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Abstract

Autoregressive neural language models generate text one token at a time, yet
their hidden-state representations may encode semantic information about their
own future continuations before those tokens are produced. This study measures
the linear accessibility of that information, compares direct semantic readout
with latent decoding and autoregressive rollout, and tests whether a probe-
derived sentiment direction changes subsequent generation. Across four Pythia
and three Qwen models and three semantic embedding spaces, a linear ridge
probe consistently recovers continuation semantics from the final prompt-token
hidden state. Prompt-semantic controls show that recoverability beyond prompt-
level predictability is representation-dependent: the hidden-state probe exceeds
a learned prompt-to-continuation baseline under MiniLM, but not under BGE
or E5. In a controlled fixed-horizon comparison on Pythia-1.4B, direct seman-
tic probing outperforms the evaluated small-data affine latent decoders and has
a higher mean score than a three-token rollout, although their paired differ-
ence is not statistically distinguishable from zero; longer rollouts are stronger.
Across horizons from 16 to 256 tokens, the probe becomes increasingly competi-
tive, although the longest tested rollout remains stronger. The tested sentiment
direction also shifts generation relative to matched random perturbations, while
passive decodability and steering profiles do not always align across layers. These
results characterize future-semantic accessibility in neural language-model rep-
resentations as a horizon—compute-representation trade-off whose interpretation
depends on prompt-level semantic predictability.

Keywords: neural language models, hidden-state representations, semantic probing,
autoregressive rollout, activation steering, future prediction



1 Introduction

Autoregressive neural language models generate text one token at a time, yet the
hidden-state computation performed before the first continuation token may already
represent information about what the model itself will generate much later. Under-
standing how this information is organized across neural representations is relevant
both to representation analysis and to inference-time control. Throughout this study, a
“future continuation” refers to the continuation generated by the model itself from the
current prompt, rather than to an externally supplied or human-authored continua-
tion. If a current hidden state already exposes the semantics of this future continuation,
it may provide a form of semantic lookahead without explicitly generating the inter-
vening tokens. At the same time, demonstrating such information is decodable does
not establish how much of it exceeds what is predictable from the prompt itself, how it
compares with latent future decoding or autoregressive rollout, or whether a decoded
direction can causally shift subsequent generation.

Previous work provides growing evidence that future behavior is partially rep-
resented before it becomes explicit. Logit- and tuned-lens methods decode latent
token predictions from intermediate states, while Future Lens extends this analysis to
subsequent tokens beyond the immediate next-token prediction [1, 2]. Other studies
investigate whether language models prepare information needed for future compu-
tation [3], whether token activations encode upcoming paragraph content [4], and
whether prompt representations reveal global properties of a future response [5]. More
recent work further explores paragraph- and document-scale future information using
richer activation decoders [6]. Together, these results suggest that language models
can carry information predictive of their future outputs well before those outputs are
fully generated.

However, three questions remain insufficiently separated. First, much of the
existing work focuses on future token identities, predefined response attributes, or
expressive decoders rather than asking whether the continuous semantics of a model’s
extended future continuation are accessible through a simple linear readout. Such
recoverability must also be distinguished from continuation semantics that are already
predictable from the prompt itself. Second, probe performance is often evaluated
against static or token-level controls. Such comparisons can overstate the practical
strength of a probe if explicitly generating a short prefix of the same future trajectory
already reveals comparable or greater semantic information. Third, passive decod-
ability does not necessarily imply causal usefulness. Probing research has repeatedly
cautioned that information recoverable from a representation need not be function-
ally used by the model [7, 8], while activation-steering studies show that appropriately
chosen hidden-state directions can causally alter generation [9, 10]. Whether the layer
that best exposes future-continuation semantics is also an effective intervention point
therefore remains an empirical question.

This study addresses these issues by examining the semantics of a model’s
own future continuation from the neural hidden state available before continuation
generation. A linear ridge probe maps the final prompt-token representation to a
sentence-level embedding of that continuation, providing a deliberately simple mea-
sure of semantic accessibility. The probe is compared with representation-level and



prompt-semantic controls, small-data affine latent-decoding configurations inspired by
Tuned Lens and Future Lens, and behavioral rollout that explicitly generates the next
m tokens of the same trajectory. By varying the continuation horizon H, rollout budget
m, and semantic encoder F/, the analysis characterizes semantic lookahead as a joint
function of prediction distance, additional autoregressive computation, and seman-
tic representation. Finally, a probe-derived sentiment direction is used for activation
steering across layers to compare passive semantic accessibility with the layer-wise
effect of intervention.

The experiments cover four Pythia scales and three Qwen models, together with
three independently trained sentence-embedding spaces. The semantics of the mod-
els” own future continuations are consistently linearly recoverable across models and
semantic target spaces. Prompt-semantic controls qualify this result: the hidden-state
probe shows a statistically reliable advantage over a learned prompt-to-continuation
ridge baseline under MiniLLM, while the corresponding advantages under BGE and E5
are small and not statistically distinguishable from zero. Direct paired-bootstrap con-
trasts further confirm that the hidden-over-prompt advantage is larger under MiniLM
than under BGE or E5. In a controlled fixed-horizon comparison, direct semantic
probing also outperforms the evaluated small-data affine latent-decoding configura-
tions and has a higher mean score than a three-token behavioral rollout, although
their paired difference is not statistically distinguishable from zero; longer rollouts are
stronger. Across horizons from 16 to 256 tokens, the probe becomes increasingly com-
petitive as the target extends farther into the model’s future trajectory, although the
longest tested rollout remains stronger.

Causal experiments further show that the tested probe-derived sentiment direction
shifts subsequent generation relative to matched random perturbations, but passive
decodability and sentiment-steering profiles are not universally aligned. Some models
exhibit substantial separation between the best passive readout and best-performing
tested steering layers, whereas others show approximate alignment. Exploratory layer-
wise results also reveal oppositely signed steering margins at selected depths. These
findings support a distinction between semantic information accessible to a linear
observer and the layer-wise causal efficacy of the tested sentiment intervention.

The main contributions of this study are as follows:

® [t demonstrates that the semantics of a model’s own future continuation are linearly
recoverable from the current hidden state across multiple model families, scales,
and semantic embedding spaces. Relative to a learned prompt-semantic control,
the additional hidden-state advantage is strongest and statistically reliable under
MiniLM, while remaining small under BGE and E5.

® [t compares continuation-level semantic probing with controlled small-data affine
latent-decoding baselines inspired by Tuned Lens and Future Lens, as well as with
explicit autoregressive rollout. Under the evaluated latent-decoding configuration,
direct semantic readout is stronger, while its competitiveness with rollout follows a
horizon—compute-representation trade-off.

® [t compares passive semantic decodability with the layer-wise steerability of a probe-
derived sentiment direction across models, showing that the best-performing tested
readout and intervention layers may align or dissociate.



® [t highlights methodological requirements for interpreting steering results, including
replicated evaluation, layer-specific intervention-scale selection, and separation of
passive readout quality from causal intervention efficacy.

Taken together, these results indicate that neural hidden states contain linearly
accessible semantic structure predictive of a model’s own future continuation before
that continuation is explicitly generated. This should not be interpreted as evidence
that a complete future response is precomputed, nor as a claim about predicting
an externally defined or human-authored future. Rather, semantic lookahead charac-
terizes measurable structure related to the model’s own subsequent behavior, whose
accessibility depends on prompt-level predictability, semantic representation, available
autoregressive computation, and model depth.

2 Related Work

This study lies at the intersection of three lines of research: probing hidden representa-
tions, decoding information about future model behavior, and causally manipulating
internal representations. The following discussion first reviews work on linear prob-
ing and its interpretational limitations, then considers methods for extracting future
predictions or plans from intermediate states, and finally relates the causal steering
analysis to activation-based intervention methods.

2.1 Probing and Linear Readout of Hidden Representations

Probing is widely used to characterize what information is accessible from intermediate
neural representations. Early work applied simple classifiers to hidden states to recover
linguistic and structural properties [11-13], while subsequent studies examined how
such information emerges and changes across the layers of contextualized language
models [14-16]. These studies established linear probing as a lightweight diagnostic for
identifying information that can be extracted from a representation without requiring
a highly expressive decoder.

The interpretation of probe performance, however, requires care. A strong probe
does not necessarily imply that the model itself relies on the decoded information,
and an overly expressive probe may learn structure that is only weakly reflected
in the representation. Hewitt and Liang [7] therefore emphasize probe complexity
and control tasks as important safeguards against misleading conclusions. Related
information-theoretic approaches distinguish the amount of information recoverable
from a representation from the complexity required to extract it [17, 18]. Belinkov [19]
surveys these methodological issues and highlights the importance of interpreting
probing primarily as evidence of accessibility rather than direct evidence of model
computation.

This distinction becomes particularly important when probing semantic informa-
tion. Recent work suggests that factual, relational, and other high-level properties
can often be represented in approximately linear form in language-model activa-
tions [20, 21]. Such findings motivate the use of simple linear readouts when the
objective is to test whether a semantic property is already directly accessible from a



hidden state, rather than merely recoverable by a powerful nonlinear decoder. At the
same time, Amnesic Probing demonstrates that even clearly decodable information
need not be necessary for the model’s observed behavior [8], reinforcing the distinction
between representational accessibility and functional relevance.

Following this line of work, the present study uses a linear ridge probe to test
whether the semantics of a model’s own future continuation are directly accessible
from its current hidden state. The probe is treated as a diagnostic of semantic acces-
sibility rather than as evidence that the model explicitly stores or uses the predicted
representation, while causal intervention is evaluated separately.

2.2 Decoding Future Predictions and Plans

A growing body of work investigates whether intermediate language-model represen-
tations contain information about tokens, decisions, or higher-level properties that
become explicit only later in generation. The Logit Lens projects intermediate hid-
den states directly into vocabulary space, while the Tuned Lens learns layer-specific
affine transformations to better align intermediate representations with the model’s
final prediction space [1, 22]. Related work further shows that intermediate states can
sometimes be transformed into representations associated with later computation [23].

Future Lens provides a direct precedent for decoding subsequent tokens from a
single hidden state and examines whether such future-related directions can also influ-
ence later generation [2]. Wu et al. [3] further distinguish between future information
that is pre-computed in advance and intermediate “breadcrumbs” that facilitate later
computation.

More recent studies extend this question beyond individual token identities.
Pochinkov et al. [4] examine whether activations contain information about subse-
quent paragraph content, while Dong et al. [5] show that prompt representations can
reveal global properties of upcoming responses. ParaScopes studies paragraph- and
document-scale future information using more expressive decoders [6], and Patch-
scopes interprets hidden representations through activation patching and natural-
language behavior [24]. Related evidence of semantically meaningful intermediate
states has also been reported in program-generating models [25].

These studies establish that model activations can contain future-related infor-
mation. The contribution of this study is therefore not this general observation, but
a complementary focus on continuation-level linear semantic readout, its comparison
with explicit rollout across horizons and semantic spaces, and causal validation of the
corresponding directions.

2.3 Activation Steering and Causal Interpretation

A complementary line of work moves beyond passive decoding and asks whether inter-
nal representations can be manipulated to causally influence model behavior. Early
studies showed that adding learned or extracted directions to hidden activations can
steer generation toward desired attributes without updating model parameters [9, 26].



Representation Engineering generalizes this perspective by treating high-level con-
cepts as directions or subspaces that can be identified and manipulated directly in
activation space [27].

Subsequent methods have demonstrated such interventions across a range of behav-
iors. Inference-Time Intervention modifies directions associated with truthfulness [28],
Contrastive Activation Addition constructs steering vectors from contrasting examples
[10], and Function Vectors identify compact internal directions associated with task-
level behavior [29]. Activation-based interventions have also been applied to refusal,
instruction following, and knowledge-related behavior [30-32].

These approaches are closely related to, but distinct from, probing. A successful
probe establishes that information is recoverable from a representation, whereas causal
relevance requires that intervening on the representation changes downstream behav-
ior. Amnesic probing demonstrates that decodable information need not be necessary
for model behavior [8], while the linear representation framework of Park et al. [21]
connects linear readout and intervention without requiring their strongest directions
or layers to coincide.

The present study applies this distinction to future-continuation semantics, using
probe-derived semantic directions to examine whether passive decodability and causal
steerability exhibit the same layer-wise structure.

3 Method

We study whether the hidden state available before generation already contains
information about the semantics of the model’s own future continuation, how that
information compares with explicit autoregressive rollout, and whether the same rep-
resentation can be used for causal intervention. Our framework therefore separates
three questions: semantic recoverability, behavioral predictability under additional
decoding, and causal steerability across layers.

3.1 Problem Setup

Let x denote an input prompt and let a causal language model generate a continuation

Y1:H = (y1,y27~-~7yH)a

where H denotes the continuation horizon in tokens. Before generating y;, the model
produces a hidden representation at the final prompt token. We denote the hidden
state at layer ¢ by
hg(l’) € R%,

Here, H denotes the realized continuation length in the primary variable-length
experiments and a prespecified token horizon in the fixed-horizon analyses.

Our goal is to test whether hy(z) contains linearly accessible information about the
semantics of the future continuation y1.r. To operationalize continuation semantics,
we use a sentence encoder F and define the semantic target as

zip = E(yr.m) € R,



We then learn a linear mapping from the current hidden state to the semantic
representation of the future continuation:

20,8 = Won,phe(®) +bem. B,

where Wy p g and by i g are estimated using ridge regression.
Semantic recoverability is measured by the cosine similarity between the predicted
and true continuation embeddings:

Sprobe(l, H, E) = cos (2¢,1.E,2H,E) -

A high value of Sp;obe indicates that the semantics of the model’s future continua-
tion can be decoded from its current hidden state. Importantly, this does not by itself
imply that the probe predicts future behavior better than the model’s own autore-
gressive generation, nor that the decoded direction is causally effective. We evaluate
these questions separately using behavioral rollout baselines and hidden-state steering
experiments in the following subsections.

3.2 Semantic Probe

For each prompt, we extract the hidden state at the final prompt token and use it
to predict the semantic representation of the model’s future continuation. For a given
layer ¢, horizon H, and semantic encoder E, we fit a linear ridge-regression probe:

N
. Nap 0 H2 2
HV%/I,? Z,:El HWhg(xz) +b ZH,E 2+/\||W||Fa

where zg) p denotes the semantic embedding of the continuation generated from
prompt x;, and A is selected using held-out validation data.
Probe performance is measured on unseen prompts using the mean cosine similarity

between predicted and true continuation embeddings:

Niest ) .
Sorane (0 H, B) = 5= > 005 (20 .2
oSt =1

We evaluate probes at multiple transformer layers because the accessibility of
future semantic information may vary across model depth. Each semantic encoder
defines a distinct target space, and a separate probe is trained for each encoder rather
than assuming that semantic geometry is shared across embedding models.

To distinguish hidden-state recoverability from continuation predictability based
on prompt semantics alone, we additionally construct prompt-semantic controls. For
each encoder E, the full prompt is encoded with the same sentence encoder used
to define the continuation target. The Prompt Embedding control directly compares
E(z) with E(y), while Prompt Ridge learns a linear mapping from E(z) to E(y)



using the same train—validation—test split, ridge regularization grid, and validation-
based selection procedure as the hidden-state probe. Prompt Ridge therefore operates
entirely within the target semantic space and is intended to quantify continuation
predictability from prompt semantics rather than to match the hidden-state probe in
input dimensionality or parameter count.

The probe is intentionally linear. The objective is not to maximize predictive
performance with a flexible decoder, but to test whether future-continuation seman-
tics are directly accessible through a simple linear readout of the current hidden
representation.

3.3 Horizon—Rollout Comparison

To assess whether semantic information decoded from the current hidden state remains
competitive with explicit autoregressive generation, we compare the probe against
a behavioral rollout of the same model. Let m denote the number of future tokens
revealed by rollout, with m < H. The rollout representation is obtained by embedding
the generated prefix ¥1.,, in the same semantic space used for the full continuation
target yi.g4.

For semantic encoder F, we define the rollout score as

Srollout(H7 m, E) = COs (E(ylzm)7 E(ylH)) .
We compare this score directly with the probe prediction through
A(H, m, E) = Sprobe(Ha E) - Srollout(Ha m, E)

A positive value of A(H, m, E) indicates that the current hidden state provides a
semantic prediction closer to the full continuation than an explicit rollout of m tokens,
whereas a negative value indicates that the rollout is more informative.

This formulation separates three factors that jointly determine the comparison: the
prediction horizon H, the rollout budget m, and the semantic encoder E. Increasing H
asks the probe and rollout to account for more distant future content, while increasing
m gives the rollout additional sequential computation and direct access to a larger
portion of the generated continuation. The semantic encoder determines how partial
and complete continuations are represented and compared.

We therefore interpret probe-rollout performance as a horizon—compute trade-off
rather than as a binary question of whether one method universally outperforms the
other. In particular, the probe requires no additional autoregressive decoding once the
hidden state has been obtained, whereas rollout requires m sequential generation steps.
The specific horizons, rollout budgets, and semantic encoders used in our experiments
are described in Section 4.

3.4 Causal Semantic Steering

Linear recoverability alone does not establish whether a probe-derived semantic direc-
tion can causally shift subsequent generation. We therefore construct a sentiment



axis from the difference between the mean L2-normalized MiniLM embeddings of five
positive and five negative anchor sentences:

e, —é_

u=-—-——"-"-
les —e—|l2

For layer ¢, this axis is mapped into hidden-state space through the corresponding
refit ridge-probe weights,
B W, u

W, |
The intervention is applied once during prompt prefill at the final prompt-token
position,

d,

h; = hy + a,dy,
with no intervention during subsequent decoding. The layer-relative magnitude ay is
selected using held-out pilot data as described in Section 4.4.
Generated continuations are scored against the same positive—negative semantic
contrast. The reported steering margin is

Mg — [S(yzcm) _ S(ybasc)] _ [S(yﬁand) _ S(ybasc)jl7

where the matched random intervention uses a unit-norm random direction with the
same «y. A positive M, therefore indicates a stronger shift in the intended sentiment
direction than under an equally sized random perturbation. Exact anchor sentences,
the definition of s(-), and full intervention details are provided in Supplementary
Information (Online Resource 1), Section C.1.

4 Experimental Setup

We evaluate semantic recoverability, rollout competitiveness, and causal steerability
under a shared experimental pipeline. Experiments use the same underlying 600-
prompt corpus whenever applicable, while the primary recoverability analyses and
the fixed-horizon analyses use different filtering and splitting protocols, as described
below.

4.1 Models and Data

The experiments use base, non-instruction-tuned causal language models from the
Pythia and Qwen families. The evaluated models are Pythia-410M, Pythia-1.0B,
Pythia-1.4B, and Pythia-2.8B; Qwen2.5-1.5B; and Qwen3-1.7B-Base and Qwen3-4B-
Base. Pythia-1.4B serves as the primary anchor model for the baseline, horizon,
semantic-encoder, latent-decoding, and steering analyses, while the remaining models
are used to assess robustness across architectures and scales.

The underlying prompt corpus contains 600 inputs. Half are templated prompts:
120 are evenly distributed across six fixed-template domains—story, explanation,
opinion, factual, instruction, and dialogue—and the remaining 180 belong to a slot-
template category consisting of five sentence frames instantiated with different topics.



The other 300 prompts are short, random-length prefixes of sentence-initial spans sam-
pled from the first 20,000 rows of the WikiText-103 training split. Deduplication is
applied only at the exact-string level. Data partitions are formed at the individual-
prompt level rather than the template-family level, so the same slot-template frame
may occur across training, validation, and test splits with different topic fillers; this is
discussed as a limitation. The released code provides the complete prompt-construction
and preprocessing procedure.

The primary experiments use variable-length continuation targets. Each prompt
is greedily decoded for at most 24 new tokens. Generation is first truncated at the
first end-of-sequence (EOS) token, if present, and then at the earliest token position
whose decoded text ends with “.”, “!”, or “?”. Thus, the target normally corresponds
to the first generated sentence; if no sentence boundary is reached, the full EOS-
truncated continuation is retained. Examples with fewer than five continuation tokens
are removed, yielding 549 usable examples with lengths from 5 to 24 tokens (mean
= 16.41, median = 17). These examples are partitioned into 383 training, 83 validation,
and 83 test examples using random seed 42. Unless otherwise noted, this fixed 549-
prompt subset, determined once using the Pythia-1.4B continuation-length criterion,
is reused unchanged for the primary recoverability, retrieval, semantic-encoder robust-
ness, cross-model, rollout-baseline, and steering analyses. The hidden representation
used for probing is extracted at the final prompt token before the first continuation
token is generated.

The fixed-horizon analyses use a separate continuation protocol over the same
original 600-prompt corpus. Sentence-boundary truncation is not applied, and only
continuations reaching at least 256 tokens are retained. This produces a common sub-
set of 577 examples, deterministically partitioned with seed 42 into 403 training, 87
validation, and 87 test examples. The same subset and split are used for all fixed-
horizon conditions and for the latent future-decoding comparison. For these analyses,
each continuation is truncated to H € {16,48,96,192,256}. Using the same 577 exam-
ples across horizons ensures that observed changes with H are not confounded by
changes in sample composition.

4.2 Semantic Targets and Evaluation Metrics

Future-continuation = semantics are  operationalized wusing independently
trained sentence-embedding models. The primary experiments use MiniLM
(all-MinilM-L6-v2), while robustness analyses additionally use BGE-base
(bge-base-en-v1.5) and E5-base (e5-base-v2). For each semantic encoder E, the
generated continuation is mapped to the corresponding embedding space, and a
separate probe is trained and evaluated in that space.

Because these encoders differ substantially in embedding geometry and anisotropy,
raw cosine values are not interpreted as directly comparable measures of semantic
quality across encoders. Instead, probe performance is compared with baselines defined
within the same embedding space, with emphasis on relative margins and qualitative
consistency across encoders.

The primary passive metric is the mean cosine similarity between the probe
prediction and the true continuation embedding on the held-out test set. For the
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fixed-horizon rollout analysis, we additionally report
A(H,m,E) = Sprobe(H7 E) - Srollout(HamaE)7 (1)

where a positive value indicates that the hidden-state probe is closer to the full
continuation target than an m-token behavioral rollout. Paired example-level boot-
strap resampling with 10,000 replicates is used to obtain 95% confidence intervals for
probe-rollout and related paired semantic-performance differences.

Semantic recovery is also evaluated as a retrieval task. For each predicted embed-
ding, the continuation embeddings from the held-out test set form the candidate
pool, and the continuation corresponding to the same prompt is treated as the target
item. Recall@l, Recall@5, and mean rank are reported. This evaluation comple-
ments cosine similarity by testing whether the predicted representation identifies the
prompt-specific future continuation among competing candidates.

For causal steering, performance is summarized by the direction-specific margin

Mé = Ssem,é - Srand,é; (2)

where Sgem ¢ and Siand,¢ are the base-relative semantic and matched-random inter-
vention effects defined in Section 3.4. Steering evaluation uses five evaluation seeds,
each with 60 eligible held-out prompts and independently sampled matched random
directions. The probe-derived direction, intervention magnitude, and greedy genera-
tion procedure remain fixed. We average M, within each seed and report Student-¢
intervals over the five seed-level means. These intervals summarize variation from
prompt subsampling and random-control sampling, not probe retraining or training-
split resampling. The complete interval definition and steering protocol are given in
Supplementary Information (Online Resource 1), Sections C.1 and D.2.

4.3 Baselines and Controls

The semantic probe is compared with three classes of alternatives: representation-level
controls, learned latent future decoders, and behavioral rollout. The first two oper-
ate on the current model state without additional autoregressive generation, whereas
rollout obtains additional information through sequential decoding.

The representation-level controls include four baselines. The mean-embedding
baseline predicts the mean training continuation embedding for every test prompt,
and the random-match baseline pairs each prompt with an unrelated continu-
ation embedding. The lexical term frequency—inverse document frequency
(TF-IDF) baseline predicts continuation semantics from prompt surface features.
The direct logit lens projects the current hidden state into token space and con-
verts the highest-scoring token candidates into semantic predictions; multiple top-k
and aggregation variants are evaluated, with the validation-selected variant used for
comparison. A shuffled-target probe additionally trains the same ridge model
after randomly permuting training continuation embeddings across prompts, testing
whether recoverability depends on the correct prompt—continuation correspondence.

11



To compare with stronger latent future-decoding approaches, the evaluation
includes Tuned Lens [1] and a Future-Lens-style decoder [2]. Tuned Lens learns a
layer-specific affine translator using the next-token prediction objective and is evalu-
ated with the same token-to-semantic aggregation used for the direct logit lens. The
Future-Lens-style variant trains a separate linear decoder for each future offset and pre-
dicts future tokens directly from the original pre-generation hidden state. Predictions
for different offsets are therefore obtained without consuming previously predicted
tokens or performing additional autoregressive steps. Semantic reconstruction is
evaluated for

m € {3,5,10}.
A multilayer perceptron (MLP) semantic probe is also evaluated as a nonlinear
diagnostic, but is not treated as a primary baseline.

The strongest behavioral baseline is explicit autoregressive rollout. The model
generates the next m tokens, and the resulting prefix is embedded in the same semantic
space as the full target continuation. The primary rollout budgets are

m € {3,5,10,20},

with smaller subsets used in selected cross-model comparisons. Because rollout follows
the same generation trajectory as the target continuation, it directly measures the
benefit of additional autoregressive computation relative to extracting information
from the current state alone.

For the horizon analysis, rollout is jointly evaluated over

H € {16,48,96, 192, 256}

The smallest tested rollout budget that matches or exceeds probe performance is
recorded as the rollout parity budget. This quantity is used descriptively and is not
extrapolated beyond the evaluated budgets.

4.4 Layer Selection and Steering Protocol

Layer selection for passive semantic decoding is treated separately from layer selection
for causal intervention. Throughout the paper, layer indices follow the Hugging Face
hidden_states convention: index 0 denotes the embedding output, while index ¢ > 1
denotes the residual stream after transformer block ¢ — 1. Steering interventions are
therefore defined only for ¢ > 1.

For passive probing, candidate layers are selected in advance to span model depth.
Probes are fit on the training split, and the passive readout layer is selected exclusively
by validation-set cosine similarity. Test performance is then evaluated at this fixed
validation-selected layer. For the primary Pythia-1.4B analysis, the candidate layers
are 4, 8, 12, and 20, with layer 20 selected by validation performance. The latent future-
decoding comparison in Section 5.4 also uses layer 20 while following the separate
fixed-horizon protocol described in Section 4.1.
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Causal steering does not assume that the passive-best layer is also the most effective
intervention layer. The Pythia-1.4B steering sweep covers

{1,4,8,12,16,20, 24},

where layer 1 is the output of the first transformer block and layer 24 is the output
of the final block. Model-specific layer sets spanning early, middle, and late depths
are used for Pythia-1.0B, Qwen2.5-1.5B, Qwen3-1.7B, and Qwen3-4B under the same
indexing convention. Steering evaluation follows the primary variable-length continu-
ation protocol in Section 4.1, with a stricter eligibility requirement of at least eight
continuation tokens.

For each steering layer, ridge-probe hyperparameters are first selected using the
training and validation procedure. The probe is then refit on the combined training and
validation sets, and the resulting weights are used to construct the semantic steering
direction defined in Section 3.4. This refitting step is completed before evaluation on
the held-out steering test split.

Intervention magnitude is normalized to the activation scale of each layer. The
mean hidden-state norm is estimated on the validation split, and the relative coefficient
kg is selected using 40 eligible pilot prompts from the validation pool, which is disjoint
from the final test split. For each layer, k; is chosen to maximize the mean pilot
steering margin between the semantic intervention and its matched random-direction
control. The selected value is fixed before final test evaluation, and the intervention
magnitude is

o = ke Ezep,, [[[he(z)]2]-
The candidate scale grids and selected coefficients are reported in Supplementary
Information (Online Resource 1), Section D.1.

Each probe-derived semantic intervention is paired with a unit-norm random-
direction control using the same ay. Final steering evaluation follows the five-
evaluation-seed procedure defined in Section 4.2: eligible test prompts and matched
random directions are resampled across evaluation seeds, while the probe-derived
semantic direction, intervention magnitude, and greedy generation procedure remain
fixed. This protocol separates passive semantic accessibility from layer-specific causal
steerability while controlling for activation scale and nonspecific perturbation effects.

4.5 Implementation and Compute

Experiments use PyTorch, Hugging Face transformers, sentence-transformers,
and scikit-learn on a single NVIDIA RTX PRO 6000 Blackwell GPU. Gen-
eration is greedy unless otherwise stated; the sampling-robustness condition uses
temperature 0.8 and top-p = 0.95. Hyperparameters and intervention scales are
selected without test-set access. Full software, decoder, compute, artifact-reuse, and
configuration details are provided in Supplementary Information (Online Resource
1), Sections D.3-D.4. Source code is available at https://github.com/maygodwithu/
decoding_future_semantic.git.
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Table 1 Future-semantic recoverability on
Pythia-1.4B with MiniLM targets. The upper
block reports linear-probe performance across
layers, and the lower block reports
representation-level baselines.

Method Layer  Cosine
Semantic probe 4 0.3363
Semantic probe 8 0.3412
Semantic probe 12 0.3670
Semantic probe 20 0.4283
Mean embedding — 0.2310
Random match - 0.0616
Lexical TF-IDF - 0.3612
Best logit-lens control - 0.1812

5 Results

We first establish whether future-continuation semantics are recoverable from the
current hidden state, and then progressively test how this finding changes under
alternative semantic spaces, stronger behavioral baselines, longer prediction horizons,
different model families, and causal intervention. This progression separates three
questions: whether future semantics are decodable, whether such decoding is com-
petitive with explicit generation, and whether the decoded information is causally
usable.

5.1 Future Semantics Are Linearly Recoverable

We begin with Pythia-1.4B using MiniLM as the semantic target encoder. Table 1
reports probe performance across transformer layers together with the representation-
level baselines. Semantic recoverability increases substantially in later layers: the mean
test cosine rises from 0.3363 at layer 4 to 0.4283 at layer 20, which is the best layer
among those evaluated.

The layer-20 probe substantially outperforms the mean-embedding and random-
match controls, indicating that its predictions contain prompt-specific information
beyond the global structure of the continuation embedding space. It also exceeds the
lexical TF-IDF baseline by 0.0671 cosine and the strongest tested logit-lens control by
0.2471. The latter comparison is particularly important because the logit-lens controls
derive token-level predictions from the same model state; their lower performance
suggests that the probe is recovering semantic information that is not captured by a
simple readout of currently preferred token identities.

We further evaluate the predicted embeddings as retrieval queries over the held-
out continuation set. The probe retrieves the correct continuation at rank 1 for 39.76%
of test examples and within the top five for 73.49%, with a mean rank of 5.65. These
results are consistent with the cosine-based evaluation: the predicted representation
is not merely close to a generic continuation embedding, but often remains specific
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enough to identify the continuation associated with the current prompt among the 83
held-out candidates.

Taken together, these results establish the basic recoverability finding: before any
continuation token is generated, the current hidden representation contains linearly
accessible information about the semantics of the model’s own future output. This
result alone, however, does not establish that the effect is independent of the chosen
semantic encoder or that probing is stronger than allowing the model to generate a
short continuation. We examine these questions next.

5.2 Recoverability Is Robust Across Semantic Target Spaces

The previous analysis defines future semantics using MiniLM embeddings. We next
test whether the recoverability result depends on this particular semantic represen-
tation by repeating the analysis with BGE-base and E5-base. For all three encoders,
layer 20 remains the best-performing probe layer among those evaluated; the complete
comparison is reported in Supplementary Information (Online Resource 1), Section
B.1. The absolute cosine scale varies considerably across semantic encoders. In partic-
ular, BGE and E5 exhibit substantially higher similarity even for prompt-independent
controls; their random-match scores are approximately 0.41 and 0.69, respectively,
compared with 0.0616 for MiniLLM. This behavior reflects differences in embedding-
space geometry and makes direct comparison of raw cosine values across encoders
inappropriate. Within each embedding space, however, the hidden-state probe outper-
forms the mean, lexical, random-match, and token-identity controls. Retrieval provides
a complementary measure that is less dependent on absolute cosine scale: Recall@5
reaches 0.735 with MiniLM, 0.651 with BGE, and 0.614 with E5. The encoder with the
highest raw cosine therefore does not yield the strongest retrieval performance, further
illustrating that absolute cosine magnitude is not an encoder-independent measure of
recoverability. To distinguish hidden-state recoverability from semantic information
already predictable from the prompt, we introduce two prompt-semantic controls. For
each semantic encoder E, the full prompt is encoded with the same encoder used
to define the continuation target. The Prompt Embedding control directly compares
E(z) with E(y), whereas Prompt Ridge learns a linear mapping from E(z) to E(y)
using the same train—validation—test split and ridge regularization-selection procedure
as the hidden-state probe. Thus, Prompt Ridge operates entirely within the target
semantic space, while the hidden-state probe maps from the language-model represen-
tation space into that space. The purpose of this control is to measure continuation
predictability from prompt semantics rather than to match the hidden-state probe in
input dimensionality or parameter count. Table 2 reports the results. The prompt con-
trols reveal an encoder-dependent distinction. With MiniLLM, the hidden-state probe
exceeds Prompt Ridge by 0.028 cosine, with a paired-bootstrap 95% confidence inter-
val of [0.010, 0.047]. For BGE and E5, the corresponding advantages are much smaller,
at 0.006 and 0.002, with intervals of [—0.001, 0.014] and [—0.0001, 0.005], respectively.
Thus, the MiniLM advantage is statistically distinguishable from zero, whereas no
statistically reliable hidden-over-prompt advantage is detected under BGE or E5 on
the primary split. To test the encoder dependence directly, we bootstrap differences
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Table 2 Comparison with prompt-semantic controls on the
Pythia-1.4B primary split. Prompt Ridge maps the
full-prompt embedding to the continuation embedding within
each semantic target space using the same ridge-selection
protocol as the hidden-state probe.

Method MiniLM BGE-base Eb5-base
Prompt embedding  0.4121 0.6213 0.7903
Prompt Ridge 0.4001 0.6970 0.8551

Hidden-state probe  0.4283 0.7034 0.8574

between the encoder-specific hidden-over-prompt advantages using identical resam-
pled test examples. The MiniLM advantage exceeds the BGE advantage by 0.0217,
with a paired-bootstrap 95% confidence interval of [0.0072, 0.0370], and exceeds the E5
advantage by 0.0259, with an interval of [0.0092, 0.0437]. Both intervals exclude zero,
directly confirming that the additional hidden-state advantage over Prompt Ridge dif-
fers across the tested semantic spaces. As a split-sensitivity check, the prompt-control
analysis is repeated over ten alternative 383/83/83 train—validation—test partitions,
with ridge regularization reselected on each validation split. The mean hidden-over-
prompt advantages are 0.0280 4+ 0.0064 for MiniLM, 0.0047 £+ 0.0033 for BGE, and
0.0018 4 0.0010 for E5. MiniLM remains positive across all ten splits, whereas BGE
and E5 each become slightly negative in one split. Because the alternative partitions
substantially overlap, this analysis is treated as a descriptive sensitivity check rather
than as independent replication; full split-wise results are reported in Supplementary
Information (Online Resource 1), Section B.2. Finally, shuffled-target probes substan-
tially reduce recoverability for all three encoders, confirming that probe performance
depends on the input—continuation correspondence rather than only on the marginal
geometry of the target embeddings. Overall, future-continuation semantics are linearly
recoverable across all three target spaces, but the additional advantage of the hid-
den state over a learned prompt-semantic baseline differs across them. The advantage
is largest and most stable under MiniLM, whereas those under BGE and E5 remain
small and sensitive to the evaluated partition. Semantic target space therefore affects
both the apparent magnitude of semantic recoverability and how clearly it can be
separated from prompt-level semantic predictability.

5.3 Short Behavioral Rollout Provides a Stronger Baseline

Although the semantic probe consistently outperforms representation-level controls,
these baselines do not allow the model to perform additional autoregressive com-
putation. The probe is therefore compared with a stronger behavioral baseline that
generates a short prefix of the model’s own continuation and embeds that prefix in
the same semantic space as the target. Because this prefix consists of the first m
tokens of the same greedy trajectory used to define the target continuation, rollout
should be interpreted as a partial-observation behavioral baseline: it measures the
value of explicitly generating part of the future trajectory rather than providing an
independent forecast from the initial hidden state.
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Table 3 Comparison of semantic probing with token-identity and
behavioral rollout baselines under the primary variable-length
continuation protocol. Rollout scores measure the similarity between an
m-token generated prefix and the corresponding sentence-truncated
continuation target.

Model Probe Best logit-lens Rollout-3  Rollout-5
Pythia-1.4B 0.4283 0.1812 0.4757 0.6371
Qwen2.5-1.5B  0.4284 0.2652 0.4434 0.6154

Table 3 reports results for Pythia-1.4B and the cross-architecture replication on
Qwen2.5-1.5B under the primary variable-length continuation protocol described in
Section 4.1. This setting is distinct from the fixed-H = 16 experiment in Section 5.4,
which uses a separate common-subset split and fixed-length target.

On Pythia-1.4B, the MiniLM-based probe achieves a cosine similarity of 0.4283,
substantially above the best logit-lens control at 0.1812. Under the primary variable-
length target, rollout-3 obtains a higher mean cosine of 0.4757, and rollout-5 reaches
0.6371. These values describe mean performance under this condition; no significance
claim is made for the probe-rollout differences in Table 3. In the separate fixed-H = 16
comparison of Section 5.4, the ordering of the means differs: the probe reaches 0.450
and rollout-3 reaches 0.406, while their difference is not statistically significant.

A similar mean-level pattern is observed for Qwen2.5-1.5B. The semantic probe
reaches 0.4284, clearly exceeding the strongest logit-lens baseline at 0.2652, while
rollout-3 obtains 0.4434 and rollout-5 reaches 0.6154. The replication indicates that
a short behavioral rollout can provide a substantially stronger reference than token-
identity controls across both model families.

These results refine the interpretation of semantic recoverability. The probe demon-
strates that future-continuation information is accessible from the current hidden state
before generation, but this should not be interpreted as universal superiority over the
model’s own near-term behavior. Rollout and probing also incur different computa-
tional costs: the probe uses an already available hidden state, whereas an m-token
rollout requires m additional sequential decoding steps. The following analyses there-
fore compare direct semantic readout with stronger latent future decoders and examine
how probe-rollout competitiveness changes with prediction horizon, rollout budget,
and semantic representation.

5.4 Comparison with Existing Latent Future-Decoding
Methods

The semantic probe is next compared with stronger methods that decode future
information directly from the current hidden state. Figure 1 reports results at
H = 16 on the 87 held-out test examples from the fixed-horizon split described in
Section 4.1. Because this comparison follows the fixed-horizon protocol, its probe
score differs slightly from the primary recoverability result in Table 1, which uses the
variable-length continuation protocol and an 83-example test split.
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Fig. 1 Comparison of future-decoding methods at H = 16 on the fixed-horizon test split. Token-
oriented latent decoders and the linear semantic probe require no additional autoregressive generation,
while rollout explicitly generates 3, 5, or 10 additional tokens. The dashed line denotes the mean-
embedding baseline.

The comparison includes the direct logit lens, a Tuned-Lens-style affine translator
inspired by Tuned Lens [1], and Future-Lens-style decoders [2]. The Tuned-Lens-
style baseline is trained specifically for this experiment rather than using a publicly
pretrained Tuned Lens checkpoint. All latent-decoding methods operate without addi-
tional autoregressive generation, whereas behavioral rollout explicitly generates m
additional tokens.

The linear semantic probe achieves a cosine similarity of 0.450, substantially
exceeding the direct logit lens (0.180), the Tuned-Lens-style affine translator (0.144),
and Future-Lens-style decoding with m = 3,5, and 10 (0.218, 0.229, and 0.253, respec-
tively). The probe advantage over Future-Lens-style decoding remains significant at
every tested budget; at m = 10, the paired-bootstrap 95% confidence interval for the
probe advantage is [0.164, 0.229].

The Tuned-Lens-style affine translator performs below the direct logit lens in this
setting. This result should be interpreted narrowly: the translator is trained from
scratch on the available 403-example training split using a next-token cross-entropy
objective, whereas the reported comparison evaluates continuation-level semantic sim-
ilarity. It therefore characterizes the tested affine-decoder configuration rather than
establishing a general performance ordering between Tuned Lens and direct logit-lens
methods.

Explicit autoregressive computation produces a different pattern. Rollout-3 reaches
0.406; although its mean score is below the semantic probe, the difference is not statis-
tically significant. Rollout-5 and rollout-10 increase performance to 0.583 and 0.835,
respectively. Thus, under this fixed-H = 16 setting, direct continuation-level seman-
tic readout is substantially stronger than the tested token-oriented latent-decoding
alternatives without additional autoregressive decoding steps, while sufficiently long
behavioral rollout achieves higher continuation-level semantic similarity.
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Fig. 2 Probe-rollout margin across prediction horizons, rollout budgets, and semantic encoders.
Positive values indicate that the hidden-state probe is closer to the full continuation target than
the corresponding behavioral rollout. The observed mean margin increases with horizon for all 12
encoder—budget combinations. All conditions use the same 87 held-out test examples.

As an additional diagnostic, a nonlinear MLP semantic probe reaches only 0.281.
This result indicates that the tested nonlinear readout does not improve over the linear
probe under the present configuration, but it does not imply that future semantics are
intrinsically limited to a linear representation.

5.5 Horizon, Rollout Budget, and Semantic Space Jointly
Determine Probe Competitiveness

The previous results show that behavioral rollout can be highly competitive with
the hidden-state probe, but this comparison depends on how far into the future the
semantic target extends and how much additional generation is allowed. We therefore
evaluate the probe-rollout margin

A(Hv m, E) = Sprobc(Hv E) - Srollout(Ha m, E)
across prediction horizons
H € {16,48,96,192, 256},

rollout budgets

m € {3,5,10,20},
and three semantic target encoders. All conditions use the same 87 held-out examples
from the common fixed-horizon split, preventing changes in sample composition from
confounding the horizon comparison.

Figure 2 shows a consistent descriptive horizon effect. Across all 12 encoder—budget
combinations, the observed mean probe-rollout margin increases monotonically as the
target horizon becomes longer. Thus, for a fixed rollout budget, explicit generation
becomes progressively less advantageous relative to the probe as the semantic target
extends farther into the future. This pattern is observed for MiniLM, BGE, and E5
despite their different embedding geometries. Full paired-bootstrap confidence inter-
vals for all conditions are reported in Supplementary Information (Online Resource
1), Section B.3.
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The observed rollout parity budget is also non-decreasing with horizon for all three
semantic encoders. For MiniLM, five generated tokens are sufficient at H = 16 and
H = 48, whereas ten are required from H = 96 onward. BGE requires up to 20
tokens at H = 256, while E5 requires at least 10 tokens at the shortest horizon and 20
tokens from H = 96 onward. The complete parity table is reported in Supplementary
Information (Online Resource 1), Section B.3.

The semantic encoder changes where this parity point occurs. MiniLM, BGE, and
E5 differ in how embeddings of short prefixes relate to embeddings of complete contin-
uations, shifting the rollout budget required to reach the probe. The apparent strength
of behavioral rollout therefore depends not only on rollout length but also on the
semantic space in which partial and full continuations are compared.

The longest tested rollout nevertheless remains stronger throughout the evalu-
ated range. For m = 20, the probe-rollout margin is negative at every horizon and
for all three semantic encoders, and its paired-bootstrap 95% confidence interval
remains below zero in all 15 encoder—horizon conditions. Thus, no crossover against the
strongest tested rollout is observed through H = 256; instead, its advantage narrows
systematically as horizon increases.

This pattern yields a horizon—compute trade-off. The probe obtains its semantic
prediction directly from a hidden state already available before continuation genera-
tion, whereas rollout requires additional sequential decoding. Moreover, the observed
marginal semantic gain per additional rollout token decreases monotonically across all
15 encoder—horizon conditions. Taken together, these results do not support univer-
sal superiority of semantic probing over explicit rollout. Rather, the probe provides a
computation-efficient semantic estimate whose relative competitiveness increases for
more distant targets, while sufficiently long rollout remains more accurate within the
tested regime.

5.6 Semantic Recoverability Generalizes Across Models and
Decoding Strategies

We next examine whether future-semantic recoverability is specific to the Pythia-1.4B
anchor model. Table 4 summarizes the best passive probe performance across four
Pythia sizes and three Qwen models. The effect remains remarkably stable across the
tested models: probe cosine ranges from 0.4020 to 0.4312 despite substantial differences
in parameter count and architecture.

Within the Pythia family, all four model sizes retain a substantial advantage over
their mean-embedding baselines, with margins of 0.195, 0.178, 0.197, and 0.207 for
410M, 1.0B, 1.4B, and 2.8B, respectively. The absolute probe scores show no clear
monotonic relationship with model size: the 1.0B model yields the lowest value at
0.4020, while the 2.8B model is only slightly above the 410M and 1.4B models.
Thus, within the tested range, semantic recoverability appears to be a broadly shared
property rather than one that emerges only beyond a particular scale.

The finding also transfers across architecture families. Qwen2.5-1.5B achieves a
probe cosine of 0.4284, nearly identical to the Pythia-1.4B anchor value of 0.4283,
while outperforming its mean-embedding, random-match, lexical, and logit-lens base-
lines. Qwen3-1.7B and Qwen3-4B similarly achieve probe cosines of 0.4274 and
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Table 4 Future-semantic
recoverability across model families
and scales under the primary variable-
length continuation protocol. Probe
cosine is reported at the best passive
layer evaluated for each model using
the MiniLM semantic target space.

Family Model Probe cosine

410M 0.4260
. 1.0B 0.4020
Pythia - "/p 0.4283
2.8B 0.4312

Qwen2.5 1.5B 0.4284
1.7B 0.4274

Qwen3 p 0.4094

0.4094, respectively, and both remain above their strongest tested weak and token-
identity controls. These replications indicate that the effect is not specific to Pythia’s
architecture or training configuration.

We further test whether the result depends on deterministic greedy decoding. On
Pythia-1.4B, replacing greedy decoding with sampling at temperature 0.8 and top-
p = 0.95 reduces the probe cosine from 0.4283 to 0.3508. However, the corresponding
mean-embedding baseline also decreases from 0.2310 to 0.2042, and retrieval Recall@5
remains high at 0.699 compared with 0.735 under greedy decoding. Thus, stochastic
generation weakens predictability, as expected because the continuation contains addi-
tional sampling variability, but the hidden state still carries substantial information
about the semantics of the sampled future output.

Overall, future-semantic recoverability persists across all tested model sizes, two
architecture families, and both deterministic and stochastic decoding. At the same
time, neither model size nor architecture exhibits a simple monotonic relationship with
probe performance. The next question is whether this broadly decodable information
is merely correlational or can also be used to causally influence subsequent generation.

5.7 A Probe-Derived Sentiment Direction Causally Steers
Future Semantics

We next test whether the probe-derived sentiment direction can be used to causally
influence subsequent generation rather than serving only as a passive readout. Figure 3
summarizes the final sentiment-steering margins across all evaluated models. In every
case, intervention along the probe-derived sentiment direction produces a larger mean
shift in the intended direction than the matched random-direction control, providing
evidence that this direction is not purely diagnostic.

Several patterns stand out. First, the mean steering margin is positive for every
tested model, and every replicate-level interval remains above zero. Thus, the advan-
tage of the probe-derived sentiment direction over matched random perturbations is
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Fig. 3 Sentiment-steering margins across models. Points show mean steering margins and horizontal
bars show 95% Student-t intervals over five evaluation-seed means. Filled markers denote models for
which a full steering-specific layer sweep was performed; hollow markers denote models evaluated only
at the passive-best tested layer. Positive values indicate that intervention along the probe-derived
sentiment direction changes continuation semantics more strongly in the intended direction than a
matched random-direction control.

consistent across the evaluated steering replicates and is not confined to a single archi-
tecture or scale. Second, the magnitude of the effect varies substantially across models.
Qwen2.5-1.5B shows the largest observed steering margin at 0.1283, while Pythia-
2.8B shows the smallest at 0.0087. Third, these differences do not follow a simple
scaling trend: for example, Pythia-410M yields a larger margin than Pythia-1.0B and
Pythia-2.8B, while Qwen3-4B exceeds Qwen3-1.7B. The complete numerical summary
is provided in Supplementary Information (Online Resource 1), Section C.2.

These results support the conclusion that the tested probe-derived sentiment direc-
tion is not purely diagnostic. Intervening along this direction systematically biases
subsequent generation in the intended sentiment direction relative to equally scaled
random perturbations. At the same time, the variation in effect size across models
suggests that causal steerability of this direction is not determined solely by passive
semantic decodability. We therefore next examine how sentiment-steering effectiveness
depends on intervention layer and how it relates to passive semantic decodability.

5.8 Passive Decodability and Sentiment Steering Differ Across
Tested Layers

The preceding results show that the tested probe-derived sentiment direction can
causally influence future generation, but they do not imply that the layer with the
strongest passive semantic signal is also the most effective tested intervention point.
We therefore compare passive probe performance and sentiment steering across model
depth. Figure 4 shows the full layer profile for the Pythia-1.4B anchor model.

For Pythia-1.4B, passive decodability increases substantially toward later layers,
reaching its maximum cosine of 0.4283 at layer 20. Sentiment steering remains near
zero through most early and middle layers before increasing sharply in the final portion
of the network. Layer 20 yields the largest observed mean steering margin of 0.0452
with a replicate-level 95% interval of [0.0367, 0.0537], while layer 24 also produces
a positive mean margin of 0.0311. A direct comparison between layers 20 and 24
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Fig. 4 Passive semantic decodability and sentiment steerability across layers in Pythia-1.4B. The
upper panel shows passive probe cosine, and the lower panel shows mean sentiment-steering margins
with replicate-level 95% Student-t intervals over five evaluation-seed means. The dotted line marks
layer 20, which yields both the highest passive probe score and the largest observed steering margin.
Despite this overall alignment, the interval for layer 16 lies below zero while passive decodability
remains relatively high.

does not show clear separation under the evaluated replicates, suggesting a relatively
broad region of effective late-layer intervention rather than a sharply isolated layer
preference.

The correspondence is nevertheless far from monotonic. In particular, layer 16
achieves a passive probe cosine of 0.407, close to the best passive layers, but produces
a negative mean steering margin of approximately —0.007, with its replicate-level
interval entirely below zero. Across the seven tested layers, the Pearson correlation
between passive probe cosine and steering margin is 0.615 (p = 0.14), indicating
a positive but statistically inconclusive association. Thus, high passive decodability
alone is insufficient to predict the sign or magnitude of sentiment steering.

This relationship also differs across models. Table 5 compares models for which a
steering-specific layer scan was performed. Pythia-1.0B exhibits a strong dissociation:
its passive-best layer is 13, whereas the largest observed sentiment-steering margin
occurs at layer 6. Qwen2.5-1.5B likewise achieves its best passive decoding at layer
24 but its largest observed steering margin at layer 28. The discrepancy is particu-
larly large for Qwen3-1.7B, whose passive-best layer is 24 while its strongest tested
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Table 5 Comparison of passive-best and best-performing tested sentiment-steering layers for models with
steering-specific layer scans. “Aligned” denotes identical or closely neighboring layers, while “dissociated”
denotes a substantial shift between the two best-performing tested layers.

Model Passive-best  Largest-margin tested layer Margin ~ Relationship
Pythia-1.0B 13 6 0.0317  Dissociated
Pythia-1.4B 20 20 0.0452  Aligned

Qwen2.5-1.5B 24 28 0.1283  Dissociated
Qwen3-1.7B 24 14 0.0306  Dissociated

Qwen3-4B 32 31 0.0740  Approximately aligned

sentiment-steering effect occurs at layer 14. In contrast, Pythia-1.4B and Qwen3-4B
show approximate alignment between the two layer profiles.

The layer dependence is further complicated by exploratory sign reversals. In addi-
tion to the negative margin at layer 16 of Pythia-1.4B, Pythia-1.0B exhibits a negative
steering margin at layer 4 whose replicate-level interval also lies below zero. Because
multiple layers are examined with independently pilot-selected intervention scales,
these sign reversals are treated as exploratory observations rather than confirma-
tory evidence for a layer-specific mechanism. They nevertheless illustrate that strong
passive semantic decodability does not guarantee that intervention along the tested
sentiment direction will move generation in the expected direction at every depth.

Taken together, the results support a distinction between where future semantics
can be read out and where the tested sentiment direction is most effective for inter-
vention. These properties sometimes align, as in Pythia-1.4B and Qwen3-4B, but can
diverge substantially in other models. Passive semantic decodability and sentiment
steerability should therefore be treated as related but separate, model- and layer-
dependent properties rather than assuming that the best probing layer is automatically
the best intervention layer.

6 Discussion

The results reveal that future-continuation semantics are accessible from current hid-
den states, but the interpretation of this accessibility depends critically on how it is
measured and how the representation is used. In this section, we discuss what seman-
tic recoverability does and does not imply, how explicit rollout changes the notion
of predictive advantage, and why passive decoding and causal intervention should be
treated as related but distinct questions.

6.1 What Does Future-Semantic Recoverability Mean?

The central passive result is that the model’s current hidden state contains linearly
accessible information about the semantics of its own future continuation. This pat-
tern is observed across multiple model families and scales and remains visible under
MiniLLM, BGE, and E5 target spaces. Shuffled-target controls further show that recov-
ery depends on the correspondence between a prompt representation and its own
continuation rather than only on the marginal geometry of continuation embeddings.
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The stronger prompt-semantic controls, however, qualify how this result should be
interpreted. Under MiniLM, the hidden-state probe significantly outperforms a ridge
model that predicts continuation semantics directly from the prompt embedding, indi-
cating continuation-predictive structure beyond that captured by an external semantic
representation of the prompt. Under BGE and E5, the corresponding differences are
small and not statistically significant. Thus, continuation semantics are recoverable
across embedding spaces, but the extent to which this recoverability exceeds prompt-
level semantic predictability is representation-dependent. This also reinforces that
raw cosine values should not be treated as an encoder-independent measure of future
information.

The latent-decoding comparison provides a complementary perspective. Under the
evaluated Pythia-1.4B, H = 16, MiniLM condition, direct semantic probing outper-
forms the tested Tuned-Lens-style affine translator and Future-Lens-style semantic
reconstruction procedures. This result is specific to the evaluated small-data affine
configurations and does not establish a general ordering over latent-decoding meth-
ods. Likewise, the failure of the tested nonlinear MLP probe to improve over ridge is
consistent with simple linear accessibility in this setting, but does not imply that the
underlying representation is intrinsically linear.

These findings should therefore not be interpreted as evidence that the model stores
a fully specified future sequence before generation begins. The probe predicts a seman-
tic representation rather than an exact token trajectory, and multiple continuations
can share similar semantics. The most robust conclusion is that future-continuation
semantics are partially accessible from the pre-generation hidden state, while how
much of that accessibility is distinct from prompt semantics depends on the representa-
tion used to define meaning. This leaves open both the internal mechanism underlying
the readout and how directly the recovered semantic structure determines subsequent
token-level generation.

6.2 Semantic Lookahead as a Horizon—Compute Trade-off

The rollout experiments substantially refine how semantic lookahead should be
interpreted. Against weak representation-level controls and stronger latent future-
decoding methods, the direct semantic probe is clearly competitive. In particular,
the tested Tuned-Lens-style affine translator and Future-Lens-style decoding config-
urations remain well below the probe without additional autoregressive generation.
However, once the comparison allows the model to generate additional tokens, behav-
ioral rollout becomes progressively stronger. At H = 16, the probe is statistically
comparable to a three-token rollout, whereas five- and ten-token rollouts clearly out-
perform it. Thus, semantic probing should not be framed as universally more accurate
than explicit generation.

Under the evaluated conditions, the observed ordering places the tested latent-
decoding configurations below direct semantic readout, while short rollout is compet-
itive with the probe and longer rollout is stronger. The first two approaches extract
information from the current hidden state without additional autoregressive steps,
whereas rollout obtains new information through sequential computation. Directly
decoding continuation-level semantics therefore appears substantially more effective
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than first reconstructing future token identities and then converting them into a
semantic representation, at least under the evaluated conditions.

The more informative comparison is the trade-off between prediction horizon and
additional autoregressive computation. As shown in Figure 2, for every tested semantic
encoder and rollout budget, the probe-rollout margin increases as the target horizon
grows. A fixed number of revealed tokens therefore becomes progressively less infor-
mative about increasingly distant continuation semantics. Consistent with this trend,
the smallest rollout budget required to match the probe is non-decreasing with horizon
across all three semantic spaces.

A full crossover against the strongest tested rollout is not observed. An m = 20
rollout remains more similar to the full continuation than the probe for every evaluated
horizon up to H = 256. The result therefore does not support the stronger claim
that hidden-state probing eventually dominates sufficiently long rollout. Instead, it
shows that the relative advantage of explicit generation narrows systematically as the
semantic target extends farther into the future.

This distinction matters computationally because the approaches obtain infor-
mation in different ways. Once the current hidden state has been computed,
latent decoding and semantic probing require no additional autoregressive genera-
tion, whereas rollout requires m sequential decoding steps. At the same time, the
marginal semantic gain from additional rollout tokens decreases across all tested
encoder—horizon combinations. Longer rollout remains effective, but increasingly more
sequential computation is required to maintain its advantage for distant targets.

The semantic target space introduces an additional dimension to this trade-off.
MiniLM, BGE, and E5 differ in how short prefixes relate to complete continuations in
embedding space, shifting the rollout budget required to reach parity with the probe.
Consequently, the apparent strength of rollout is not a property of the language model
alone; it also depends on the semantic representation used for evaluation.

Taken together, these findings characterize semantic lookahead as a horizon—
compute-representation trade-off. Direct semantic probing provides a strong zero-
generation estimate of future continuation semantics, while explicit rollout exchanges
additional sequential computation for increasingly direct evidence about the future.
The relevant question is therefore not which method is universally superior, but
how much additional computation is required to obtain a desired level of semantic
information at a given prediction horizon.

6.3 Passive Readout and Causal Intervention Are Distinct

The causal steering results show that the tested probe-derived sentiment direction is
not purely diagnostic. Across all evaluated models, intervention along this direction
produces a positive mean steering margin relative to a matched random-direction
control. This indicates that the tested sentiment direction can causally shift subsequent
generation relative to matched random perturbations.

However, the layer-wise analyses show that passive semantic decodability and the
effectiveness of the tested sentiment intervention should not be treated as the same
property. Under the evaluated pilot-selected intervention scales, the layer with the
strongest passive probe performance is not always the layer with the largest observed
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sentiment-steering margin. Pythia-1.0B, Qwen2.5-1.5B, and Qwen3-1.7B show clear
shifts between their passive-best and best-performing tested steering layers, whereas
Pythia-1.4B and Qwen3-4B show approximate alignment. The observed relationship
therefore varies across models and tested layers rather than following a universal
pattern.

The Pythia-1.4B layer profile in Figure 4 further illustrates why a high passive
probe score should not be interpreted as direct evidence of effective sentiment steering.
Layer 16 retains relatively strong passive recoverability, yet the corresponding steering
margin is negative, with its replicate-level interval lying below zero. A similar oppo-
sitely signed margin appears at layer 4 of Pythia-1.0B. Because these observations
arise from layer-wise analyses with independently pilot-selected intervention scales,
they are treated as exploratory rather than as evidence for a specific layer-wise causal
mechanism. They nevertheless illustrate that a representation can support semantic
readout while intervention along the corresponding probe-derived sentiment direction
fails to move generation in the expected direction.

One possible interpretation is that linear decodability identifies directions corre-
lated with future semantics without guaranteeing that those directions coincide with
the local causal geometry governing generation. Information may be readable from a
representation because it is redundantly encoded, transformed for downstream use,
or correlated with other variables that support prediction. Intervention, by contrast,
requires that perturbation along a particular direction propagate through subsequent
computation in a way that affects output semantics. Our experiments do not distin-
guish among these mechanisms, but they show empirically that readout quality alone
is insufficient to determine intervention efficacy.

This distinction also cautions against selecting steering layers solely from passive
probe performance. For Pythia-1.0B, evaluation at the passive-best layer produced a
near-zero steering margin, whereas a steering-specific sweep identified a substantially
larger observed margin at an earlier layer. In contrast, Pythia-1.4B shows approxi-
mate alignment between the passive-best layer and the best-performing tested steering
layer under the evaluated pilot-selected intervention scales. Intervention-layer selec-
tion should therefore be treated as a separate empirical problem rather than inferred
directly from passive probe quality.

Overall, the results show that passive semantic accessibility and the effectiveness of
the tested sentiment intervention need not exhibit the same layer-wise pattern. Their
degree of alignment varies across models and tested layers, with exploratory analyses
also revealing oppositely signed margins at selected depths. These observations moti-
vate separate intervention validation when passive probe performance is used to select
steering layers.

6.4 Methodological Lessons from Steering Evaluation

The steering experiments also provide a methodological lesson about how causal-
intervention results can be distorted by intervention scale, limited evaluation replica-
tion, or the assumption that a single layer is representative of the whole model. In
the present experiments, each of these factors materially affected the interpretation of
initially anomalous results.
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The first case involved Pythia-2.8B. Under an initial single evaluation with a fixed
raw intervention magnitude, its steering margin was only 4.23 x 1075, suggesting little
measurable steerability. Norm-relative scaling increased the margin but still left the
effect small. Under the finalized protocol, however, Pythia-2.8B achieves a mean steer-
ing margin of 0.0087 with a replicate-level 95% interval of [0.0050, 0.0124]. Because
these intervals summarize variation across evaluation seeds that resample both eligi-
ble prompts and matched random controls, this result is better interpreted as showing
that the initial near-zero observation was not representative of the finalized evaluation
procedure, rather than as evidence of a scale-specific steering failure.

Pythia-1.0B revealed a different issue. At the passive-best layer, the mean steering
margin remained approximately zero even after norm-relative scale selection,

—0.00002, replicate-level 95% interval = [—0.0031, 0.0030].

A steering-specific layer sweep, however, identified a much larger observed margin at
layer 6: 0.0317 with a replicate-level 95% interval of [0.0230, 0.0404]. The apparent
model-level failure was therefore better explained by the choice of intervention layer
than by an absence of measurable sentiment-steering effects. This finding motivated
the broader comparison between passive semantic decodability and sentiment-steering
effectiveness in Section 5.8.

These cases suggest two practical requirements for activation-steering studies.
First, intervention effects should be evaluated across multiple evaluation replicates
when their magnitude is small relative to run-to-run variation, with the source of that
variation stated explicitly. Second, passive probe quality should not be used as the
sole criterion for selecting an intervention layer. A layer can support strong passive
readout yet weak or oppositely signed intervention effects, while another layer may
yield a substantially larger steering margin.

More broadly, anomalous steering results should be diagnosed before being inter-
preted as architectural or scaling effects. Here, one apparent failure changed after scale
normalization and replicated evaluation, while another changed after layer-specific
intervention analysis. The resulting conclusion is therefore more limited but also bet-
ter supported: the tested probe-derived sentiment intervention produces positive mean
margins relative to matched random controls across all evaluated models, while the
observed magnitude and best-performing tested layer vary substantially across models
under the pilot-selected intervention scales.

7 Limitations and Future Work

Several limitations define the scope of the conclusions. First, the horizon—rollout anal-
ysis covers continuation horizons up to H = 256 tokens and rollout budgets up to
m = 20. Although the probe becomes increasingly competitive as the target horizon
grows, the strongest tested rollout remains superior throughout the evaluated range,
so the results do not establish an eventual crossover. In addition, the fixed-horizon
analysis uses the common subset of prompts whose continuations extend to at least
256 tokens before termination. This design keeps the evaluated examples identical
across horizons, but conditions the analysis on relatively long generation trajectories;
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the observed horizon trends may therefore not generalize to prompts whose continua-
tions terminate earlier. Extending both horizons and rollout budgets while including
shorter trajectories would clarify the generality of the observed trade-off.

Second, continuation semantics are operationalized using MiniLM, BGE-base, and
E5-base. Recoverability is observed across all three spaces, but both absolute cosine
values and rollout parity depend strongly on embedding geometry. More impor-
tantly, the hidden-state probe shows a statistically reliable advantage over the learned
prompt-semantic control under MiniLLM, but not under BGE or E5. Thus, the amount
of continuation-predictive information that can be separated from prompt-level
semantic predictability is itself representation-dependent. Future work should con-
sider additional semantic representations, including task-specific or multidimensional
targets.

Third, the prediction targets are the language models’ own generated continua-
tions. This design directly measures information about each model’s future behavior,
but does not establish whether the same hidden states predict human-written ref-
erences, externally desired outputs, or alternative valid continuations. The prompt
set is also relatively modest and combines templated and WikiText-derived inputs.
Because the partitions are formed at the prompt level, the same slot-template frame
can occur across training, validation, and test splits with different topic fillers. Per-
formance may therefore overestimate generalization to previously unseen template
structures. Broader tasks and more diverse prompt distributions would strengthen
claims of generality.

Fourth, the evaluated language models are base, non-instruction-tuned models
from the Pythia and Qwen families. Instruction-tuned and conversational models may
organize future-semantic information differently because of alignment and instruction-
following objectives. Extending the analysis to instruct and chat models, as well as
additional architecture families, is therefore an important direction.

Fifth, the comparison with latent future-decoding methods is concentrated on the
Pythia-1.4B anchor condition, with the primary comparison conducted at H = 16
in the MiniLM semantic space. The Future-Lens-style comparison is a continuation-
level semantic adaptation rather than an exact reproduction of the original method’s
native evaluation protocol, and the Tuned-Lens-style affine translator is trained specif-
ically on the available small-data split. The MLP probe is likewise included only as
a nonlinear diagnostic rather than an exhaustive nonlinear baseline. Broader cross-
model, cross-horizon, and native-metric comparisons would provide a more complete
characterization of these decoding approaches.

Sixth, the causal analysis is limited to a single probe-derived sentiment direction,
and steering-specific layer sweeps are not equally exhaustive across models. The final-
ized steering evaluation uses five evaluation seeds whose variation reflects held-out
prompt subsampling and matched random-control sampling while keeping the learned
direction and intervention scale fixed; the resulting replicate-level intervals therefore
do not capture uncertainty from probe retraining or alternative train—validation splits.
Passive probing is also evaluated primarily under a fixed split. Moreover, oppositely
signed steering margins at selected layers are exploratory observations obtained after
examining multiple layers with independently pilot-selected intervention scales and are
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not interpreted as evidence for a specific mechanism. Future work should test addi-
tional semantic directions, repeat probe and steering estimation across independent
data splits, and examine how interventions propagate across layers.

Overall, these limitations constrain the scope of the interpretation rather than the
observed empirical patterns. Future work should broaden model and task coverage,
extend the horizon—compute regime, evaluate additional semantic representations and
latent decoders, and more fully characterize the relationship between passive semantic
accessibility and targeted causal intervention.

8 Conclusion

This study investigated whether autoregressive language-model hidden states con-
tain information predictive of the semantics of their own future continuations before
those continuations are explicitly generated. Across Pythia and Qwen models and
multiple semantic embedding spaces, these continuation semantics are consistently
recoverable with a simple linear probe. Prompt-semantic controls qualify this result:
the hidden-state probe shows a statistically reliable advantage over a learned prompt-
to-continuation baseline under MiniLM, whereas the corresponding advantages under
BGE and E5 are small and not statistically distinguishable from zero. Direct encoder
contrasts and repeated-split analyses further indicate that the additional hidden-
over-prompt signal is strongest and most stable under MiniLM. Thus, semantic
recoverability from the hidden state is robust, while the extent to which it exceeds
prompt-level semantic predictability depends on the representation used to define the
target.

Comparison with alternative decoding strategies further characterizes this accessi-
bility. In the evaluated fixed-horizon Pythia-1.4B condition, direct semantic probing
outperforms the tested small-data Tuned-Lens-style and Future-Lens-style affine
decoding configurations and has a higher mean score than a three-token behavioral
rollout, although their paired difference is not statistically distinguishable from zero;
longer rollouts are stronger. Across horizons from 16 to 256 tokens, the probe becomes
increasingly competitive relative to fixed rollout budgets, and the rollout budget
required to match it is non-decreasing. Semantic accessibility of the model’s own future
continuation is therefore better understood as a horizon—compute-representation
trade-off than as unconditional superiority of either probing or explicit generation.

The tested probe-derived sentiment direction also shifts subsequent generation
relative to matched random perturbations. Under the evaluated pilot-selected inter-
vention scales, the best-performing tested steering layer aligns with the best passive
readout layer in some models and differs substantially in others. Exploratory sign
reversals at selected depths further illustrate that strong passive decodability does not
guarantee an intervention effect in the expected direction. These findings establish a
distinction between passive semantic accessibility and the effectiveness of the tested
sentiment intervention, without implying a universal layer-wise relationship across
semantic directions.
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Taken together, the results support the presence of linearly accessible semantic
structure predictive of a model’s own subsequent generation before that genera-
tion is explicitly produced. They do not imply that a complete future response
is precomputed or that the same conclusions necessarily apply to externally sup-
plied or human-authored continuations. Rather, semantic lookahead characterizes
measurable structure related to the model’s own future behavior whose interpre-
tation depends on prompt-level predictability, semantic representation, available
autoregressive computation, and intervention setting.

Supplementary Information. Additional probe results, robustness analyses,
causal-steering details, and reproducibility information are provided in Supplementary
Information (Online Resource 1).
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