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Abstract
Predicting how a sequence will continue is a basic
problem for intelligent systems. We show that
large language models contain usable forecast-
ing structure before any explicit time-series su-
pervision. A single linear readout from frozen
Qwen3-0.6B hidden states maps ordinary text
sequences to numerical trajectories that resem-
ble real time series, and those trajectories can
be used for straightforward forecasts. The dis-
tribution over output tokens also gives coherent,
non-crossing probabilistic forecasts in a single
forward pass. After time-series specialization,
pretrained models show aligned gradients and
improve immediately, whereas randomly initial-
ized models spend early training in a destructive-
interference regime. These findings suggest that
auto-regressive pretraining already shapes repre-
sentations around temporal continuation; and fine-
tuning adapts that structure to numerical forecast-
ing rather than creating it from scratch.

1. Introduction
Forecasting is a basic ingredient of intelligence. Agents
need to predict continuations, reason about uncertain futures,
and act on expectations about what comes next. The same
problem appears in time-series forecasting, such as weather
and climate models, planning, and probabilistic reasoning
under uncertainty.

Recent work has shown that large auto-regressive foundation
models, trained only to predict the next token of text, can
forecast in domains they were never trained on (Gruver
et al., 2023; Jin et al., 2023; Zhou et al., 2023; Wolff et al.,
2025). This transfer is empirically real but mechanistically
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unclear: some studies attribute it to architectural biases or
tokenization (Tan et al., 2024; Zheng et al., 2025; Zhang
et al., 2025), while others find substantial gains in low-data,
cross-domain, and distribution-shift settings (Riachi et al.,
2025; Qiu et al., 2026; Bayazi et al., 2024). We ask a more
basic question:

What makes a model capable of forecasting?

We test the hypothesis that large-scale auto-regressive pre-
training organizes representations into predictive temporal
structure that can be rapidly specialized into a forecasting
system. Language sequences contain repetition, trends, pe-
riodicity, and long-range dependencies. Predicting the next
token therefore forces a model to encode information about
continuation. The resulting hidden states, even before time-
series exposure, can already trace trajectories that resemble
real numerical signals.

Contributions. We give four pieces of evidence:

1. A linear projection from frozen Qwen3-0.6B hidden
states decodes realistic time-series trajectories from En-
glish text, without paired supervision (Sec. 3).

2. These projected trajectories forecast future values via
retrieval, beating a last-value baseline before any time-
series finetuning (Sec. 4).

3. Auto-regressive token distributions already produce co-
herent, non-crossing probabilistic forecasts in a single
forward pass (Sec. 5).

4. When forecasting supervision is added, pretrained mod-
els exhibit aligned gradients and rapid convergence
from step one, indicating that finetuning specializes pre-
existing predictive structure rather than building it (Sec.
6).

These results recast cross-modal forecasting transfer as a
consequence of the sequential-prediction objective that de-
fines language pretraining.
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2. Forecasting Setup
We repurpose a Qwen3-0.6B auto-regressive language
model (Yang et al., 2025) as a probabilistic time-series fore-
caster by casting forecasting as next-token prediction over
discretized values. This minimal modification lets us study
both the pretrained model’s latent forecasting capability and
the dynamics of later specialization.

Discretization. Given a univariate series, we extract slid-
ing windows of length C + L with C=512 and prediction
horizon L=64. Each window is normalized using context-
window statistics and quantized into V=1024 uniform bins
over [−5, 5]. Following Roger et al. (2025), bin indices are
mapped directly to the first V vocabulary slots of the pre-
trained model so that the auto-regressive distribution over
the LLM’s output tokens is, by construction, a distribution
over future numerical bins.

Probabilistic objective. When finetuning, the model
is trained with a weighted quantile loss over Q =
{0.1, . . . , 0.9} following Chronos Bolt (Ansari et al., 2024):

L =
1

T |Q|

T∑
t=1

∑
τ∈Q

ρτ (yt − q̂t,τ ) , (1)

where ρτ (u) = u(τ − 1[u < 0]) is the standard quantile
regression check function. Output logits are softmaxed into
a categorical distribution over ordered bins and inverted to a
CDF; arbitrary quantiles are then extracted in a single pass.

Adaptation regimes. We compare four regimes that dif-
fer only in trainable parameters: full finetuning, IO only
(only input embeddings and output head trained), LoRA at-
tention (Hu et al., 2021) (r=8), and LoRA Attention+IO.
Models are trained on sliding windows from GiftEval (Aksu
et al., 2024) with AdamW, batch size 128, bf16. Evalua-
tion uses 1,000 held-out windows under CRPS, MASE, and
MSE, following GluonTS conventions (Alexandrov et al.,
2020). Full hyperparameters, metric definitions, and addi-
tional results are in Appendix A.

3. Latent Forecasting Structure in Pretrained
LLMs

We first ask whether forecasting-compatible structure exists
before any time-series training. Concretely: can a simple
linear map, trained without any paired text–time-series su-
pervision, project frozen LLM hidden states onto realistic
time-series windows?

Method. We pass N=1,920 WikiText-103 sequences
(Merity et al., 2016) of T=512 tokens through frozen
Qwen3-0.6B. For each token t in sequence i we form

Figure 1. Realistic time series decoded from frozen LLM text
representations. Three decoded outputs (blue) overlaid with their
nearest real GiftEval window (green); input text shown above each
plot (gray). No paired supervision was used. MSE ∈ [0.23, 0.38].

hi,t ∈ RD by concatenating the hidden states of all 28
layers (D = 28× 1024 = 28,672). A single linear layer

ŷi,t = w⊤hi,t + b (2)

produces a scalar at each timestep, yielding a predicted
trajectory ŷi ∈ RT that we z-score normalize.

We train w with an EM-style nearest-neighbor matching
procedure against a bank of M=10,000 real GiftEval win-
dows. At each step we sample K=128 candidates per pre-
diction, choose j⋆i = argminj

1
T ∥ŷi−Yj∥2, and minimize

an MSE-to-nearest term plus a PSD diversity penalty:

L = 1
B

∑
i

1
T ∥ŷi −Yj⋆i

∥2

+ λ
|P|

∑
(i,j)∈P cos

(
si, sj

)
, (3)

where si = |FFT(ŷi)|2, λ = 0.5; trained with Adam (η=
10−3, B=32, 100 epochs).

Result. Across the 1,920 training predictions, nearest-
neighbor matches span 686 distinct real time series; 36% of
predictions map to a unique real signal rather than collapsing
onto a single mode (Fig. 1). On 1,000 held-out WikiText se-
quences never seen during training, mean nearest-neighbor
MSE is 0.72 (vs. 0.67 on training text), confirming the
structure is a property of the pretrained representation space
rather than an artifact of fit.

What creates this structure? A 2×2 ablation crossing
model weights (pretrained vs. random init, same architec-
ture) with input (WikiText vs. random tokens) gives a sharp
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Figure 2. Forecasting future values by retrieving from a bank
of pretrained text projections. The first 256 steps (left of the
dashed line) are used to retrieve the closest WikiText projection;
its second half (purple) forecasts the continuation, capturing the
level shift and trend that last-value carry-forward (gray dashed)
misses (retrieval MSE 0.42 vs. LV 11.7).

contrast: random initialization drops unique coverage to
2.8% (54 matches), and random tokens through pretrained
weights collapse it to 0.2% (4 matches). Only the combi-
nation of pretrained weights and meaningful text produces
diverse temporal trajectories (Appendix B). Auto-regressive
language pretraining is therefore what produces this struc-
ture.

4. Retrieval-Based Forecasting from
Pretrained Representations

The decoding result shows that pretrained hidden states
can trace realistic trajectories. We next ask whether those
trajectories carry predictive signal: given the first half of a
real time series, can a retrieved text projection forecast its
continuation?

Method. We take 500 real GiftEval series and observe
only the first 256 of 512 timesteps. Among the 10,000
WikiText projections obtained in Sec. 3, we retrieve the
one with lowest MSE on the observed first half and use its
second half as the forecast for the remaining 256 steps. The
baseline is Last-Value carry-forward (LV).

Result. Across all 500 queries, the retrieval-based fore-
cast achieves MSE 1.91 versus last-value’s 2.27—a 16%
reduction with no time-series training and no model param-
eters touched. The mechanism behind this aggregate gap is
asymmetric: retrieval wins on 37% of queries, but when it
wins the median advantage has 4 times lower MSE because
the retrieved projection captures trends and level shifts that
last-value misses. Figure 2 shows a representative case.

Interpretation. This suggests that pretrained language
models encode more than shape-level similarity to time
series: they encode continuation structure. The same auto-
regressive computation that predicts the next text token
traces hidden-state trajectories whose continuations are in-
formative about how unrelated numerical signals will con-
tinue. Formally, the residual stream defines a deterministic
update ht+1 = F (ht, xt+1) whose trajectories {w⊤ht} re-
cover realistic future-prediction signal under a linear readout.

Forecasting capability, by this measure, predates time-series
supervision.

5. Probabilistic Forecasting from Token
Distributions

A second piece of pre-existing forecasting structure appears
in the uncertainty estimates. After modest finetuning, the
auto-regressive distribution over the LLM’s output tokens
defines a categorical distribution over ordered numerical
bins. Cumulative summation yields a discrete CDF

F̂ (b | x<t) =
∑
k≤b

pθ(k | x<t), (4)

and arbitrary quantiles are extracted by inversion: q̂τ =
inf{b : F̂ (b | x<t) ≥ τ}. Three properties follow directly:

• Coherent, non-crossing quantiles by construction. As
all quantiles are read from a single CDF, q̂τ1 ≤ q̂τ2
whenever τ1 ≤ τ2.

• Any quantile from a single forward pass. Unlike fixed-
grid quantile regression or quantile-conditioned models,
the cost of producing hundreds of quantiles is nearly
constant after the logits are computed and can be changed
at inference time.

• No interpolation between sparse quantile heads. The
full predictive distribution is the model’s native output.

This is not an auxiliary forecasting head added to the LLM.
It is the auto-regressive distribution already produced by the
model, reinterpreted as a forecasting distribution because
the token inventory has been ordered along a numerical axis.
Probabilistic forecasting, like trajectory structure, is present
in rough form before specialization; supervision calibrates
it for the numerical task.

6. Fast Specialization Through Finetuning
If forecasting structure already exists in the pretrained
model, then finetuning should behave like specialization: a
rapid adjustment of an already useful representation rather
than construction from scratch. We test this in two ways.

Coherent gradients from step one. Mircea et al. (2025)
attribute slow progress in language models to zero-sum
learning: per-example gradients disagree, so reducing loss
on one example raises it on another. We compute per-sample
gradients gi = ∇θL(xi; θ) over 32 held-out time series at
each checkpoint and measure the mean off-diagonal cosine
alignment 1

N(N−1)

∑
i̸=j cos(gi,gj). Figure 3 shows that

pretrained models exhibit high gradient alignment from step
one and CRPS descends immediately, whereas randomly
initialized models sit near zero alignment for tens to hun-
dreds of steps before loss begins to fall. The pattern holds in
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Figure 3. Coherent gradients from step one. Per-sample gradient
alignment (left axis; mean off-diagonal cosine over 32 held-out
series) and CRPS evaluation loss (right axis) versus training step
(log scale). Solid: language-pretrained (LangInit). Dashed: ran-
dom initialization (RandInit). Across all four regimes, pretrained
models exhibit high alignment immediately and loss falls from
step one, while random initialization remains near-zero alignment
until step 64–256, at which point loss begins to decline.

Figure 4. Rapid specialization across four adaptation regimes.
Forecasting metrics versus training step at h=1. Solid lines:
language-pretrained initialization; dashed lines: random initial-
ization; dotted horizontals: baseline performance. Language-
pretrained models converge faster and to lower error in every
regime; LoRA-based methods match full finetuning.

all four regimes (including IO-only, where the transformer
backbone is frozen) indicating that the coherent learning
signal lives in the pretrained representation, not in any par-
ticular adapter.

Rapid convergence and low-rank specialization. Fig-
ure 4 compares the four adaptation regimes under both ini-
tializations. Pretrained models converge faster and reach
lower forecasting error in every regime; the gap is largest in
the first 10–100 steps. LoRA-based methods (which modify
only a small low-rank subspace) match full finetuning, indi-
cating that specialization requires only a low-dimensional
adjustment of the pretrained representation rather than a
wholesale rewrite. The effective-data analysis (Hernandez
et al., 2021) formalizes this: full finetuning saves DT ≈6.8×
in training steps, attention-only LoRA 5.2×, and LoRA+IO
3.4× relative to random initialization (Appendix C).

The two panels show the same pattern from different angles:
useful learning signal is available at step one, and aligning
it with the time-series objective requires movement in only
a small subspace.

7. Discussion
Forecasting as a consequence of auto-regressive pretrain-
ing. Our results support a single claim: language pretrain-
ing builds a system whose representations are organized for
sequential prediction, and forecasting is one behavior this
system can express without being explicitly taught. The

same hidden states that predict the next text token (i) trace
realistic numerical trajectories under a linear readout (Sec.
3); (ii) carry continuation signal usable for retrieval-based
forecasting before any time-series training (Sec. 4); (iii)
define a native probabilistic forecast over ordered bins (Sec.
5); and (iv) provide an aligned-gradient signal that lets adap-
tation succeed immediately (Sec. 6). Finetuning specializes
this pre-existing predictive structure; it does not invent it.

Connection to forecasting-capable foundation models.
This account reconciles disagreements about when language
pretraining helps forecasting. If the asset being transferred
is reusable future-prediction structure, the advantage should
be largest where limited data cannot establish that struc-
ture on its own—low-data, cross-domain, and distribution-
shift settings—matching the empirical picture (Riachi et al.,
2025; Qiu et al., 2026). It also makes low-rank adaptation a
principled choice: if specialization mainly redirects an al-
ready prepared system, the required update should be small
and structured rather than a full rewrite.

Predictive world models. The mechanism we study is
not specific to language. Any sufficiently trained auto-
regressive sequence model whose representations carry tem-
poral structure should support similar forecasting transfer;
language is a particularly rich source of such structure, not
the only one. This is consistent with reports that vision-
pretrained backbones (Chen et al., 2024; Roschmann et al.,
2025) and embedding geometries (Huh et al., 2024; Jha
et al., 2025) share predictive structure across modalities. In
this framing, forecasting capability is less tied to a particular
domain than to large-scale next-step prediction.

Limitations. All experiments use a single backbone
(Qwen3-0.6B), one pretraining corpus, and one tokenization
scheme; this interpretation is consistent with our results but
has not been verified at larger scale. The retrieval forecast
beats last-value on 37% of queries, with the aggregate gap
driven by large wins where projections capture trends and
level shifts. Future work should characterize which series
the latent structure already supports and which still require
explicit supervision. Finally, “forecasting emerges from
auto-regressive pretraining” describes a dominant mecha-
nism we observe; fully separating contributions of pretrain-
ing data, architecture, and scale will require interventions
beyond this paper’s scope.

Conclusion. Large-scale auto-regressive pretraining ap-
pears to provide much of what forecasting requires. Pre-
trained language models already encode realistic temporal
trajectories, support retrieval-based future prediction, and
define coherent probabilistic forecasts, all before explicit
forecasting supervision. Finetuning turns this latent pre-
dictive structure into a forecasting system through a low-
dimensional, low-cost adjustment. On this view, forecasting
is not constructed only at downstream training time; it is
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partly inherited from the act of training a model to predict
the next step.
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A. Experimental Setup and Metrics
A.1. Hyperparameters

Table 1. Hyperparameter configuration for all forecasting experiments.

Category Parameter Value

Model Base model Qwen3-0.6B
Architecture Qwen3ForCausalLM (default config)

Tokenizer

Scaling Z-score (mean/std from context)
Binning Uniform
Vocab size (V ) 1024
Bin range [−5, 5]
Use EOS token No

Training

Optimizer AdamW
Learning rate {1, 3} × 10−4, {1, 3} × 10−3

LR schedule Linear warmup + cosine decay
Warmup ratio 3%
Precision bf16 (mixed)

Batching Effective batch size 128
Epoch length 5,000 steps

Data

Dataset GiftEval Pretrain (152 sub-datasets)
Context length 512
Target length 64
Window stride 600

Loss
Loss function Quantile (pinball) loss
Quantiles {0.1, 0.2, . . . , 0.9}
Softmax temperature 10−2

Evaluation
Eval samples 1,000 held-out windows
Eval horizons h ∈ {1, 64}
Eval strategy auto-regressive

LoRA

Rank (r) 4, 8
Alpha (α) 16, 32
Dropout 0.05
Targets (Attn) q proj, k proj, v proj, o proj

Reproducibility Random seed 420
Compute usage ≈12 hours on 8×A100 per model

A.2. Evaluation Metrics

Following GluonTS (Alexandrov et al., 2020), all metrics are computed per-sequence and macro-averaged across sequences.
Time steps with NaN ground truth are masked. We report:

CRPS: approximated as CRPSapprox = 2
∑

q wqQLq(y, ŷ) over quantile levels.

MSE / RMSE / MAE: standard point-forecast metrics on the median prediction.

MASE: MAE/[ 1
H−m

∑H
t=m+1 |yt − yt−m|] with seasonality m selected by frequency.

NRMSE / ND / MAPE / sMAPE / wMAPE: scale-normalized variants with ϵ = 10−8 to prevent division by zero.

Directional Accuracy: fraction of horizon points whose sign of change relative to the last observed value is predicted
correctly.
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Pearson: linear correlation between predicted and true horizon.

A.3. Full Result Tables

Table 2. Single-step (h=1) forecasting at training step 128. All NanoTS variants use Qwen3-0.6B. Best within each section in bold.

Model CRPS↓ MSE↓ MAE↓ MASE↓ RMSE↓ NRMSE↓ ND↓ MAPE↓ sMAPE↓ wMAPE↓ DA↑

Pr
et

ra
in

ed

Full Finetune 49.51 10461 27.60 1.561 27.60 0.286 0.286 0.286 0.175 0.199 0.453
IO Only 59.56 84846 66.53 3.430 66.53 0.614 0.614 0.614 0.300 0.250 0.469
LoRA Attn 20.10 8818 24.68 1.607 24.68 0.243 0.243 0.243 0.168 0.107 0.478
LoRA Attn+IO 22.54 11220 26.11 1.702 26.11 0.270 0.270 0.270 0.174 0.124 0.450

R
an

do
m

In
it Full Finetune 151.8 415339 180.4 7.819 180.4 0.914 0.914 0.914 0.532 0.463 0.542

IO Only 111.6 280932 142.3 6.565 142.3 0.706 0.706 0.706 0.462 0.313 0.540
LoRA Attn 154.5 430387 182.2 7.872 182.2 0.917 0.917 0.917 0.532 0.481 0.535
LoRA Attn+IO 50.68 59864 62.90 3.438 62.90 0.599 0.599 0.599 0.281 0.220 0.476

B
as

el
in

es

Chronos-Bolt 14.94 5409 18.91 0.934 18.91 0.240 0.240 0.240 0.146 0.096 0.678
Chronos-T5 29.88 12764 32.99 1.212 32.99 0.173 0.173 0.173 0.124 0.073 0.646
Chronos-2 10.89 2886 13.38 0.830 13.38 0.192 0.192 0.192 0.133 0.077 0.724
ARIMA 11.94 3327 14.86 0.805 14.86 0.201 0.201 0.201 0.138 0.083 0.708
Qwen3 Text 213.5 2.6M 213.5 376667 213.5 39508 39508 39508 0.563 19754 0.503

Figure 5. Training progression of all h=1 metrics across training steps for the four regimes. Solid: pretrained; dashed: random init; dotted
horizontals: baselines. Pretrained initialization helps most in the first 100 steps and remains better after convergence.
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B. Latent-Decoding Experiment: Additional Results
B.1. Fair top-K comparison

Table 3. Fair top-K comparison across ablation conditions. For each condition, we take the best-K unique nearest-neighbor matches and
report mean MSE. “—” indicates fewer than K unique matches available. Text + PT achieves the lowest MSE at every K.

K text + PT text + RandInit rand + PT rand + RandInit

4 0.254 0.383 0.330 0.412
54 0.350 0.721 — 0.755
99 0.383 0.825 — 0.862

200 0.441 0.971 — 1.004
439 0.535 — — —
686 0.639 — — —

B.2. What creates the latent forecasting structure?

Figure 6. 2× 2 ablation crossing model weights and input. Top-left: pretrained + text—diverse, structured trajectories. Top-right:
pretrained + random tokens—outputs collapse to a few modes. Bottom-left: random weights + text—noisy variation without structure.
Bottom-right: random weights + random tokens—unstructured. Only pretrained weights and meaningful text together produce diverse
temporal signals.
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C. Effective Data Transfer

Figure 7. Effective data transfer (Hernandez et al., 2021). CRPS (h=1) versus training steps per regime, comparing language-pretrained
initialization (solid) against the fully-finetuned random-init baseline (dashed). DT is the multiplicative reduction in training steps needed
to reach a given performance.

Let LR(d) and LP (d) denote validation losses after training for d tokens with random and pretrained initializations. For a
target loss ℓ, the inverse L−1

· (ℓ) gives the number of training tokens needed to reach it. Following Hernandez et al. (2021),
the effective data transferred at ℓ is

DT (ℓ) := L−1
R (ℓ)− L−1

P (ℓ).

A positive DT indicates that language pretraining reduces the forecasting data required to reach loss ℓ.

Across regimes, pretrained initialization reaches a target CRPS in substantially fewer steps than random initialization. Full
finetuning saves DT =6.8, attention-only LoRA saves DT =5.2, LoRA+IO saves DT =3.4, and IO-only saves DT =2.3.
A rank-8 LoRA adapter retains most of the pretrained advantage, which indicates that specialization moves in a small,
structured subspace of the pretrained representation rather than reconfiguring it.
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D. Catastrophic Forgetting Under Forecasting Specialization

Figure 8. Effective rank during specialization. Mean effective rank across all 28 layers. Left: on time-series input, randomly initialized
models start near-isotropic (∼440) and collapse to ∼10 within 500 steps; pretrained models decline more gradually from a much lower
baseline (∼50) to ∼27. Transparent lines show CRPS on a secondary axis. Right: on text input, pretrained models’ effective rank falls
from ∼165 to ∼25 (85% reduction) while perplexity rises, consistent with catastrophic forgetting of language-specific directions as the
model specializes into forecasting.

The trajectory analysis is consistent with the representation phases of Li et al. (2025): random initialization undergoes a
warmup collapse followed by entropy-seeking expansion; pretrained initialization skips the warmup collapse and instead
redistributes capacity, preserving the directions most useful for predicting the next step in a numerical sequence.
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