and the query itself are held fixed across positions; only the location of
the varied demonstration changes. Thus, changes in the DPS activation pattern can be
attributed to demonstration position rather than differences in prompt content.

For each feature f and demonstration position p, we count the number of cross-task DPS-A
conditions that it continues to satisfy:

C f (p) =
M

∑
m=1

∑
ℓ∈Ym

1
[

A(p)
f ,m(ℓ→ ℓ) > max

k∈Ym\{ℓ}
A(p)

f ,m(k→ ℓ)

]
, C f (p) ∈ {0, . . . , 20}, (14)

where m indexes the three tasks. We then measure the fraction of features originally
identified at position 1 that retain their complete 20-condition DPS-A profile at position p:

R(p) =

∣∣∣{ f ∈ F (1)
DPS−A : C f (p) = 20

}∣∣∣∣∣∣F (1)
DPS−A

∣∣∣ , (15)

where F (1)
DPS−A denotes the DPS-A features identified from the first-demonstration condition.
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Figure 11: DPS-A features are strongly specific to the first demonstration position. We
identify DPS-A features at position 1 and freeze this feature set before evaluating it on
held-out examples as the varied demonstration is moved to later positions. Top: the number
of position-1-derived features that continue to satisfy all 20 cross-task DPS-A conditions
drops sharply beyond the first position. Bottom: the mean signed activation gap of the
same fixed feature set likewise decreases substantially with later demonstration positions.
Together, these results indicate that the DPS-A pattern is specifically associated with primacy
rather than generic sensitivity to demonstration content.

Results. Figure 11 reveals a pronounced position-specific effect. Features identified as
DPS-A at the first demonstration rapidly lose their defining DPS-A profile as the varied
demonstration is moved to later positions. In particular, the number of position-1 DPS-
A features that continue to satisfy all 20 cross-task conditions drops sharply away from
position 1.

This result rules out a more generic interpretation in which these features simply respond to
the semantics of whichever demonstration is manipulated. If that were the case, their char-
acteristic activation pattern should remain largely intact when the same demonstration is
moved elsewhere in the prompt. Instead, the effect is strongly privileged at the first demon-
stration position. Thus, the DPS feature family is not merely demonstration-sensitive, but
specifically primacy-sensitive, providing additional evidence that the mechanism identified
in the main text reflects a genuine internal primacy effect.
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