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Abstract

The Jacobian lens transports a residual-stream vector into the final-layer basis with the average
input—output Jacobian, lens;(h) = unembed(J;h), reading the tokens a model is silently disposed
to say later; the resulting “J-space” has been proposed as an emergent workspace. Reasoning
(“thinking”) models make this claim newly testable: they externalize their reasoning as an explicit
<think> trace, which provides a ground-truth future to check the silent readout against. On
Qwen3-8B with a pretrained Jacobian lens, evaluated on a held-out, reasoning-typed probe suite,
we read the silent workspace at positions inside the model’s own thinking trace and ask whether
it anticipates the tokens the model goes on to write. It does: the silent readout lands in the
realized near-future thinking window with recall 0.88 versus a frequency-controlled floor of 0.15,
and the effect is uniform across four reasoning types (recall, multi-hop, analogy, arithmetic).
A horizon sweep with the immediate next token ezcluded shows the readout genuinely reaches
beyond next-token prediction (excluded recall rising from 0.01 to 0.41 as the window widens).
We are candid about the limits: on this clean excluded-next metric the Jacobian lens holds
only a small edge over an ordinary logit-lens readout (peak gap +0.025), and two planned
axes—a thinking-versus-non-thinking ablation and causal steering—were not run. We also
report a methodological finding: on a chat/reasoning model that answers in prose, a first-token
answer-fidelity metric does not transfer, which is precisely why reading inside the trace is the
right probe.

1 Introduction

A model that will emit a token does not decide to at the last instant; the disposition is present,
silently, in earlier layers. The logit lens [6] reads such dispositions by projecting a hidden state
through the unembedding; the tuned lens [2] sharpens that readout. The Jacobian lens [1] transports
a residual vector through the average input—output Jacobian J; = E[0hgina)/0h;| before decoding,
lens;(h) = unembed(J;h), and frames the set of these silent readable dispositions as a low-dimensional
workspace (J-space) in which a model holds a thought before writing it down.

The workspace framing invites an obvious question that base models cannot answer directly:
does the silent workspace actually predict what the model will say? A reasoning model answers it.
Such a model, prompted to think, writes an explicit <think> trace before its answer, and that trace
is a ground-truth “future”: the tokens the model did go on to produce. We can therefore read

*Corresponding author: deep@lab.cloud



Does the silent workspace anticipate the thought?

the silent workspace at a position partway through the trace and check it against the model’s own
realized reasoning. On Qwen3-8B [8], a hybrid-thinking model, with the pretrained Jacobian lens
released for it [5], we make this measurement on a held-out probe suite. Contributions:

o a trace-alignment test showing the silent readout anticipates the model’s realized near-future
reasoning tokens, far above a frequency-controlled floor (§4);

e a horizon sweep with the immediate next token excluded, isolating how far ahead the
readout reaches, and an honest account of the small margin by which the Jacobian lens beats
an ordinary logit-lens readout (§5);

« a methodological finding—first-token answer fidelity does not transfer to a chat/reasoning
model that answers in prose (§3)—which motivates reading inside the trace.

2 The Jacobian lens and setup

For a residual vector h at layer [, lens;(h) = unembed(J;h) with J; = E[Ohfna/Ohy] estimated over a
corpus. We use the pretrained neuronpedia lens for Qwen3-8B-Instruct [5], fit on Salesforce/wikitext
[4]; the model is frozen and the lens is loaded, not fit.

Probes and splits. 200 hand-built probes, 50 in each of four reasoning cells (single-fact recall,
multi-hop, analogy, arithmetic), group-aware split 145 train / 55 test; the lens-fitting corpus is
disjoint from all probes.

Trace-alignment metric. For each probe we build the prompt with thinking enabled and greedily
generate a bounded <think> trace. At sampled positions ¢t along the trace we read the lens at the
last position of (prompt + generated tokens up to t) and take its top-1 token. We score whether
that top-1 lands in the model’s realized future window gen[t+1 : t+1+H]| (future-recall), and, as a
clean “reaches beyond the next token” measure, in gen[t+2 : t+1+H] (next-token-excluded recall).
The best readout layer is chosen on a held-out half of probes and reported on the other half. A
shuffled-trace floor pairs each top-1 with a different sample’s future window, controlling for token
frequency. We compare the J-lens against the logit lens throughout.

3 Reading position: the last prompt token is not the answer

On a reasoning model the natural base-model readout—the lens at the last prompt position—does
not read the answer: its top tokens are <think> and “ponder,” i.e. the model’s silent disposition
there is to begin thinking. Reading at the answer onset (the first token after </think>) also fails as a
fidelity probe: only 42/200 probes close </think> within a 256-token budget, and a chat/reasoning
model answers in prose (“The capital of France is Paris”), so the first post-</think> token is a
sentence preamble, not the gold entity—both the J-lens and logit lens score 0.0 first-token Hit@1.
This is a metric-transfer failure, not a lens failure, and it motivates reading inside the trace, where
the “next token” is a genuine content token.

4 Trace alignment: the silent workspace anticipates the reasoning

Reading the lens at 604 positions inside the held-out traces, the silent J-lens readout lands in
the model’s realized near-future thinking window (horizon H=24) with recall 0.879, versus a
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Anticipation holds across reasoning types
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Figure 1: Trace-alignment future-recall (H=24) by reasoning type. The dashed line is the frequency-
controlled shuffled floor; anticipation holds across all four cells.

frequency-controlled shuffled floor of 0.131 (a lift of 0.75). The logit lens is a close companion at
0.869. So the workspace genuinely anticipates the model’s own reasoning, validated against the
trace as ground truth. The effect is uniform across reasoning types (Fig. 1): future-recall is
0.90 (recall), 0.93 (multi-hop), 0.87 (analogy), 0.83 (arithmetic) type.

5 How far ahead? A horizon sweep

To ask how far the readout reaches, we sweep the horizon H and, crucially, also report recall with
the immediate next token excluded (Fig. 2). Future-recall rises and saturates near 0.88 by H~24
for both lenses. The excluded-next recall rises from = 0.01 at H=2 to 0.41 at H=48 for the J-lens
(logit 0.40), confirming the readout points at tokens that recur later in the reasoning, not merely
the next one. The honest caveat is the margin: on this clean excluded-next metric the Jacobian lens
sits above the logit lens at every horizon > 8 but by only +0.025 at its peak (H=16-32). The two
readouts are largely comparable at reaching ahead; the Jacobian’s linear future-transport adds little
over the identity readout inside a coherent reasoning trace. We state the headline as the workspace
anticipates the reasoning, not the Jacobian lens is much better than the logit lens.

6 Limitations

(i) The Jacobian lens’s edge over the logit lens is small on the excluded-next metric; our positive
claim is about the workspace, not about the lens beating the logit baseline. (ii) We did not run a
thinking-versus-non-thinking ablation, so we cannot say the workspace is sharpened by thinking.
(iii) We did not run causal steering, so alignment here is correlational, not causal. (iv) The generation
budget (< 384 tokens) closes </think> on only about half the probes; the trace-alignment metric
does not depend on closing, but a larger budget would broaden the analysis. (v) We study one
model (Qwen3-8B); a horizon-sweep with a next-token-excluded floor and larger models are natural
extensions.
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Figure 2: Horizon sweep. Left: future-recall vs. horizon for both lenses, far above the shuffled floor.
Right: recall with the immediate next token ezcluded—both lenses reach beyond the next token;
the J-lens leads by a small margin.

7 Related work

The logit lens [6] and tuned lens [2] are our readout baselines; the Jacobian lens and its workspace
framing [1] are the method we probe. Anticipating tokens a model will emit several steps later
from a single hidden state was studied by Future Lens [7]; we validate the silent readout against a
reasoning model’s realized <think> trace rather than its final output. Reading a model’s disposition
against its own realized generation also connects to work on self-consistency of chain-of-thought and
to activation-level intervention [3, 9]; our contribution is to use a reasoning model’s explicit trace as
ground truth for the silent readout, and to measure how far ahead of the pen that readout reaches.

8 Conclusion

On an open reasoning model, the silent J-space workspace demonstrably anticipates the model’s
own near-future reasoning tokens, uniformly across reasoning types and well above a frequency
floor, validated against the model’s realized <think> trace—a test only a thinking model affords.
The honest counterweight is that a plain logit-lens readout does nearly as well, so the workspace’s
predictive power is not specific to the Jacobian transport. We hope the trace-as-ground-truth
methodology, and the next-token-excluded horizon measure, are useful to others studying what
reasoning models are about to say.

Availability. All artifacts (the analysis code, a pointer to the pretrained neuronpedia lens, and

the 200-probe suite with splits) are available from the authors on request. Total compute =~ 1.5
GPU-hours.
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