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Abstract

Instructions trigger a production-centered mechanism in language models. Through a cogni-
tively inspired lens that separates language processing and production, we reveal this mecha-
nism as an asymmetry between the two stages by probing task-specific information layer-wise
across five binary judgment tasks. Specifically, we measure how instruction tokens shape
information both when sample tokens—the input under evaluation—are processed and when

tokens are produced. Across prompting variations, task-specific information in sam-
ple tokens stays largely stable and correlates only weakly with behavior, whereas the same
information in output tokens varies substantially and correlates strongly. Attention-based
interventions confirm this pattern causally: blocking instruction flow to all subsequent to-
kens reduces both behavior and information in output tokens, whereas blocking it only
to sample tokens has minimal effect on either. The asymmetry generalizes across model
families and tasks, and sharpens with model scale and instruction-tuning—both of which
disproportionately affect the production stage. Our findings suggest that understanding
model capabilities requires both jointly assessing internals and behavior, and decomposing
the internal perspective by token position to separate the processing of input tokens from
the production of output tokens.

1 Introduction

Humans integrate instructions with prior knowledge to adapt to specific tasks (Sachs, 1967} |Chein & Schnei-
den, [2012). Cognitive theories distinguish two stages of this process (Dell, 1986} [Levelt} 1989): language
processing, where instructions shape how input is comprehended, and language production, where they guide
how that comprehension is expressed. For example, given Is this sentence grammatically correct?, a per-
son selectively attends to syntactic features during reading and uses the instruction to guide their response
(Desimone & Duncanl (1995} |Brass et al., 2017). Thus, instructions seem to influence both stages in humans.
Similarly, language models (LMs) exhibit strong instruction-following capabilities across tasks such as ques-
tion answering, reasoning, and code generation (Ouyang et al., 2022} [Jiang et al., 2024} Walsh et al., [2025;
Guo et al.| 2025, inter alia). At the same time, they remain highly sensitive to task-irrelevant variations
like prompt paraphrases (Sclar et al.| |2024; Mizrahi et al., [2024; Habba et al} 2025). A natural hypothesis,
following this symmetric pattern in humans, is that such sensitivity arises because instruction tokens shape
both how sample tokens are encoded and, in turn, how output tokens are produced.

Contrary to this intuition, we find consistent evidence for a production-centered mechanism, short:

Instruction tokens primarily influence how LMs produce tokens from already-encoded infor-
mation, while leaving the processing of sample tokens comparatively stable.

Inspired by the cognitive processing—production distinction, we operationalize these two stages within model
computation via token positions {D representations at sample tokens (/ \) serve as a proxy for processing,
and those at tokens (1)) as a proxy for production. We establish this mechanism by studying these
two stages on the model’s internals and connecting them to the behavioral perspective (§ 4). Across five
binary judgment tasks and three model families (L1ama-3.1 (Dubey et al.,[2024]), 0LMO-2 (Walsh et al.| 2025)),
and Qwen-2.5 (Yang et al, 2024)), layer-wise probing shows that task-specific information in sample tokens
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Figure 1: We analyze behavior (top) and internals across the computational stages of processing instruction
and sample tokens (bottom left) and producing tokens (bottom right). Probing reveals an asymmetry:
task-specific information in sample representations (/7 5) stays stable across prompting variations and is
decoupled from behavior, while information in representations (/) varies and tracks behavior.

remains stable across prompting variations and correlates only weakly with behavior, whereas information in
output tokens varies substantially and strongly aligns with behavior. Attention-based interventions provide
causal support: blocking the information flow from instruction to all subsequent tokens reduces performance
while leaving sample representations largely unchanged, whereas blocking it only toward sample tokens has
minimal effect on either. With further analyses and , we refine this mechanism and characterize the
processing—production asymmetry along the dimensions of model scale, training, and task type:

e Scaling strengthens production disproportionately. Across model families, layer-wise profiles
differ, and scaling model size strengthens production disproportionately compared to processing.

e Instruction-tuning primarily strengthens production. Instruction-tuned models carry sub-
stantially more task-specific information at output positions than their base counterparts, while
sample representations remain comparably unchanged—mirroring the scaling pattern and consis-
tent with the Superficial Alignment Hypothesis (Zhou et al.| 2023)), which posits that post-training
shapes how encoded information is expressed, not what is encoded.

o Task type modulates the asymmetry. Knowledge and reasoning tasks (oLMpics, EWOK, ToM)
exhibit a strong asymmetry between the two stages, while surface-sensitive tasks (BLiMP, StereoSet)
show tighter coupling.

This production-centered mechanism has implications for how we evaluate, interpret, and train language
models . Behavioral evaluations alone conflate two distinct failure modes: missing task-relevant infor-
mation during processing, or failing to express it during production (Gekhman et al., 2025 Orgad et al.
2025). In this light, the well-known prompt sensitivity of LMs is better understood as a production-stage
phenomenon than as a sign of unstable input encoding. More broadly, distinguishing processing and produc-
tion provides a principled way to localize where and why models fail. It enables more accurate evaluation,
suggests efficiency improvements, such as de-prioritizing instruction tokens in key-value caches, and raises
the question of whether balancing instruction influence across both stages could further improve instruction-
following. Finally, the token-position-based operationalization offers a general analytical lens for studying
how different factors influence model internal computation beyond the impact of instructions.

2 Background

Language Processing and Production Language production is a fundamental cognitive process in
humans. It is typically initiated by a communicative intention or, in the case of language models, by
previously produced linguistic input. Specifically, we assume that instruction and task sample tokens
produce tokens. Inspired by research in cognitive science (Dell, 1986 [Levelt, [1989), we conceptualize
this process in two stages:
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o Language processing, where task-specific instruction and sample tokens are encoded into latent
representations ¢. When performed by humans, we assume they can draw on their general knowledge
of language and the world. In this process, cognitive theories suggest that instructions implicitly
establish a task set that controls how this knowledge is applied when processing the input
[2003; Brass et al., 2017). This task set acts as a gating mechanism during language processing,
guiding selective attention to what and how information is encoded in ¢ by prioritizing specific
aspects of the input in line with the current instructions (Sachs| [1967; |[Chein & Schneider} |2012}
Miller & Cohenl [2001). As a result, ¢ reflects the specific task set under which the input was encoded
and is therefore instruction-sensitive.

¢« Language production where ¢ is decoded into output tokens—the observable language utterance.
In this stage, the task set established during processing gates how the encoded information in ¢
is used to produce a language utterance, selecting which aspects are verbalized and in what form
(Schiitze, |2016} [Van Maanen et al., [2024]). For instance, the same sentence may yield a grammatical
judgment under one instruction but a plausibility assessment under another, because the task set
shapes both what is encoded into ¢ during processing and how ¢ is decoded during production.

These two stages both draw on the underlying language system—langue, or linguistic competence (de Saus-|
surd, 1916; |Chomsky, |1965)—and surface as observable utterance (parole, or linguistic performance). A key
question for language models, then, is whether instructions similarly gate both stages of language processing
and production, or primarily operate at one of these stages.

Language Processing and Production in Language Models To study this question, we operational-
ize processing and production within the next-token generation process of decoder-only language models
(Radford & Narasimhan| 2018; Biderman et al., 2023; [Walsh et al., 2025). Given a prefix z<;, models
estimate the next-token distribution P(x; | £<;) over a vocabulary V while constructing layer-wise repre-
sentations h € R?, where each layer £ transforms the previous state via RO = E(ﬁ(l’l)) using attention
(]Vaswani et a1.|, |2017I). At the final layer, an output projection (R¢ — RIVI) followed by a softmax produces
a distribution over v € V. While motivated by cognitive theory, we treat the processing—production distinc-
tion as an analytical lens on these model computations rather than a claim about how LMs implement these
stages. We approximate the two stages via token positions: representations at sample tokens reflect the stage
of language processing (/12) and representations at output tokens reflect language production (//7)). This
token-position operationalization abstracts away from internal architectural properties and could therefore
extend to other architectures, such as diffusion text models .

Measuring Task-Specific Information via Probing To measure how much task-specific information
is encoded in internal representations of LMs (h) at each layer, we adopt classifier-based probing (
Bengid, 2017} Belinkov}, [2022; |Waldis et al. [2024]). Therein, we train a probe f to predict the property p

under test from h:

fih—p (1)

Based on the nature of the specific property, previous works apply different aggregation steps before probing,
such as averaging h across all tokens of single words when probing for their part-of-speech

2019a)) or entity type (Tenney et al. [2019D)), averaging sentence representations to study sentence propertieb
(Conneau et al., 2018), or concatenating word or sentence representations to study their relation
Manning, |2019|; |Koto et al. |,|2021|) In our setup, we average h across sample tokens for processing and output
tokens for production, respectively. To faithfully study p in h, we assume that a simple probe—such as a
linear model—lacks its own learning capacities and therefore can effectively act as a sensor offering a lower
bound on the information encoded in k based on its prediction p. We then approximate the information
strength for each model layer as the accuracy between the probe prediction p and the ground-truth judgment
p. Because this measure is only a lower bound, rigorous validation is essential. We therefore test our probing
setup in [Figure § with respect to selectivity against control tasks (Hewitt & Liang| [2019), comparison with
non-linear probes, and an information-theoretic assessment (Voita & Titov}, 2020).
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3 Experimental Setup

We investigate how instruction tokens affect task-specific information across the processing and production
stages in three model families: Llama-3.1 (Dubey et al.,2024), 0OLMO-2 (Walsh et al.l 2025)), and Qwen-2.5
(Yang et al.| 2024)E| We jointly analyze internal representations and behavioral outputs by probing for
task-specific information in layer-wise representations of sample tokens (/15) and output tokens (/) and
comparing these internal measurements against behavioral performance on the same judgment target across

five binary judgment tasks (§ 3.1)).

3.1 Acceptability Judgment Tasks

We evaluate across five binary judgment tasks (Table 1f) covering distinct linguistic targets: grammatical
acceptability BLiMP (Warstadt et all2020)), stereotype detection StereoSet (Nadeem et al.,2021)), reasoning
coherence oLMpics (Talmor et al., |2020), world knowledge EWOK (Ivanova et al.l 2025), and theory-of-mind
ToM (Le et al.,2019). We choose binary judgment tasks because the same binary target—acceptable or not—
can be probed directly in internal representations and behaviorally evaluated, enabling a direct comparison
between the internal and behavioral perspectives. For all tasks, we transform 5000 instances into a unified
binary format in which each instance is labeled as either acceptable or not. For BLiMP and StereoSet, we use
the positive and negative examples as provided in the original datasets. For oLMpics, originally a multiple-
choice mask-filler task, we fill the mask with the correct option to obtain a positive instance and with the
incorrect option to obtain a negative one. For EWOK, we use the sentence templates provided by [[vanova et al.
(2025)) to construct positive and negative instances, either combining a template with a matching concept
(acceptable) or a mismatching concept (not acceptable). For ToM, we append a final sentence that either
confirms the correct assumption (e.g., the banana is in the green basket) or introduces a wrong one (e.g., the
banana is in the red cupboard).

3.2 Behavioral Assessment

We measure behavioral performance as exact-match accuracy between the produced output tokens and the
correct verbalized label—*“yes” for positive or “no” for negative judgments. We consider three prompting
variations to comprehensively evaluate performance and assess how instruction placement affects behavior:

o Instruction First (P.): instruction tokens are placed before sample tokens.
o Sample First (P~ ): sample tokens are placed before instruction tokens.

+ In-Context Learning (P,/,): No explicit instruction is provided; instead, four labeled examples
are placed before the sample tokens as implicit instruction.

3.3 Internal Assessment

We measure task-specific information in internal representations by training linear probes to predict the
binary judgment label from layer-wise representations. For the processing stage, we average representations
across sample tokens at each layer and probe them as f : /z\] ' — y. For P, /o> We probe sample tokens
of the tested instance, not the ones from the few-shot examples. For the production stage, we follow the
same procedure on output token representations as f : — y. Each probe is evaluated across four
folds and five seeds (20 runs per probe), and validated for selectivity (Hewitt & Liang [2019)) and from an

information-theoretic perspective (Voita & Titov, [2020).

4 Instructions Primarily Shape Language Production

This section establishes the production-centered mechanism under the token-position operationalization in-
troduced in We first present correlational evidence that task-specific information when processing sample

IPlease see Appendix for the specific used model tags.
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Task Instruction Sample

BLiMP Is the given text linguistically acceptable? This means that The [patients/patient] care
it contains no grammatical errors in morphology, syntax, or for Adam.
semantics. Answer only with “yes” or “no”: choose “yes” if
the text meets these criteria or “no” if it violates them.

" StereoSet Does the given text contain stereotypical references? Answer The [strong/weak] mover car-
only with “yes” or “mo”: choose “yes” if the text includes ried the couch to the truck.
stereotypes or “no” if the text does not include stereotypes.

“oLMpics  Does the given text make sense? This means its reasoning is It was [not/really] manly, it
consistent and does not violate known facts or widely accepted  was really unmanly.
assumptions. Answer only with “yes” or “no”: choose “yes” if
the text meets these criteria or “no” if it violates them.

CEWOK ] Does the given text make sense? This means that the sce- Aliis 35 years older than Wei. -
nario described in the text is plausible given common-world Ali is Wei’s [parent/child].
knowledge and widely accepted assumptions. Answer only
with “yes” or “no”: choose “yes” if the text is plausible or
“no” if it is implausible.

“ToM Are the assumptions in the last sentence of the given text log- Carter entered the front
ically correct, based on the preceding sentences? This means yard ... Carter moved the
they align with events described earlier in the text. Answer banana to the green bas-
only with “yes” or “no”: choose “yes” if the assumptions are ket. The banana is in the

correct, or “no” if they are incorrect. [green basket/red cupboard).

Table 1: Examples of the five binary judgment tasks, with task-specific instruction and a sample instance
with acceptable (underlined) and unacceptable examples.

tokens is stable across prompting variations, whereas information when producing tokens varies with
behavior, and then causally verify this asymmetry using attention-based interventions.

Language processing remains stable, while production reflects instructions. We begin by ana-
lyzing how task-specific information is encoded during the processing of sample tokens and the production
of output tokens, based on the layer-wise curves in (a) and (b). Since the number of tokens varies
between samples and outputs, we focus on relative shifts across layers rather than absolute information
levels. Information within sample tokens increases in the first half of the model layers and peaks around
layer 15 (Figure 2| (a)), while output tokens follow a similar pattern but peak slightly later around layer
17 consistent with a lagged propagation of task-specific information from sample to output
tokens. The colorized area in (a) and (b) shows the spread across the three prompting variations
(P, P, Puyo)- Task-specific information within sample tokens is highly stable across prompting varia-
tions, with a maximum spread of £0.7 percentage points (pp) in probing accuracy, compared to +2.2 pp
for output tokens, both measured across the same set of layers. This asymmetry suggests that differences
across prompting variations arise less from how task-relevant information is encoded during processing and
more from how it is expressed during production.

Behavioral differences relate to variance in language production. Next, we analyze how the varying
impact of instructions on sample and output tokens relates to the model’s actual behavior. Kendall’s 7
correlation across models, tasks, and prompting variations reveals that task-specific information in sample
tokens does not substantially correlate with information in output tokens (7 = 0.02) or with behavioral
performance (7 = —0.15). In contrast, information in output tokens correlates strongly with behavioral
performance (7 = 0.62), a pattern that also holds within individual tasks , indicating a close link between
language production and model behavior. As shown in (c), aggregated exact-match accuracies
range from approximately 63.0 (P~ ) to 66.0 (P~ ), consistent with prompting variations primarily affecting
language production rather than language processing. We validate these insights in the Appendix (§ B.3),
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Figure 2: (a) Layer-wise task-specific information for sample tokens averaged across tasks and models, area
indicates deviation across prompting variations. (b) Layer-wise task-specific information for tokens
averaged across tasks and models, area indicates deviation across prompting variations. (c¢) Behavioral
results for the three prompting variations averaged across models and tasks. (d) Instance-level agreement
across prompting variations for sample and tokens as a function of model layer. (e) Instance-level
probing-behavioral alignment for sample and tokens across model layers.

showing that unrelated prompts or increasing task demands, such as flipping label semantics ( “yes” <+ “no”),
affect language production while the processing stage remains largely stable.

Instance-level comparisons confirm instruction sensitivity when producing language. We next
assess whether the aggregate pattern holds at the instance level, examining the agreement between model
behavior and the information contained in sample and output tokens. At the behavioral level, the two
instruction-based variations agree most frequently (P~ vs. P~: 77%), while agreement drops considerably
against the no-instruction baseline (60% and 58% respectively), with all three variations agreeing on only
48% of instances. This instance-level behavioral disagreement is reflected in the internal representations,
as shown in (d). Information in sample tokens remains consistent across prompting variations
throughout most layers, whereas the information in output token representations shows substantially lower
agreement. Complementarily, [Figure 2| (e) shows how probing predictions align with prompting behavior
across layers. For output tokens, alignment is highest in early layers and gradually decreases, while sample-
token alignment begins substantially lower and peaks around middle layers. These results confirm that
the aggregate pattern is not an artifact of averaging. Instructions consistently affect individual instances
through production more than processing, whereas processing-stage representations remain comparatively
stable across instances.

In Appendix we provide further insights into the agreement between the behavioral and internal per-
spectives, revealing output token probing and behavior are more consistently jointly correct or jointly wrong
than for sample tokens, reflecting the close relation. For sample tokens, disagreement where probing is cor-
rect, but behavior is wrong, or vice versa, is more frequent, suggesting that LMs carry partially independent
information within the processing stage that is not always expressed during production. Qualitatively, these
cases suggest that models can encode the correct judgment but fail to select the appropriate output token,
indicating that production-stage factors may override or cannot access the correct information. Moreover,
and importantly, when probing and prompting agree on sample tokens, this agreement is stable across nearly
all model layers, whereas for output tokens, alignment where both probing and behavior are correct is more
fragile and layer-dependent.

Interventions confirm the production-centered causal effect of instructions. We assess the causal
nature of these observations using attention-based interventions under the instruction-first variation (P ).
As shown in[Figure 3| (a), we intervene on the attention flow by either blocking it from instruction tokens to
all subsequent tokens (full intervention) or selectively from instruction to sample tokens (prompt-only
intervention). The full intervention drastically reduces behavioral performance (—58.0 pp exact-match
accuracy) while leaving task-specific information comparatively intact (—0.8 pp probing accuracy in sample
tokens, —3.0 pp in output tokens), suggesting that instructions primarily govern how encoded knowledge is
expressed during production rather than what is encoded during processing. Those findings are consistent
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Figure 3: (a) We intervene on the attention flow by either blocking it between instruction and sample
tokens (prompt-only) or between instruction and all subsequent tokens (full). (b) Intervention results of
selectively disabling attention flow between instruction and sample tokens (prompt-only) or all subsequent
tokens (full). Deltas show the change relative to the unmodified evaluation (P~ ).

with the broader observation that language models do not always express what they encode (Slobodkin et al.
[2023; |Gekhman et all 2025). The prompt-only intervention further supports this asymmetry: selectively
blocking attention from instruction to sample tokens has only a minor effect on behavior (—4.0 pp) and
produces nearly identical information changes within sample tokens (—0.8 pp probing accuracy).

Summary We provide correlative and causal evidenceEl for an asymmetry between the processing of input
tokens and the production of output tokens in model internal computations. Instructions act primarily as a fil-
ter on already-encoded information during production, while leaving task-specific information comparatively
stable during processing. This production-centered mechanism differs from human instruction-following, in
which instructions shape both processing and production of language (Schiitze, 2016; [Van Maanen et al.l
2024), suggesting a divergence in where instructions take effect. These model insights extend prior work
that questions the reliability of behavioral assessments alone (Hu & Frank, 2024} |Tsvilodub et al.l 2024) and
provide an internal perspective, using an information-centered evaluation protocol, to assess LMs on specific
tasks.

5 The Mechanism Persists Across Models, Sizes, and Training Stages

5.1 Model Families Differ but Share Common Patterns

established a consistent asymmetry: instructions affect production far more than processing. We now test
whether this holds across model families or is specific to particular architectures by comparing Llama-3.1,
OLMO-2, and Qwen-2.5 models individually.

Models share information patterns but manifest differently. We first examine how the different
LMs encode task-specific information across their layers in (a). For all three models, sample token
information remains consistently more stable across prompting variations than output token information,
confirming that the asymmetry between processing and production is not architecture-specific. However,
the layer-wise strengths differ. Llama-3.1 and OLMO-2 show similar patterns with peaks around the middle
layers, while Qwen-2.5 peaks higher, in the upper third of the model layers, and drops more strongly near
the top layers. Moreover, while OLMO-2 encodes slightly more information in sample tokens than Llama-
3.1, it encodes substantially less in output tokens, suggesting that the balance between the processing and
production stage information varies across families even when the overall mechanism is shared.

2We rigorously verify the validity of our probing assessment in Appendix |§ B42l where we report high probing selectivity
(Hewitt & Liang), [2019)), similar patterns from an information theory perspective (Voita & Titov} [2020), and that as few as 100
to 200 samples are enough to reveal information patterns within LMs.
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Figure 4: (a) Layer-wise task-specific information in sample and tokens for Llama-3.1, OLM0O-2, and
Qwen-2.5. (b) Behavioral performance across prompting variations for those models. (c) Impact of the
prompt-only intervention on information in sample and tokens and model behavior.

Behavioral differences mirror production stage information variance across models. We next
analyze behavioral results in (b). Instruction-first (P~) performs best for all models. While
in-context learning (P, /,) is competitive for Llama-3.1 and OLMO-2, it performs worst for Qwen-2.5. In
contrast, instruction-first and sample-first prompting work much better with Qwen-2.5, consistent with prior
reports of strong instruction-following behavior for this model family (e.g., IFFEval in |[Fourrier et al.| (2024)).
Overall, the similar behavioral profiles of L1ama-3.1 and 0LM0O-2 reflect their comparable internal patterns,
while Qwen-2.5 stands out both behaviorally and internally.

Interventions reveal asymmetric instruction sensitivity across models. Finally, we discuss results
under the prompt-only intervention across the three models to causally assess instruction sensitivity during
processing. As shown in [Figure 4] (¢), all models show only minor behavioral drops between —2.0 and —4.0,
with sample token information remaining largely stable. The stronger instruction-following behavior of Qwen-—
2.5 is primarily observed in output tokens, where the lower third of the model layers exhibits the clearest
response to the intervention. These results generalize the production-centered mechanism across model
families, whereas the specific layer-wise expression of production-stage information varies with architecture.

5.2 Scaling Effects on the Production-Centered Mechanism

We assess how the production-centered mechanism changes with increasing model size, presenting results
across six model sizes from the Qwen-2.5 family and four from the OLMO-2 one, ranging from 0.5B to 32B,
using the instruction-first prompting variation (P-).

Information peaks grow and shift with model size. As shown in (a), the overall pattern
remains broadly stable across model sizes. sample token information stays more stable across prompting vari-
ations than output token information, confirming that the difference between the processing and production
stage persists under scaling. However, two systematic shifts emerge as model size increases. Task-specific
information peaks at higher layers, and the characteristic Qwen-2.5 information drop in the top layers be-
comes more pronounced for both sample and output tokens. When comparing models in terms of absolute
rather than relative layer positions, larger models appear to extend the patterns of smaller ones, suggesting
that scaling adds representational depth rather than fundamentally changing them (see .

Larger models show disproportionate gains during production. Scaling affects the two stages
differently: task-specific information grows more strongly in output tokens than in sample tokens, while
behavioral performance steadily improves with model size b)) Within Qwen-2.5 and 0LM0-2,
comparing the smallest and largest models, information in output tokens increases substantially more (46%
and 30%, respectively) than in sample tokens (30% and 20%). This suggests that larger models improve
disproportionately at transforming internally available information into instruction-aligned outputs, rather
than at encoding more task-specific information during processing.
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Figure 5: (a) Emergence of task-specific information with growing model size, focusing on sample and
output tokens. (b) Effect of scaling model size on behavioral performance.

5.3 The Impact of Instruction-tuning on the Production of Language

Next, we assess how language models change under instruction-tuning by comparing pre-trained (base) mod-
els with their instruction-tuned counterparts using the instruction-first prompting variation (P, ). Overall,
we observe that instruction-tuning has little effect on how task-specific information is encoded during pro-
cessing of sample tokens, but substantially affects how this information is used during production of output
tokens. This suggests that post-training primarily shapes how models express information during generation,
rather than fundamentally changing how they encode it during input processing.

Instruction-tuning largely preserves the pro- (a) Task-Specific Information  (b) Model Behavior
cessing stage. For sample tokens, base and Information in Information in 20
instruction-tuned models show highly similar layer- s Sample Tokens Output Tokens ol
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instruction-tuning on the processing stage.

Figure 6: Comparison of pre-trained (base) and
instruction-tuned LMs focusing on the model internals
(a) and the behavioral (b) perspective.

Instruction-tuning amplifies information dur-

ing production. Focusing on output tokens, rather than sample tokens, underscores again that the pro-
cessing and production stages fundamentally differ. Instruction-tuned models consistently encode substan-
tially more task-specific information during production, with differences clearly exceeding those observed
when assessing sample tokens. These internal differences align with the behavioral performance gap shown
in (b), where base models exhibit reduced instruction-following performance. This pattern suggests
that instruction-tuning primarily changes how internally available information is expressed during produc-
tion, rather than what is encoded during processing, consistent with prior observations on toxicity-related
information (Waldis et all, [2025).
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Figure 7: (a) Task-specific information in sample tokens, output tokens, and behavioral performance (EM)
across judgment tasks, averaged across models and prompting variations. (b) Layer-wise pairwise represen-
tation agreement heatmaps per task, for sample tokens (top) and output tokens (bottom). Each cell (i, 7)
indicates mean agreement between probing predictions at layers ¢ and j, averaged across instances.

5.4 Summary

The production-centered mechanism remains consistent across model families, sizes, and training stages.
However, its strength varies: scaling disproportionately amplifies production-stage information, and
instruction-tuning strengthens how information is used during production without substantially changing
processing-stage representations. These observations, together with work about factual knowledge and tox-
icity (Waldis et al., |2025; |Gekhman et al., [2025)), are consistent with the Superficial Alignment Hypothesis
(Zhou et al.| 2023)), which argues that post-training primarily affects how encoded information is expressed
rather than what is encoded. Improvements in model capability thus appear to arise primarily from changes
in how information is expressed during production. Whether further gains require deeper, processing-level
instruction sensitivity is an open question we discuss in

6 Task Type Shapes the Processing—Production Asymmetry

Having established the production-centered mechanism, we now examine how the processing—production
asymmetry varies across tasks. The mechanism holds throughout, but coupling between stages varies,
ranging from tighter coupling for surface-sensitive tasks (such as BLiMP) to looser coupling for knowledge
and reasoning tasks (such as oLMpics or EWOK).

Behavior consistently aligns with production. Task-specific information in sample tokens varies
across tasks (Figure 7| (a)), with higher values for BLiMP and ToM and lower values for EWOK, but does
not follow task categories—even closely related tasks such as oLMpics and EWOK differ. In contrast, pro-
duction shows more consistent structure, with syntactic tasks (BLiMP, StereoSet) differing from knowledge
and reasoning tasks (oLMpics, EWOK, ToM). Task-specific information across stages is uncorrelated (7 = 0),
indicating that processing-stage information does not predict production-stage information. Instance-level
Kendall 7 correlations show that output token probing more reliably predicts behavior than sample token
probing across all tasks (EWOK: 7 = 0.70 vs. 0.29; StereoSet: 0.58 vs. 0.29; BLiMP: 0.56 vs. 0.37; oLMpics:
0.53 vs. 0.21; ToM: 0.22 vs. 0.15), with the gap varying systematically.

The processing—production coupling varies across tasks. BLiMP shows the smallest gap, consistent
with tight coupling and strong sensitivity to instruction removal . StereoSet occupies an intermediate
position. oLMpics and EWOK show the largest gaps, indicating that behavior is largely determined by pro-
duction regardless of processing-stage information, and both remain robust when instructions are removed
. ToM is a special case: both correlations are weak (1 = 0.22 vs. 0.15), and removing instruction flow
improves behavior, suggesting that instructions may interfere with processing . Overall, coupling is
tighter for syntactic tasks, where surface form more directly constrains both stages.

Processing and production show distinct layer-wise dynamics. The layer-wise agreement heatmaps
(Figure 7|(b)) provide a mechanistic perspective on the processing—production separation. For sample tokens,
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low cross-layer agreement indicates that representations are continuously transformed across depth, with
clear task-specific patterns: EWOK shows a sharp discontinuity around layer 10, suggesting a mid-network
reorganization; ToM exhibits isolated early-layer representations; and the remaining tasks show smoother
transitions across layers. In contrast, output tokens exhibit substantially higher and more uniform cross-layer
agreement, indicating that production-stage representations stabilize early and are maintained throughout
the network. This difference links directly to behavior. Tasks where output probing most reliably predicts
behavior (EWOK, oLMpics) also show the broadest cross-layer agreement, suggesting that earlier and more
stable production-stage commitment is associated with more reliable behavioral outcomes. Notably, the
task-specific structure observed in sample tokens does not carry over to output tokens, reinforcing that the
two stages operate largely independently.

Summary Task type shapes the processing—production asymmetry along a spectrum from tight to loose
coupling. Across tasks, behavior consistently aligns with production, but the strength of this alignment
depends on how strongly the task constrains the mapping from internal representations to outputs. Thus,
task differences primarily reflect how information is expressed, not whether it is encoded.

7 Related Work

Behavioral Effects of Instructions. Instruction tuning (Wei et al. [2022} |Ouyang et al. [2022)) sub-
stantially improves zero-shot generalization. [Zhou et al| (2023) argue through the Superficial Alignment
Hypothesis that it primarily shapes how models express knowledge rather than what they know—a claim
complemented by Min et al.| (2022), who show that randomly replacing demonstration labels barely hurts
in-context learning performance, suggesting that models rely more on structural prompt properties than on
label semantics. Models also show strong sensitivity to surface formats (Ashury-Tahan et al., |2025; |Sclar|
et all, 2024; Mizrahi et al. [2024; |Ashury-Tahan et al. [2026), few-shot example ordering 2022)),
and output distribution biases such as surface-form competition (Holtzman et al., 2021) and recency or
majority-label effects (Zhao et all [2021). Together, these studies establish that prompting affects model
outputs, but leave open whether these effects arise because instructions reshape input processing, or because
already-encoded information is expressed differently during production.

What Models Encode vs. What They Express. Probing classifiers (Belinkov, 2022; Tenney et al.
[2019Dbt [Conneau et al) [2018; [Hewitt & Liang), 2019} [Voita & Titov} [2020) reveal a consistent pattern: inter-
nally encoded knowledge does not always surface in model outputs. Models encode more than they express
(Burns et al., [2023; Gekhman et al. 2025; |Orgad et al. 2025; [Feng et al., [2025; [Azaria & Mitchell, 2023
Slobodkin et al., 2023), and behavioral evaluations therefore underestimate their capabilities (Hu & Frank
2024; Heo et al.| 2025 [Tutek et al., [2025). Mechanistic analyses narrow this gap further, localizing task-
following computations to specific attention heads and mid-layer directions (Todd et al. 2024; Olsson et al.l
[2022; Hendel et al.| [2023} |Gottesman & Geva, 2024; Meng et al., 2022). Most closely related, [Waldis et al.
jointly analyze behavior and internal representations for toxicity—showing that models encode more
about input toxicity than their outputs reveal—and [Lepori et al.| (2026) show that models struggle to deploy
representations learned in-context for downstream predictions. While these studies characterize the diver-
gence between internal and behavioral perspectives, they do not study the impact of instructions on it, nor
do they ground the input—output distinction in a theoretical framework that anticipates where asymmetries
should arise. In contrast, we offer a principled lens grounded in the cognitive processing—production distinc-
tion, operationalized via token positions, and show with correlational and causal evidence that instructions
primarily act at output-token positions—filtering and transforming already-encoded information rather than
reshaping what is encoded from the input.

8 Discussion

Results from more than half a million probing runs across to consistently reveal a production-
centered mechanism: instructions act less as a gate on what is encoded from the input and more as
a filter that selects and transforms already-encoded information during the production of output tokens.

11
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This contrasts with humans, where instructions influence both stages, including selective attention during
processing. The pattern holds across model families, scales, training stages, and tasks, varying in strength
but not in kind. The processing—production distinction, therefore, offers a principled analytical lens for
studying LMs, even if LMs do not implement it the same way humans do.

Evaluation Implications Our findings directly impact how we evaluate LMs, as behavioral assessments
conflate two failure modes: task-specific information may be absent during processing, or present but not
selected during production. Our results indicate that gains in more capable models are more driven by
the latter, so behavioral evaluations not only underestimate internal capabilities (Slobodkin et al., [2023;
Hu & Frank, [2024}; (Gekhman et al. |2025; |Orgad et al.l |2025)) but can misattribute the origin of failures or
improvements. By the same logic, the known prompt sensitivity (Sclar et all 2024; [Mizrahi et al., |2024;
Habba et al., [2025)) is better understood as a production-stage phenomenon than as processing fragility.
Thus, evaluation research should generally distinguish between processing and production stages, as we
should address these two failure modes differently: processing failures require strengthening task-relevant
encoding during training, whereas production failures can be addressed at generation time through output
calibration (Zhao et al., 2021), inference-time steering (Li et al.l 2024)), richer contextual grounding (Zhuo
et all, [2024)), or inference scaling with additional thinking tokens (Guo et al.l [2025).

Scale and Alignment as Production-Stage Phenomena The asymmetry also reframes two well-
studied axes of model improvement. Scaling model size yields disproportionate gains at output token posi-
tions , suggesting that the behavioral benefits of scaling come disproportionately from better ezpression
of already-encoded information, not from encoding more of it. Instruction-tuning shows the same signature
more sharply: instruction-tuned models carry substantially more task-specific information at output token
positions than their base counterparts, while sample token representations remain comparably unchanged.
This gives a direct mechanistic reading of the Superficial Alignment Hypothesis (Zhou et al.l [2023): post-
training need not—and in our measurements, largely does not—restructure what the model encodes from
its inputs, and instead reshapes how that information is gated into outputs.

Efficiency and Model Development The asymmetry also opens concrete directions for efficiency and
model development. If instruction tokens have minimal impact on sample encoding, key-value caches could
de-prioritize instruction-token representations during sample processing with limited loss in task-relevant
information. The relative stability of sample token representations is also consistent with assumptions
made by neurosymbolic approaches (d’Avila Garcez & Lambl| |2023) and shows potential for grounding
symbolic operations. Finally, the asymmetry raises questions for pre-training and alignment objectives. The
pattern may reflect that instruction-following is concentrated in the final stages of training, suggesting that
encouraging instruction sensitivity during processing could reduce the asymmetry and bring LMs closer to
the symmetric pattern observed in humans. Whether such cognitive-inspired training would actually improve
models, or whether the asymmetry is a natural outcome of training that enables current capabilities, is an
open question for which our work offers a principled lens.

9 Conclusion

We investigated where instructions take effect in language models by analyzing internal representations at
sample and output token positions, which operationalize the cognitive processing—production stages within
decoder-only language models. Two lines of future work follow from the production-centered mechanism we
reveal. First, whether and how this mechanism holds beyond binary-judgment tasks, such as open-ended
generation, is an open empirical question. Second, the asymmetry itself may reflect the training process of
LMs, in which instruction-following is primarily emphasized in the final stages. On this reading, our results
point to potential gains from reducing the asymmetry and balancing the impact of instructions on both pro-
cessing and production. However, it remains an open question whether such cognitive-inspired training would
actually improve models, or whether the asymmetry is a natural outcome of LM training that itself enables
their current capabilities. Our token-position operationalization provides a means for such future work:
a principled, position-based decomposition that supports empirical tracking of the processing—production
asymmetry and, more broadly, structured assessment of information within internal representations.
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A Limitations

We discuss four limitations of this work.

Task scope. Our evidence is based on binary judgment tasks with single-token outputs, chosen so that
probing and behavior share the same target and can be directly compared. Whether the production-centered
mechanism extends to open-ended generation, multi-step reasoning, or longer outputs—and if so, whether
it takes the same form—is an open question and a natural direction for future work.
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Token positions as a proxy for processing and production. We operationalize the cognitive
processing—production distinction via token positions: /g at sample tokens as a proxy for the stage of
language processing, at output tokens as a proxy for language production. This is an approximation, not
a claim of strict computational separation: upper-layer sample-token representations no longer reflect input
encoding alone but incorporate task-relevant transformations that prepare the output, so i_ig does not isolate
the processing stage in a narrow encoding-only sense. Conversely, early-layer output-token representations
are still being transformed and not yet committed to generation, so ﬁo captures all computation over output
tokens rather than the production stage in a narrow decoding-only sense. Given the lack of sharp compu-
tational boundaries, we use this token-position abstraction as an analytical lens to locate instruction effects
within the forward pass. Even so, our results show that the two stages behave systematically differently
across model families, scales, and tasks, indicating that the token-position distinction tracks a meaningful
computational separation despite the absence of architectural boundaries in decoder-only models.

Linear decodability. Linear probes provide a lower bound on the linearly accessible information, so
the stability we observe in sample representations could, in principle, partly reflect the limits of linear
decodability rather than the representation’s full information content. Our selectivity (Hewitt & Liang,
2019)), information-theoretic (Voita & Titov, [2020), and non-linearity checks (Appendix directly
address this: probes show high selectivity against control tasks, information-theoretic and accuracy-based
measurements reveal consistent patterns, and adding non-linear capacity to the probes does not change
the layer-wise information dynamics we report. Together, these validations robustly demonstrate that the
observed asymmetry reflects representational structure rather than a probing artifact, although any model
interpretability method can only approximate internal representations in the absence of ground truth.

Confounds in the attention-blocking interventions. The —58.0 pp behavioral drop under the full
intervention (§ 4) reflects at least two effects: a degraded ability to express task-relevant information in
output tokens—confirmed by the accompanying drop in output-token probe accuracy—and the potential
loss of output-formatting cues the model relies on to produce a well-formed binary answer. The latter is
a confound that the present design cannot fully disentangle. We therefore read the behavioral drop as an
upper bound on the task-information-specific contribution of the intervention—and as a concrete instance
of the more general point made in behavioral measurements alone cannot distinguish processing-stage
from production-stage contributions.

B Appendix

B.1 Model Checkpoints

lists the Hugging Face checkpoints of the 14 individual evaluated models used throughout this work.
For each family, we use both the base and instruction-tuned variants where available.

Family Main experiments Scaling analysis (sizes)

Llama-3.1 meta-llama/Llama-3.1-8B(-Instruct) 8B
OLMo-2 allenai/0LMo-2-1124-7B(-Instruct) 1B, 7B, 13B, 32B
Qwen-2.5  Qwen/Qwen2.5-7B(-Instruct) 0.5B, 1.5B, 3B, 7B, 14B, 32B

Table 2: Checkpoints used throughout the paper. Base and instruct variants are evaluated in parallel where
available.

B.2 The Reliability of the Probing Setup

[Figure § validates the probing setup along three dimensions across all model families, sizes, and tasks. First,
we report high probing selectivity using control tasks (Hewitt & Liang), 2019), confirming that probes learn
from the representations rather than from their own capacity. Second, we assess probes from an information-
theoretic perspective (Voita & Titov, [2020)), and we find consistent patterns with the accuracy-based results
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reported in the main text. Third, we verify that as few as 100 to 200 samples are sufficient to reveal stable
information patterns, confirming that our findings are not an artifact of sample size. Finally, we compare in
[Figure 9] the probing results with no intermediate layer (linear) to those with one (linear-1) or two (linear-2)
layers. Since nonlinear probes yield only slight differences in information levels without changing the overall
layer-wise pattern, we conclude that linear probes capture task-specific information with sufficient reliability.
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Figure 8: Validation of the probing setup across model layers, averaged across tasks and models. (a) Probing
selectivity: accuracy of probes trained on original representations compared to control tasks
2019)), shown separately for sample and output tokens. High selectivity confirms that probes capture task-
relevant structure rather than exploiting their own capacity. (b) Information-theoretic assessment
& Titov, of task-specific information in sample and output token representations, showing consistent
patterns with accuracy-based probing results. (c) Probing accuracy as a function of training set size,
confirming that stable information patterns emerge with as few as 100 to 200 samples.

B.3 Sanity Checks of the Impact of Instruction

We verify the observed variation in the impact of instructions on language processing and production us-
ing sanity prompts that introduce semantic noise or increase task difficulty, based on the best-performing
variation (P).

Unrelated instructions primarily change language production. We first verify our previous results
by introducing semantically unrelated instructions that are irrelevant to the judgment task. Specifically,
we ask the LMs whether a given sentence contains the letter “a” a specific number of times—expecting
“yes” when the specific number corresponds to the sentence and “no” if not. Following results shown in
these unrelated instructions caused a substantial drop (—10.0 probing accuracy) in task-specific
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Figure 9: Validation of the probing setup with no intermediate hidden layer (linear). We also assess task-
specific information with sample (a) and (b) tokens using a probe with either one (linear-1) or
two intermediate layers (linear-2) of dimension 100. Results show slight variance in information strength
for sample tokens with linear-1, but no substantial change in the overall information pattern across model
layers.

information in the language production stage (output tokens). In contrast, the information loss within
sample tokens, representing the language processing stage, is much lower (—2.0). These results confirm the
primary mechanism: instructions primarily affect how information is transformed into output text during
production, but not how information from the input is initially encoded.

Increasing task demands mainly impact model behavior. Second, we verify the mechanism by
increasing task demands via additional required reasoning steps: %) reversing the required label (“no” instead
of “yes” for positive judgments); i) randomly applying this label flip; ) requiring abstract answers (“apple”
for positive, “banana” for negative); and v) requiring random word pairs. Behavioral results from
align with prior work (Webson & Pavlickl, 2022) and show a substantial impact of these variations, with
up to —20.9 less performance when flipping the label meaning for all samples. Notably, we found only a
minor impact on task-specific information of these prompting variations in both sample and output tokens.
Consistent with our previous findings, these insights suggest that instructions activate a shared, stable, and
latent knowledge base but employ an unstable function to apply that knowledge. The stability of task-specific
information, particularly during input encoding, is maintained, only varying during language production
when contrasting high-impact prompting variations (like P~ vs. P~ ). These results extend previous findings
that behavioral assessments are unreliable (Hu & Frank, 2024} ?) and suggest that information-based
measures offer a more robust view of underlying knowledge.

B.4 Detailed Instance-Level Probing—Prompting Alignment

shows the breakdown of correctness for probing—prompting alignment across model layers, ex-
tending the variation-level agreement analysis in by showing not only how often probing and prompting
disagree, but also why and how persistently. For sample tokens, the dominant disagreement is cases where
probing is correct but prompting fails, which decreases across layers as both converge in upper layers. This
shows that processing-stage representations encode task-relevant information before the model expresses
it behaviorally—probing detects this structure early, but the model has not yet translated it into correct
output. Importantly, when both are correct for sample tokens, this agreement holds consistently across
nearly all layers, confirming that correct processing-stage encoding is robust and stable once established.
Disagreement categories, by contrast, tend to be layer-specific rather than persistent. For output tokens,
the dominant disagreement is cases where both probing and prompting fail, most pronounced in early layers
and decreasing toward upper layers. Unlike sample tokens, these errors persist across more layers, indicating
that production failures reflect a more fundamental lack of reliable task-relevant structure rather than a
transitional encoding gap. Panel (b) further shows that “both correct” for output tokens is less consistently
maintained across layers than for sample tokens, meaning that correct production-stage encoding is more
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Sanity Results
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Figure 10: Sanity checks of the production-centered mechanism, averaged across tasks and models. Left:
impact of semantically unrelated instructions on task-specific information in sample and output tokens and
on behavioral performance, relative to the standard instruction-first variation (P,~). Right: impact of
increasing task demands—Ilabel flip, random label flip, abstract answers (apple/banana), and random word
pairs—on behavior, sample token information, and output token information. In both conditions, sample
token information remains largely stable while behavioral performance and output token information are
substantially affected, confirming that the processing stage is robust to instruction variation.

layer-dependent and less stable. Together, these results show that processing and production not only differ
in their sensitivity to instructions but also in the stability of their encoding: processing develops task-relevant
structure early and maintains it robustly, while production alignment is more fragile and depth-dependent.

(a) Probing-Prompting Alignment (b) Agreement across Layers
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Figure 11: Instance-level probing—prompting alignment, averaged across tasks and models. (a) Proportion
of instances per layer falling into each agreement category for sample (left) and output (right) tokens: both
correct (white), probing wrong only (light gray), probing correct only (dark gray), and both wrong (black).
(b) Probability density of the number of layers across which each agreement category holds consistently,
shown separately for sample and output tokens. Correct agreement on sample tokens is concentrated
at maximum layer consistency, reflecting stable processing-stage encoding, whereas correct agreement on
output tokens is more broadly distributed, reflecting greater fragility of production-stage alignment.

B.5 Absolute Layer Comparison Across Model Sizes

While the main analysis focuses on relative layer positions to allow comparison across models of different
sizes, comparing models in terms of absolute layer positions reveals two additional patterns, as shown in
First, for sample tokens, all model sizes start at similar probing accuracy levels in the early layers,
only diverging as they rise toward their respective peaks. This suggests that the basic encoding of task-specific
information during processing emerges similarly regardless of model size, and that scaling primarily extends
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how far and how long this encoding develops rather than changing how it starts. Second, for output tokens,
the picture is different. Smaller models (0.5B, 1.5B, 3B) exhibit flat, narrow encoding curves throughout,
whereas larger models (7B, 32B) rise substantially higher and retain task-specific information across a much
broader range of layers. Rather than a smooth continuation as in sample tokens, the production stage
does not scale gradually but changes more fundamentally above a certain model size. These observations
suggest that while processing-stage encoding scales smoothly and continuously, production-stage encoding
undergoes a more qualitative shift with model size—consistent with the main text’s finding that scaling
disproportionately benefits production.
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Figure 12: Layer-wise task-specific information for sample (left) and (right) tokens across five Qwen-

2.5 model sizes, shown in terms of absolute layer positions. Each curve represents one model size. For sample
tokens, all sizes converge at similar early-layer accuracy and diverge only as they rise toward their peaks,
suggesting that scaling extends processing-stage encoding depth rather than fundamentally changing how it
starts. For tokens, smaller models (0.5B-3B) show flat, narrow curves while larger models (7B-32B)
rise substantially higher across a broader layer range, reflecting the more qualitative shift in production-stage
encoding with scale.

B.6 Detailed Task Results

Behavioral Results Across Prompting Variations shows behavioral performance across
prompting variations for each task. The most pronounced variation arises from few-shot prompting without
instructions (P, /,). For BLiMP, replacing instructions with four-shot examples substantially decreases per-
formance (A ~ —15.0), consistent with the strong sensitivity of surface-sensitive tasks to instruction-driven
production established in In contrast, ToM benefits from concrete demonstrations, yielding the highest
performance under P, /,, suggesting that examples are more informative than abstract task descriptions for
reasoning about mental states. Knowledge tasks (EWOK, oLMpics) remain largely robust across variations,
consistent with their stable behavior-output coupling. Instruction placement has comparatively minor effects
overall, with a slight advantage for standard ordering on form-sensitive tasks (BLiMP, StereoSet). StereoSet
drops noticeably under few-shot prompting, reflecting its particular sensitivity to stereotype-related content
in demonstrations.

Causal Intervention Results [Figure 14] shows the effect of the prompt-only intervention across tasks,
which cuts attention between instruction and sample tokens under the instruction-first prompting variation
(P~). Across all tasks, sample token information remains largely stable, with only minor deviations visible
in the upper model layers (< —2.0 for BLiMP and StereoSet), confirming that the processing stage is largely
unaffected by instruction flow regardless of task type. The production stage and behavior show stronger
and more task-specific responses. BLiMP exhibits the largest effects: output token information drops by —4.0
to —7.0 across layers, and behavioral performance falls by —13.0, consistent with the tighter processing-
production coupling and greater sensitivity to instruction-driven production identified in Knowledge
tasks (oLMpics, EWOK) show minimal behavioral effects in either direction, reflecting the stable behavior—
output coupling and the decoupling of processing from behavior established in ToM yields a positive
behavioral effect (+6.0), indicating that instruction tokens reaching sample tokens introduce interference for
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Figure 13: Behavioral performance (EM) across the three prompting variations (P, P~, Py/,) for each
judgment task, averaged across models. BLiMP shows the strongest sensitivity to instruction removal, while
knowledge and reasoning tasks remain largely robust. ToM is the only task that benefits from few-shot
demonstrations over explicit instructions.

this reasoning task rather than providing a useful signal. This further supports the view that for knowledge
and reasoning tasks, the processing stage is not only decoupled from behavior but can actively work against
it, making production the sole reliable pathway to correct output.

Intervention Effect by Tasks
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Figure 14: Effect of the prompt-only intervention on task-specific information in sample and tokens

and on behavioral performance, shown per judgment task and averaged across models. Results are reported as
differences relative to the unmodified instruction-first variation (P, ), grouped by lower, middle, and upper
model layers. sample token information remains stable across all tasks, while token information

and behavioral performance show task-specific responses that reflect the processing—production spectrum
established in [§ 6

Task-Level Impact of Instruction-Tuning compares base and instruction-tuned models
per task, extending the aggregated comparison in Across all tasks, sample token curves for base
and instruction-tuned models overlap closely, confirming that post-training does not substantially change
how task-relevant information is encoded during processing regardless of task type. Instruction-tuning
consistently increases output token information, but the magnitude of this gain varies with the task spectrum:
the largest production-stage gains occur for knowledge and reasoning tasks (oLMpics, EWOK, ToM), where
production is already the primary behavioral determinant, while gains are more modest for surface-sensitive
tasks (BLiMP, StereoSet). For StereoSet, the behavioral gap between base and instruction-tuned models
remains small despite the low behavioral ceiling, consistent with the production-stage disruption for this
task being structural rather than a consequence of insufficient instruction-tuning.
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Figure 15: Comparison of pre-trained (base, dotted) and instruction-tuned models (solid) per judgment
task. (a) Layer-wise task-specific information in sample (top) and (bottom) tokens for each task.
sample token curves are nearly identical across conditions for all tasks, while token curves show
task-dependent gains from instruction-tuning, largest for knowledge and reasoning tasks. (b) Behavioral
performance (EM) for base and instruction-tuned models per task. Instruction-tuning improves behavior
most for tasks where production is the primary behavioral determinant, consistent with post-training oper-
ating primarily at the production stage.

Task-Level Layer-Wise Agreement of Probing and Prompting extends the aggregated
consistency analysis in by showing the layer-wise agreement distributions per task, separately for
cases where probing and prompting agree (top panels) and disagree (bottom panels). For BLiMP, correct
agreement on output representations is sharply concentrated at maximum layer consistency, indicating that
tight processing—production coupling translates into stable correct production. For StereoSet, wrong and
correct agreement on output representations are comparably distributed across consistency values, lacking
the sharp concentration at maximum consistency seen for other tasks—consistent with the production-
stage disruption identified in For knowledge and reasoning tasks (oLMpics, EWOK), correct output
agreement is also concentrated at maximum consistency, reflecting reliable production once engaged, while
input representations show no such concentration, confirming the decoupling of processing from behavior for
these tasks. ToM shows diffuse distributions across all quadrants, consistent with the interference introduced
by instruction tokens at the processing stage identified in the intervention results above.
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Agreement across Layers
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Figure 16: Layer-wise probing—prompting consistency distributions per judgment task, for (bottom
rows) and (top rows) representations. The x-axis indicates the number of layers across which a given

probing prediction is consistent. Top panels: cases where probing and prompting agree, split by whether
the prediction is correct (white) or wrong (black). Bottom panels: cases where probing and prompting
disagree, split by whether probing is correct (white) or wrong (black). For BLiMP, correct output agreement is
sharply concentrated at maximum consistency. For StereoSet, correct and wrong agreement distributions
are comparably spread, reflecting unstable production-stage commitments. For knowledge and reasoning
tasks, correct output agreement concentrates at maximum consistency while input distributions remain flat,
illustrating the processing—production decoupling.
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